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1.1 Background and Motivation

In an era where technology increasingly permeates every aspect of hu-
man life, the way we interact with these technologies has become a crucial
determinant of their success and adoption. While technological advance-
ment often focuses on improving functionality and performance, the human
experience of using these technologies - their intrusiveness, their demands
on our attention, and their integration into our daily routines - has emerged
as an equally critical consideration [1, 2]. This is particularly evident in
healthcare and assistive technologies, where the effectiveness of a solution
must be balanced against its impact on the user’s quality of life [3, 4].

Traditional approaches to health monitoring and assistive technologies
often prioritize accuracy and reliability over user experience. Consider
continuous glucose monitoring systems that require frequent calibration
through finger pricks [5], or sensory substitution devices that demand sig-
nificant cognitive effort from users [6]. While these solutions provide valu-
able functionality, their intrusive nature can lead to reduced compliance,
user fatigue, and ultimately, diminished effectiveness. The challenge lies
not just in creating functional technologies, but in developing solutions that
work harmoniously with natural human behaviour and perception [7, 8].

Recent advances in sensing technology, artificial intelligence, and our
understanding of human perception have opened new possibilities for more
non-invasive approaches. Emerging research in affective computing demon-
strates that technologies can be made more intuitive by incorporating emo-
tional awareness [9, 10]. Studies in crossmodal perception reveal how dif-
ferent sensory modalities naturally interact [11], suggesting paths toward
more organic sensory substitution systems. However, these advances often
develop in isolation, missing opportunities for synergistic integration.

The need for low-impact solutions extends beyond mere user comfort.
When technologies demand less conscious attention and adapt more natu-
rally to human behaviour, they can achieve better outcomes. This has been

demonstrated in various contexts, from healthcare monitoring to assistive
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devices for sensory impairment [12, 13].

Understanding human perception and emotion plays a crucial role in de-
veloping truly non-invasive solutions. The way humans naturally process
and respond to sensory information, including the critical role of emotional
processing, must inform the design of these technologies [9, 10]. The effec-
tiveness of unobtrusive approaches has been demonstrated across multiple
domains, this understanding enables the development of systems that not
only minimize physical intrusion but also reduce cognitive load and emo-
tional burden on users.

Despite these advances and insights, significant gaps remain in our abil-
ity to create truly low-impact technological solutions. Integration of emo-
tional awareness in sensory substitution [ 14] and creation of natural human-
machine interfaces all present ongoing challenges. This thesis addresses
these gaps through a multifaceted approach that combines theoretical un-
derstanding of human perception with practical applications in sensing and
interface design.

This research aims to advance the field of unobtrusive technologies
through several interconnected investigations. By examining the role of
emotion in crossmodal perception, developing new approaches to affect-
aware computing, and creating novel sensing solutions, this work contributes
to the broader goal of developing technologies that enhance human capa-
bilities while minimizing their impact on natural behaviour and experience.

INTRODUCTION
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1.2 Research Objectives

This thesis aims to advance the development of unobtrusive technolog-
ical solutions that enhance quality of life while maintaining natural human
interaction patterns. The research is driven by the hypothesis that under-
standing and incorporating human emotional and perceptual processes can
lead to more effective and acceptable solutions in both healthcare monitor-
ing and sensory assistance.

Research Framework

Central Research Hypothesis
Human-centred design approaches to sensing and
affective technologies can improve user
acceptance and efficacy in healthcare applications

Chapter 2 Chapter 3 Chapter 4
Crossmodal Perception and Affective Computing and Sensing Technology and
Emotion Emotion Recognition Calibration

| |

Investigating Emotion's
Role in Audiovisual
Associations

Age-related differences in

crossmodal perception

* Emotion as mediatorin
audiovisual associations

* Quantitative frameworks for

measuring emotional

Developing Emotion-
Aware Technologies

Validation methodologies for
FER algorithms

« Emotion-congruent sensory

substitution
Technology-enhanced
therapeutic interventions

Advancing Non-
Invasive Sensing

* Optimized calibration for
glucose monitoring

+ Breath analysis for disease
detection

* Rapid spectrophotometric
analysis for efficient
screening

mediation

Chapter 5
Conclusions and Future Work

Figure 1.1. Research framework outlining the three main research areas
investigated in this thesis: understanding human perception and emotion
(Chapter 2), developing emotion-aware technologies (Chapter 3), and ad-
vancing non-invasive sensing (Chapter 4). Each area contributes to the
central hypothesis that human-centred design approaches to sensing and
affective technologies can improve user acceptance and efficacy in health-
care applications.
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As shown in Figure 1.1, each research area directly addresses specific
gaps identified in the current literature. The investigation of crossmodal
perception and emotional mediation (Chapter 2, green) extends beyond
existing work by examining age-related differences and quantifying emo-
tional influence in sensory integration. The development of emotion-aware
technologies (Chapter 3, light blue) advances the state of the art through
standardized validation methodologies for FER algorithms and novel ap-
plications in sensory substitution and therapeutic contexts. Finally, the ad-
vancement of non-invasive sensing (Chapter 4, pink) pushes beyond current
approaches by fundamentally reconsidering calibration strategies, measure-
ment protocols, and analysis speed to enhance user experience while main-
taining technical performance. Together, these research areas create a com-
prehensive framework that extends significantly beyond the current state of
the art in human-centred healthcare technologies.

Primary Objectives
The primary objectives of this research are:
1. Understanding Human Perception and Emotion

* Investigate the role of emotion in crossmodal perception
* Develop frameworks for quantifying emotional responses

 Establish the relationship between emotion and user acceptance
2. Developing Emotion-Aware Technologies

* Create systems that adapt to and work with human emotional

processes

* Establish methodologies for validating emotion recognition sys-

tems

* Design interfaces that reduce cognitive and emotional burden
3. Advancing Non-Invasive Sensing Solutions

INTRODUCTION
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* Develop sensing approaches that minimize user intervention
* optimise calibration strategies to reduce system invasiveness

* Explore alternative measurement techniques that prioritize user

comfort

Scope and Impact

The scope of this research encompasses theoretical investigation, sys-
tem development, and practical validation. While the specific applications
range from sensory substitution to healthcare monitoring, they converge on
the common goal of developing more non-invasive solutions. The research
explicitly considers both the technical performance of these solutions and
their impact on user experience, recognising that success requires excel-
lence in both dimensions.

This work contributes to multiple fields, including human-computer in-
teraction, assistive technology, and healthcare monitoring. By focusing on
the development of unobtrusive solutions, it addresses a critical need in
these domains while advancing our understanding of how to create tech-
nologies that work in harmony with natural human processes.
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1.3 Thesis Structure

This thesis is organised into five chapters, followed by two appendices
that provide complementary research in related domains:

Main Chapters

Chapter 2: Crossmodal Perception and Emotion
Establishes the theoretical foundation with the aim of understanding how
humans integrate information across different sensory modalities. Presents
original research on the role of emotion in audiovisual associations, with
particular focus on its implications for developing more natural human-
machine interfaces.

Chapter 3: Affective Computing and Emotion Recognition
Explores the translation of theoretical understanding into practical systems.
Presents novel methodologies for emotion recognition and validation, in-
cluding the development of universal testing protocols and emotion-aware
interfaces.

Chapter 4: Sensing Technology and Calibration
Addresses the practical challenges of low-impact unobtrusive sensing solu-
tions. Focuses on novel approaches to sensor calibration and alternative
measurement techniques that minimize user intervention while maintain-
ing reliability.

Chapter 5: Conclusions and Future Work
Synthesizes the findings from previous chapters and discusses their impli-
cations for the field. Identifies emerging opportunities and challenges in
developing unobtrusive technological solutions.

Appendix A: Interfaces presented in the ASSISI experiment
Shows the form and pretest presented to subjects during the ASSISI exper-
iment, presented in Chapter 2.

Appendix B: Explorations in Art and Perception
Presents complementary research on human perception through artistic ex-

INTRODUCTION
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pression, including studies on artificial creativity and mathematical foun-
dations of aesthetic perception.
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CHAPTER 2

CROSSMODAL PERCEPTION AND
EMOTION
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2.1 Theoretical Background

2.1.1 Introduction to Crossmodal Perception

In many everyday situations, our senses are bombarded by different
unisensory signals. To gain the most accurate and least variable estimate
of environmental stimuli and properties, our brain needs to combine indi-
vidual noisy unisensory perceptual estimates that refer to the same object,
while keeping those estimates belonging to different objects or events sep-
arate [15]. This process of combining information from different sensory
modalities has been historically viewed within a modular paradigm, with
vision considered the dominant sensory modality, self-contained and inde-
pendent of other senses [15]. However, research over the past decades
has revealed that visual perception can be strongly altered by sound and
touch, and such alterations can occur even at early stages of processing,
as early as primary visual cortex [15, 16, 17, 18]. This view of vision as
the dominant modality has been reinforced by classic studies of crossmodal
interactions, where experimenters artificially imposed a conflict between vi-
sual information and information conveyed through another modality, and
reported that the overall percept is strongly dominated by vision [15, 19,
20]. For example, in the ventriloquism effect, the perceived location of
sound is captured by the location of the visual stimulus [15, 19, 20]. Vi-
sual capture of location also occurs in relation to proprioceptive and tactile
modalities [21, 22]. These effects are quite strong and have been taken as
evidence of visual dominance in perception [15]. Even for a function that is
generally considered to be an auditory function, namely speech perception,
vision has been shown to strongly alter the quality of the auditory percept,
as demonstrated by the McGurk effect where pairing the sound of syllable
/ba/ with the video of lips articulating syllable /ga/ induces the percept of
syllable /da/ [23, 15]. The ability to integrate information from multiple
senses provides several advantages in our interaction with the environment.
Each sense is optimal under different circumstances, and collectively they
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increase the likelihood of detecting and identifying events or objects of in-
terest. However, these advantages are surpassed by those afforded by the
ability to combine different sources of information. In this case the inte-
grated product reveals more about the nature of the external event and
does so faster and better than would be predicted from the sum of its in-
dividual contributors [15]. A striking example of this integration is shown
in Figure 2.1, where the perception of visual motion can be dramatically
altered by the presence of sound, demonstrating how our brain integrates
information across modalities to create a coherent perceptual experience
[24, 25]. To achieve successful integration, the brain must solve what is
known as the "binding problem" - determining which of the many stimuli
presented in different modalities at any one time should be bound together
[26, 27]. This is a complex computational challenge, as the brain must de-
termine not only which signals belong together but also how to optimally
combine them given their different reliabilities and the potential conflicts
between them. Recent theoretical frameworks suggest that the brain may
solve this problem through Bayesian inference, weighing different sources
of information according to their reliability and prior knowledge about their
relationship [26, 28, 29, 30].

a b

AN

. . ~50-150 ms
Streaming Bouncing —_—— 1

Figure 2.1. Examples of crossmodal perceptual effects [15]. (a) The
streaming-bouncing illusion: Two identical visual objects moving towards
each other can be perceived either as streaming through or bouncing off
each other. The addition of a sound at the moment of coincidence biases
perception towards bouncing [24]. (b) Temporal integration window: Vi-
sual and auditory stimuli presented within approximately 50-150ms can be
integrated into a unified percept [15, 31, 32].

CROSSMODAL PERCEPTION AND EMOTION
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Research has identified several key factors that influence this binding
process. Traditionally, the majority of cognitive neuroscience research on
multisensory perception has focused on understanding the spatial and tem-
poral factors modulating multisensory integration [26, 33, 22]. Broadly
speaking, multisensory integration is more likely to occur the closer the
stimuli in different modalities are presented in time [26, 31, 32]. The tem-
poral window of integration, typically ranging from about 50 to 150 mil-
liseconds (Figure 2.1b), provides flexibility in combining signals that may
have different processing latencies while still maintaining their causal re-
lationship [26]. Spatial coincidence has also been shown to facilitate mul-
tisensory integration under some conditions, although this is not univer-
sal [15, 34, 35]. Beyond these basic spatial and temporal factors, there
has been increasing interest in the role of both semantic congruency and
crossmodal correspondences in constraining the binding problem [26]. Se-
mantic congruency refers to the matching of stimulus identity or meaning
across modalities, while crossmodal correspondences describe systematic
associations between different sensory features, such as between auditory
pitch and visual size or brightness [36, 37]. These additional factors may
provide yet another important means of determining which stimuli should
be integrated, alongside the more traditionally studied spatial and temporal
coincidence [26]. Of particular interest is how these various factors interact
with emotional processing, as emotional content may serve as an additional
binding factor in multisensory integration [38, 39]. Jessen and Kotz (2013)
have suggested that emotional visual information may allow more reliable
predicting of auditory information compared to non-emotional visual infor-
mation, and Palmer et al. (2013) found that the emotional associations of
music and colour were strongly correlated [38, 39].

2.1.2 Fundamentals of Multisensory Integration

At the core of crossmodal perception is the ability of the brain to inte-
grate information from multiple sensory modalities. This process of mul-
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tisensory integration has been the focus of extensive research in cognitive
neuroscience. On a basic level, multisensory integration involves the combi-
nation of individual unisensory perceptual estimates that refer to the same
object or event, while keeping separate those estimates belonging to differ-
ent objects [15, 26]. This is a crucial function, as our senses are constantly
bombarded by a variety of signals from different modalities. By integrat-
ing relevant sensory cues, the brain can form a more accurate and stable
representation of the external environment [15]. The mechanisms under-
lying multisensory integration involve both low-level sensory processing
and higher-level cognitive factors. At the sensory level, crossmodal interac-
tions can occur as early as primary sensory cortices, challenging the tradi-
tional view of strictly segregated sensory pathways [15, 18]. Neuroimaging
and neurophysiological studies have demonstrated that stimulation in one
modality can modulate neural activity in ostensibly unisensory regions of
the cortex [16, 17]. A key aspect of multisensory integration is the "bind-
ing problem" - how the brain determines which of the many sensory signals
presented simultaneously should be grouped together as belonging to the
same object or event [26, 27]. This is a computationally complex challenge,
as the brain must not only identify which signals belong together, but also
how to optimally combine them given their varying reliabilities and poten-
tial conflicts. Recent theoretical frameworks, such as Bayesian integration
models, propose that the brain may solve this binding problem by weight-
ing different sensory cues according to their reliability and prior knowledge
about their statistical relationships [26, 28, 29]. These models suggest that
crossmodal correspondences, or systematic associations between sensory
features, may provide an important constraint on the crossmodal binding
process [26]. Beyond these basic principles, research has also explored
the various types of crossmodal interactions that can occur, ranging from
low-level sensory correspondences (e.g. between pitch and brightness) to
higher-level semantic and emotional associations [36, 37]. The neural sub-
strates underlying these different forms of crossmodal processing are an

active area of investigation [18, 26]. Overall, the study of multisensory in-
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tegration has revealed the dynamic and interconnected nature of sensory
processing in the brain, moving away from traditional modular views. Un-
derstanding the fundamental mechanisms of crossmodal perception is cru-
cial for advancing our knowledge of human perception and cognition, as
well as informing practical applications in fields such as human-computer
interaction and neurotechnology.

2.1.3 Main Theories and Models

The study of crossmodal perception has given rise to several influen-
tial theoretical frameworks and computational models aimed at explaining
the mechanisms underlying multisensory integration. One prominent the-
ory is multisensory integration theory, which posits that the brain optimally
combines information from different sensory modalities in order to form
the most reliable and accurate perceptual estimate of the external environ-
ment [28, 40]. This theory is grounded in the idea that sensory signals are
inherently noisy, and by integrating complementary cues, the brain can re-
duce overall perceptual uncertainty. Computational models based on this
framework, such as the influential Bayesian causal inference model, suggest
that the brain may accomplish this by weighting different sensory inputs
according to their relative reliability, as determined by factors like signal
reliability and prior knowledge [26, 30, 29]. Another important theoretical
perspective is that of crossmodal plasticity, which examines how the loss
or reorganisation of input from one sensory modality can lead to compen-
satory changes in the processing of other modalities [41, 42]. For example,
studies have shown that early visual deprivation can enhance auditory and
tactile perception, as the brain reallocates neural resources to process these
remaining sensory inputs more efficiently [43, 44]. This suggests a high
degree of flexibility in the brain’s sensory systems and their ability to adapt
to changes in the sensory environment. Statistical learning approaches pro-
vide another theoretical perspective, emphasizing how crossmodal associa-
tions may arise through the internalization of statistical regularities present
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in the environment [45, 27]. By tracking the co-occurrence of sensory sig-
nals, the brain can learn to bind together those that tend to reliably originate
from the same source, even if they are initially unrelated. This framework
helps explain the emergence of crossmodal correspondences, such as the as-
sociation between auditory pitch and visual size [26, 46]. Taken together,
these theoretical models offer complementary explanations for the diverse
phenomena observed in crossmodal perception. While they differ in their
specific mechanisms, they share the common view that the brain’s ability
to integrate information across senses is a fundamental aspect of human
perception and cognition, with important implications for understanding
sensory processing, learning, and adaptation.

2.1.4 Audiovisual Interactions

A specific focus of crossmodal perception research has been on the in-
terplay between auditory and visual information processing. Numerous
studies have demonstrated robust interactions between these two sensory
modalities, highlighting their tight integration in human perception. Key
studies in this area have revealed that the presentation of auditory and vi-
sual stimuli can significantly alter the perceptual processing of either modal-
ity alone. For example, Sekuler et al. (1997) showed that the addition of
a brief sound at the moment of visual collision can bias the perception of
two moving objects towards a bouncing, rather than streaming, trajectory
[24]. Similarly, Shams et al. (2000) found that a single flash of light paired
with multiple auditory beeps can induce the illusory perception of multiple
flashes [25]. These crossmodal illusions suggest that the brain integrates
auditory and visual information in a robust and automatic fashion. The
temporal and spatial relationships between auditory and visual stimuli have
been identified as crucial factors modulating these audiovisual interactions.
Studies have consistently shown that multisensory integration is most likely
to occur when the stimuli are presented in close temporal proximity, typi-
cally within a window of 50-150 milliseconds [15, 31, 32]. Spatial coinci-
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dence has also been found to facilitate audiovisual integration under some
conditions, although this is not a universal requirement [15, 34, 35]. Be-
yond these basic spatiotemporal factors, research has also highlighted the
importance of crossmodal correspondences in audiovisual processing [26].
Systematic associations between auditory features, such as pitch, and vi-
sual features, such as size or brightness, have been shown to significantly
influence how auditory and visual information is integrated and perceived
[38, 39].

2.1.5 Emotion in Crossmodal Processing

The role of emotion has emerged as an important factor in understand-
ing crossmodal perception and integration. Recent studies have suggested
that emotional content can serve as an additional binding mechanism, in-
fluencing how information from different sensory modalities is combined.
Jessen and Kotz (2013) proposed that emotional visual information may
allow more reliable prediction of accompanying auditory information, com-
pared to non-emotional visual cues [38]. Their research indicates that emo-
tional associations between audiovisual stimuli can facilitate neural pro-
cessing and integration of the multisensory percept. Similarly, Palmer et
al. (2013) found that the emotional associations of music and colour were
strongly correlated, with faster, major-mode music being paired with more
saturated, lighter, and yellower colours, while slower, minor-mode mu-
sic was associated with more desaturated, darker, and bluer colours [39].
These findings suggest that the emotional content of sensory signals plays
a crucial role in shaping crossmodal correspondences and multisensory in-
tegration. The neural mechanisms underlying the influence of emotion on
crossmodal processing are an active area of investigation. Studies have be-
gun to explore how emotional processing interacts with the brain’s systems
for binding information across sensory modalities, and how this interaction
may impact perceptual experience and behaviour. Overall, the research on
emotion in crossmodal perception indicates that affective factors cannot be
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overlooked when seeking to fully understand the complex and dynamic na-
ture of human multisensory integration. Integrating emotional influences
into theoretical models of crossmodal processing represents an important

frontier for future research in this field.
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2.2 The Role of Emotion in Audiovisual Asso-

ciations

The investigation of audiovisual associations has a rich history dating
back to the 1920s and 1930s. Early pioneers like [47] explored the relation-
ship between sound and colour, demonstrating that non-synesthetic individ-
uals could consistently match certain musical notes and harmonies with spe-
cific colours. This foundational work sparked decades of research into the
nature of crossmodal correspondences and their underlying mechanisms. In
a seminal study, [48] demonstrated that people without synaesthesia could
reliably match colours with musical selections, suggesting that these asso-
ciations were not limited to synesthetes but represented a more universal
aspect of human perception. Building on this work, [49] made a crucial
discovery: participants tended to choose similar colours for musical selec-
tions that evoked similar emotional responses. When participants disagreed
about the emotional evaluation of a piece of music, their colour associations
became inconsistent, providing early evidence for emotion as a mediating
factor in audiovisual associations. The role of emotion as a mediating fac-
tor in crossmodal associations has been substantiated by numerous studies
over the subsequent decades. Research has consistently shown that positive
emotions tend to be associated with brighter, more saturated colours, while
negative emotions are linked to darker, less saturated colours [50, 51]. Sim-
ilarly, in the auditory domain, major musical modes are typically associated
with positive emotions, while minor modes evoke more negative emotional
responses [52]. The emotional mediation hypothesis suggests that cross-
modal associations occur through shared emotional qualities between dif-
ferent sensory modalities. For instance, both a bright yellow colour and
an upbeat major-mode melody might evoke feelings of happiness, leading
to their association even though they are processed through different sen-
sory channels. This hypothesis has received strong support from contempo-
rary research showing consistent patterns of association between musical
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Figure 2.2. The 37 colours used in Palmer et al.’s study of music-colour as-
sociations, systematically varying in hue, saturation, and brightness. These
colours were used to demonstrate systematic relationships between musical
emotions and colour choices [39].

features and specific colour properties mediated by emotional responses.
A significant advancement in understanding these associations came from
studies examining the role of emotional congruence in audiovisual integra-
tion. [53] demonstrated that semantically congruent multisensory stim-
uli result in enhanced behavioural performance, while incongruent stimuli
can lead to performance decrements. This finding suggests that emotional
congruence plays a crucial role in how our brain processes and integrates
information from different sensory modalities. The neural basis of emo-
tionally mediated audiovisual associations has been increasingly revealed
through modern neuroimaging techniques. Studies have shown that both
early sensory areas and higher-order association cortices are involved in
processing emotionally congruent audiovisual information [26]. The supe-
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Figure 2.3. Brain regions involved in multisensory integration, showing the
network of areas that process emotionally congruent audiovisual informa-
tion. Adapted from [18].

rior temporal sulcus (STS) has emerged as a particularly important region
for integrating emotional information from different modalities. Research
has demonstrated that the STS shows enhanced activation when processing
emotionally congruent audiovisual stimuli compared to incongruent combi-
nations [ 18]. Recent studies have also highlighted the rapid nature of emo-
tional audiovisual integration. Event-related potential (ERP) studies have
shown that emotional congruence between auditory and visual stimuli can
influence neural processing as early as 100 milliseconds after stimulus onset
[54]. This suggests that emotional information plays a fundamental role in
the early stages of sensory integration, rather than being a later cognitive
process. The temporal dynamics of audiovisual integration are particularly
relevant when considering musical stimuli. [55] found that the emotional
intention of musical performers influenced listeners’ colour choices, with
specific correlations between expressed emotions and preferences for hue,
saturation, and brightness. These associations were found to be remarkably
consistent across different musical genres and instrumental timbres. [39]’s
comprehensive study provided strong evidence for emotion as the critical
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mediating factor in music-colour associations. Using a systematic approach
with carefully controlled stimuli (see Figure 1), they demonstrated that
people consistently chose colours whose emotional associations matched
the emotional qualities of the music they were hearing. This matching oc-
curred across cultures, suggesting a universal basis for these emotionally
mediated associations. Furthermore, research has shown that these au-
diovisual associations are not static but can be influenced by context and
experience [56]. Studies investigating crossmodal correspondences in chil-
dren and adults have revealed both developmental constants and changes
in how emotions mediate sensory associations. This suggests that while
some aspects of emotional mediation in crossmodal associations may be
innate, others are shaped by cultural and personal experience. The under-
standing of emotionally mediated audiovisual associations has important
implications for various fields, including multimedia design, artistic expres-
sion, and therapeutic applications [54]. For instance, this knowledge can
inform the development of more effective audiovisual interfaces, enhance
the emotional impact of multimedia artworks, and contribute to the de-
sign of sensory-based therapeutic interventions. These findings collectively
support a model where emotion serves as a fundamental binding factor
in crossmodal perception, facilitating the integration of information across
sensory modalities. This integration appears to operate at multiple levels,
from basic sensory processing to higher-order cognitive evaluation, suggest-
ing that emotion plays a crucial role in how we construct our unified sensory
experience of the world [26].
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2.3 Research Objectives and Chapter Overview

This chapter investigates the foundational role of emotions in cross-
modal perception through two interconnected studies that explore how
emotional responses mediate audiovisual associations. The research ad-
dresses fundamental questions about the nature of crossmodal correspon-
dences and their emotional underpinnings whilst providing practical in-
sights for the development of emotionally congruent multimodal interfaces.

The first study, presented during the 28th International Conference on
Auditory Display (ICAD) in Norrképing, Sweden in 2023 [57], examines
colour-sound mapping preferences across different age groups, investigat-
ing how children and adults associate musical elements with visual proper-
ties. This work aims to understand developmental aspects of crossmodal as-
sociations and establish whether consistent mapping patterns emerge across
age groups. The investigation employs a novel experimental protocol de-
signed to capture both explicit preferences and implicit associations, pro-
viding insights into the development of crossmodal processing.

The second study presents a comprehensive quantitative analysis of emotion-
mediated audiovisual associations. Through rigorous experimental valida-
tion, this research examines how emotional responses influence the rela-
tionship between visual stimuli and musical characteristics. The study in-
troduces novel methodologies for measuring emotional mediation in cross-
modal perception and develops predictive models for audiovisual mappings
based on emotional content.

Together, these investigations advance our understanding of emotion’s
role in crossmodal perception whilst establishing methodological frame-
works for future research in emotionally-aware interface design. The find-
ings contribute to both theoretical knowledge of crossmodal processing and
practical applications in human-computer interaction, particularly in con-

texts where maintaining emotional congruence across modalities is crucial.
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2.4 Investigating Colour-Sound Mapping in Chil-

dren and Adults

Foundational Concepts and Research Aims

Sonification, the use of non-speech audio to convey information or per-
ceptualise data [58], has traditionally relied on individual sounds or tones
to represent visual stimuli. However, given the role of emotion in cross-
modal associations, as evidenced in the preceding paragraphs, we propose
an alternative approach. Our study investigates audiovisual associations
using musical chords based on Western harmonic principles [59]. By sys-
tematically varying the consonance and dissonance of these chords, we aim
to explore how complex musical stimuli influence crossmodal perception,
extending existing research in this domain. Furthermore, we compare the
audiovisual mappings of children and adults to examine developmental dif-
ferences. Previous studies suggest that some audiovisual associations may
be innate [60], while others are learned through cultural exposure [61]. By
including both age groups, we seek to untangle the innate and acquired as-
pects of these associations. This study contributes to our understanding of
how musical harmony shapes crossmodal correspondences and highlights
the developmental trajectory of audiovisual perception. The findings pro-
vide a foundation for future research exploring the emotional dimensions

of these phenomena.

Association criterion design

The first step in designing the association was to select the colour model
and the type of musical stimulus. To do so, we considered the literature on
synesthetes who experience coloured hearing, where the sight of colour
automatically leads to the involuntary experience of sound, and studies on

crossmodal correspondences between visual and acoustic dimensions.
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Colour model After reviewing different studies on the colour-sound as-
sociation, we chose to adopt the Hue, Saturation, Brightness (HSB) colour
model: Hue refers to the basic colour tone, Saturation defines the inten-
sity or purity of a colour, with higher saturation indicating a more vivid
colour, and Brightness refers to the perceived brightness of a colour, with
higher brightness indicating a lighter colour. According to a recent review
on coloured hearing [62], these three components are very commonly as-
sociated with the correspondence between colour and sound:

1. Hue is often associated with timbre [63, 64] and historically linked
to pitch [65, 66].

2. Saturation has been reported to be associated with loudness and pitch
[67].

3. Brightness is often seen in relation to pitch and loudness [68, 69].

Musical model Since the objective of this work is to design an association
criterion that allows users to feel the emotion they would upon seeing a
colour while listening to music, it was crucial to choose a musical model
that could elicit a sentiment. For this reason, we decided to use an auditory
stimulus that reproduces sounds of common instruments with notes and
harmony in accordance with the rules of western music.

The key characteristics were two: it had to be representable on a scale
with sufficiently high resolution so that each colour could be linked to a
single sound, and it had to remain unchanged over time regardless of the
surroundings, as sensory substitution devices are to be taken everywhere.
From the various mappings that were reported above, the obvious choice for
the music model would be to use a representation including pitch, loudness,
and timbre. Out of these, pitch is the only one that satisfies the aforemen-
tioned conditions: timbre can be difficult to discern and is not easily repre-
sentable in a scale, and loudness is heavily influenced by outside noises.

For all these reasons, the selected musical stimulus was a chord, which
was also one of the forms of Scriabin’s synesthesia [70]. Chords were gen-

CHAPTER 2



erated according to occidental classical music harmony. The following pa-
rameters of the chord were selected:

1. The root tone (RT), which is one out of the 12 notes in the chromatic
scale (i.e. C, C#/D, E, ...).

2. The octave on the piano (OC), which is one out of 7 (i.e. C1, C2, ...).

3. The mode of the chord (MO), which is one out of up to 12 (i.e. minor,

major, ...).

The chord is played with all the notes at the same time and can be heard
with a frequency of one chord per second.

Correspondence between stimuli

Once the models for colour and music were chosen, one out of the 6
possible mappings of the musical-colour parameter associations (see Table
2.1) had to be chosen. Since literature on the topic does not provide a clear
indication, the best course of action was to gather data from subjects in a
trial. In this way, the outcome of the study would be an association logic
that elicits the same emotions for most of the population so that there is the
greatest chance that devices developed using such logic will not be rejected
for lack of emotional stimulus.

When citing the possible mappings later in this paper, they will be called
with the three musical parameters respectively associated with Hue, Satu-
ration, and Brightness (for example, the mapping Hue-OC, Saturation-RT,
Brightness-MO will be called OC-RT-MO).

Tailoring of the logic

In order to select which musical parameter had to be associated with
each color parameter, we designed an experimental trial. This study re-
ceived the approval of the university’s ethical committee on February 16,
2022, with the clinical studies register number 2021.236.
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Hue Saturation Brightness

OC MO RT
oC RT MO
MO OoC RT
RT OC MO
MO RT OC
RT MO OC

Table 2.1. Possible mappings between HSB and musical parameters

Protocol The test was administered remotely via a web app. The graph-
ical interface was developed using p5. js', the audio was generated with
soundfont-player?, and the backend was developed using node . js°.

Subjects were shown two color spectra (see Figure 2.4) and could move
the cursor on them to hear a chord played by a piano repeatedly. The two
scales had different color-music mappings, so each color played differently
in the two scales. They were asked to set the audio and screen settings
to their preferences and to choose which of the two scales sounded more
pleasant. They repeated the selection three times for each of the 6 possible
mappings, with two of the values of the HSB model set and only the last
one changed in the scale. For example, saturation and brightness were set
to an intermediate value and they were shown a scale of hue. The total
number of selections to be completed was 45, and they were presented to
all subjects in the same order. the test lasted an average of 40 minutes, with
a minimum time of 30 minutes and a maximum of 60 minutes.

Each scale selection was saved in the results, which could be down-
loaded as a JSON file at the end of the test and sent to the author. If at
any point they felt tired, they could click on the "I'm done!" button and save
their results. They could then resume the test at a later time.

"https://p5js.org/
’https://www.npmjs.com/package/soundfont-player
Shttps://nodejs.org/
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Quale scala suona meglio?

< Precedente Successivo >

Stai ascoltando un F5 maggiore

Ho finito!

Numero prova: 4

(a) Shades of hue

—
o N

Quale scala suona meglio?

< Precedente Successivo >

Stai ascoltando un F3 minore

[ Ho finito!
Numero prova: 5§ —

(b) Shades of saturation

Quale scala suona meglio?

< Precedente Successivo >

Stai ascoltando un A5 settima

Ho finito!
Numero prova: 12 (o fntol]

(c) Shades of brightness

Figure 2.4. Graphical Interface of the test: The two scales play different
chords for the same colour. Participants have to choose which one sounds
better to them, they can go back to the previous selection and move on
to the next one. They are shown the name of the musical chord they are
hearing and the number of the selection they are currently at and they can
click the "Finish!" button if they are tired. As all the participants were from
Italy, the test was administered in Italian.
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Participants

of 8 children aged between 7 and 11 years old (with a mean age of 9.5
years, 37.5% were female) and a group of 8 adults aged between 25 and
36 years old (with a mean age of 28 years, 50% were female). A summary
of participant demographics is provided in Table 2.2

(a) Children Group

Subject

Sex Age

Two groups of participants took part in the study: a group

(b) Adults Group

1

N O b~ wN

8

M
M
F
M
F
F
M

M

11
9
8
9

11

11
7
8

Subject

1

N O b~ o wN

8

F

E S ="

F

Sex Age

29
28
25
26
27
25
36
28

Table 2.2. Demographic details of study participants [57]

Before starting the test, all participants signed the privacy policy and

informed consent form.

Data Analysis

Data collection For each participant, we extracted two pieces of informa-

tion:

* The number of times each mapping was chosen: each pairing was pre-
sented to the subjects 5 times for comparison with the other possible
mapping. For each couple of mappings, they had to choose which of
the two mappings they preferred three times, one for hue, saturation,
and brightness. For each comparison between mappings, we consid-
ered the mapping selected if it was chosen at least 2 out of 3 times

for the color parameters comparison.
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* The number of times each color-musical parameter pairing was cho-
sen: each pairing could be selected a maximum of 5 times.

Once we had extracted these values from each subject, we computed the
mean and standard error of the results for each group and for all subjects
to determine the most voted mappings. We also applied the ANOVA test to
the mappings for both groups and all subjects to verify the significance of at
least one preferred mapping. Before performing the test, the Lilliefors test
was applied to the mapping results to verify their Gaussian distribution.

Results The Lilliefors did not have positive results for the children’s, adults’,
and combined groups, with p-values of 0.0026, 0.0106, and 0.001, respec-
tively. Results from the ANOVA are shown in Table 2.3

Population df F  p-value
Children 5 231 0.06
Adults 5 176 0.14

Children and adults 5 1.68 0.15

Table 2.3. ANOVA test results on mappings: p-values less than 0.05 would
indicate rejection of the null hypothesis of equal means at 5% significance
level [57]

The ANOVA results for children suggest a trend towards a difference
in the ratings of the mappings, with a value close to 0.05. In contrast, the
differences in adults’ choice of mappings are not significant. For this reason,
when combining the results of children with those of adults, the significance
of the children’s group is lost.

The results of the data collection are shown in Table 2.4.

The differences between the two groups can be seen in Figure 2.5.

Children’s mappings’ results can be described as follows:

* Astrong preference for the OC-MO-RT mapping (mean value = 3.25)
with a low variance (0.45), indicating compactness in the group.
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Mappings in the two groups
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I Children
[ Adults
45— [— H

Number of selections’ mean
~
o

OC-MO-RT OC-RT-MO MO-OC-RT RT-OC-MO MO-RT-OC RT-MO-OC
Mapping of Hue, Saturation and Brightness

(a) Differences in mappings

Pairings in the two groups

Pairings with Hue

ge [ Children
£ [ Adults
g4 [

g2
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oc MO RT
Musical value associated with Hue

Pairings with Saturation
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Pairings with Brightness
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(2]

o

oc MO RT
Musical value associated with Brightness

(b) Differences in pairings

Figure 2.5. Comparison of mapping and pairing preferences between chil-
dren and adults [57]
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Table 2.4. Results of mapping preferences and pairing ratings [57]

(a) Mapping ratings in children

(b) Mapping ratings in adults

Hue Saturation Brightness Mean
E MO RT 3.3£0.45
ocC RT MO 2.9 £0.61
MO oC RT 2.6 £+ 0.50
RT oC MO 3.0 £ 0.46
MO RT ocC 1.5+ 0.42
RT MO ocC 1.8 +£0.31

Hue Saturation Brightness Mean
oc Mo RT 3.3+ 0.56
OC RT MO 2.1 +0.40
MO oC RT 2.4+£0.45
RT ocC MO 1.75 + 0.40
MO RT oC 2.25 £ 0.62
RT MO OoC 3.25+£0.38

(c) Pairings ratings in children

ocC MO RT

(d) Pairings ratings in adults

Hue 55+0.79 3.8+0.46 5.8%0.68
Saturation 5.5+0.35 4.5+0.59 5.0+0.47
Brightness 4.0+ 0.73 5.0+0.40 6.0+ 0.61

(e) Mappings ratings in subjects

ocC MO RT

Hue 5.1+0.69 5.1+0.40 4.8+0.75
Saturation 3.6 +0.68 6.3+0.73 4.8+0.65
Brightness 5.8+ 1.08 4.8+0.62 4.5=+0.68

(f) Pairings ratings in subjects

Hue Saturation Brightness Mean ocC MO RT
oc MO RT 3.3+ 047 Hue  53%079 44%048 53%0.76
ocC RT MO 2.5+ 0.53 Saturation 4.6+ 0.60 5.4+0.70 4.9+0.58
MO oc RT 2.5+ 0.70 Brightness 4.8+ 0.93 4.9+0.48 5.2%+0.73
RT ocC MO 2.4+ 0.44
MO RT OC 1.9 £ 0.64
RT MO OC 2.5+ 0.52

* A slightly less preference for the RT-OC-MO mapping (mean value =
3.00) with a low standard error (0.41).

* A weak preference of the MO-RT-OC mapping (mean value = 1.5)
with a low variance (0.42).

* An equally weak preference of the RT-MO-OC mapping (mean value
= 1.8) with a very low standard error (0.31).

Their results on pairings are:

* The best sonification of the Hue is through the Root Tone (mean value
= 5.8), followed by the Octave (5.5). Both these values, however,
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have a slightly high value of standard error (i.e., 0.68 and 0.79 re-
spectively), suggesting lower agreement in the group. On the other
hand, the pairing Hue-Mode is the least voted with high agreement.

The best pairing for saturation is the Octave, which collected a high
number of preferences with a low standard error (mean value = 5.5,
standard error = 0.35), followed by the Root Tone (mean value =
5.0, standard error = 0.47).

Lastly, the most voted pairings for brightness were the Root Tone
(mean value = 6.0), whose standard error is a little high (0.61). The
Mode also received a high score (mean value = 5.0) with high agree-

ment.

As for the adults, their preferences on mappings are described below:

The preferred mapping is OC-MO-RT (mean value = 3.3, standard
error = 0.56).

RT-MO-OC received a similar score (3.25), but with a lower standard
error (0.38), indicating a higher agreement in the group.

They show a weaker preference for the mapping RT-OC-MO (mean
value = 1.75) with a low standard error (0.40).

Similarly, they voted the mapping OC-RT-MO the least with a high
agreement (mean value = 2.1, standard error = 0.40).

Their choices on the pairings are listed below:

For the sonification of Hue, they like Octave and Mode equally (5.1),
with the first one having a higher standard error, indicating the more
agreement in the second choice.

All the values of the saturation have fairly high standard error (rang-
ing from 0.68 to 0.65), suggesting a general low agreement in this pa-
rameter. Despite this, a strong preference for the mode (mean value
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= 6.3) and a weak preference of the Octave (mean value = 3.6) can
be seen.

* The higher pairing for brightness, which is the Octave (mean value
= 5.8) have a very high standard error (1.08), indicating a high dis-
agreement in the group.

When analysing the two groups as one, the following results emerged:

* There is a preference for the mapping OC-MO-RT (mean value = 3.3)
with a relatively low standard error (i.e. 0.47) indicating agreement
in the whole group.

* There is a weak preference of the mapping MO-RT-OC (mean value
=1.9).

* The pairings value belong in a very small range (from 4.6 to 5.4) and
not much can be said about preferences.

Discussion

Results from the two groups show some differences, which can be in-
terpreted as an indication of a different perception of color and music. In
particular, there is a high discrepancy in their preferences in two mappings:

* RT-MO-OC, which was the second most voted by adults but the least
voted by children.

* RT-OC-MO, which was the second most voted by children but the least
voted by adults.

These differences can be explained by the pairing with saturation: children
prefer the pairing with the Octave the most, while it is the worst for adults,
and adults prefer the pairing with the Mode the most, while it is the worst
for children.

Despite this, both groups indicate with high agreement that the map-
ping OC-MO-RT is the preferred one. This can be explained by the strong
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preference for the pairing Hue-OC in both groups, for Brightness-RT in chil-
dren, and for Saturation-MO in adults.

This result suggests that, despite their differences, children and adults
agree on this type of mapping, which could be the best one for colour soni-
fication.

It is important to note that, despite the agreement, the ANOVA test re-
vealed that the results were close to be significant for the children’s group,
whereas the results of the adults and the entire group were not significant.
Therefore, the preference for mapping can only be expected in this partic-
ular group.

The limited number of subjects considered must be taken into account
when drawing conclusions, which can only be preliminary at this point and
should be confirmed by a higher number of data.

Conclusion and future developments

In this paper, the authors presented the design of an association criterion
between colour and music with the objective of finding the most natural to
all subjects.

Three musical parameters and the HSB colour representation were cho-
sen for this task, and an experimental protocol was developed to find the
best mapping. The protocol was applied to two groups of subjects: the first
consisted of 8 children, and the second one of 8 adults. Their preferences
on mappings and pairings were registered and confronted.

Results show that children and adults present several differences in
their preferences, but both like the mapping Hue-Octave, Saturation-Mode,
Brightness-Root Tone the best. This preference is a result of the strong lik-
ing of the pairing Hue-Octave by both groups, of the Saturation-Mode by
the adults, and of the Brightness-Root Tone by the children.

Their agreement on the same mapping is promising for the identification
of a new mapping that will enable a more natural sonification, but it is yet
a preliminary result that will have to be confirmed by a higher number of
data collected from more subjects.
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These results contribute to our understanding of how complex auditory
stimuli, such as chords, can influence audiovisual perception and highlight
the role of development in shaping these associations. The study provides a
foundation for future research exploring the impact of musical harmony on
crossmodal correspondences and the emotional dimensions of audiovisual

perception.
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2.5 Experimental Validation and Quantitative
Analysis of Emotion-Mediated Audiovisual

Crossmodal Associations

2.5.1 Introduction and Rationale

As detailed in Chapter 2.2, substantial research has highlighted the im-
portance of emotion in audiovisual crossmodal associations, with emotions
serving as a crucial bridge between auditory and visual perception. The aim
of this experiment is to extend that understanding by quantifying the pre-
cise role of emotional responses in mediating these associations, specifically
in how music-evoked emotions influence the visual characteristics that indi-
viduals create or modify, and vice versa. This research not only explores the
bidirectional nature of these associations but also examines the potential for
predictive models in this context.

To ensure robust and reproducible findings, we began with the design,
implementation, and validation of an experimental protocol specifically aimed
at capturing participants’ bidirectional associations between images, mu-
sic and their emotions. This validation confirmed the protocol’s suitability
and reliability, forming a solid foundation for our further data acquisition
and analyses. This process was presented during the 2nd Advanced Course
on Artificial Intelligence & Neuroscience in Certosa di Pontignano, Italy, in
2022 [71].

Following protocol validation, we conducted two studies with distinct

aims:

* The first study, conditionally accepted in PLOS ONE pending minor
revisions, focuses on quantifying the role of emotions in mediating
crossmodal associations, analysing whether certain emotional responses
(e.g., sadness, nostalgia, amazement) consistently influence visual
parameters like Brightness, Saturation, and Spatial Dispersion. This
analysis will reveal the strength and nuances of emotion’s impact on
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the crossmodality, providing a basis for predicting these associations.

* The second study, currently under review in Computers in Human Be-
havior: Artificial Humans, takes a focused look at the first phase of
data acquisition, using predictive models to examine the bidirectional
nature of these crossmodal associations. We aim to assess the capa-
bility of these models to predict visual parameters from emotional
cues and, conversely, to infer emotional responses based on the visual
characteristics of images generated by participants. This bidirectional
modelling not only enhances our understanding of the mechanisms
underlying audiovisual associations but also supports potential appli-

cations in affective computing.

By clarifying and quantifying the emotional mechanisms linking audi-
tory and visual modalities, this research opens the way for various applica-
tions in sensory substitution and inclusive tools. For instance, it suggests
pathways to improve audiovisual sensory substitution systems through ad-
vanced affective computing tools (as discussed further in Chapter 3). This
work also supports the development of inclusive technologies that could
enrich the experience of exhibitions, concerts, and other interactive events,
making them more accessible and emotionally resonant for diverse audi-

ences.

2.5.2 Validation of the Experimental Protocol

Initial Protocol Development and Alpha Testing

The development and validation of the experimental protocol followed
an iterative approach to ensure robust and reliable data collection for inves-
tigating audiovisual associations and their emotional components. The pro-
tocol’s initial design was grounded in previous research on crossmodal asso-
ciations highlighted in the previous chapter, whilst incorporating novel ele-
ments to address the specific requirements of our investigation into emotion-

mediated audiovisual interactions.
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The alpha testing phase was conducted locally with a balanced sample
of 10 Italian participants. This preliminary testing was crucial in identify-
ing two significant limitations in the initial protocol design. To ensure op-
timal comprehension and eliminate potential language-related confounds,
the protocol was implemented entirely in Italian, as all participants across
the alpha, beta, and final testing phases were native Italian speakers. This
included all instructions, interface elements, questionnaires and response
labels.

The first limitation concerned the emotion classification system. The
protocol initially employed Ekman’s six basic emotions (happiness, sadness,
fear, disgust, anger, surprise) [72], a framework widely used in emotional
research. However, participant feedback consistently indicated that these
basic emotions were inadequate for capturing the nuanced emotional re-
sponses evoked by musical stimuli. This finding aligned with previous re-
search suggesting that music-induced emotions often extend beyond basic
emotional categories [73]. Consequently, the protocol was modified to in-
corporate an adaptation of the Geneva Emotional Music Scale (GEMS) [74],
avalidated framework specifically designed for assessing music-evoked emo-
tions.

The second significant finding pertained to the visual parameters of the
image generation interface. The original design utilised a grey background
as a presumed neutral base for participant-generated images. However,
qualitative feedback revealed that this choice inadvertently introduced an
emotional bias, with participants reporting that the grey background in-
duced an inherent feeling of sadness across all generated images, regard-
less of other parameter settings. This unintended emotional priming was
addressed by modifying the background to an off-white colour, providing a
more emotionally neutral baseline for image generation.

These initial findings proved instrumental in refining the protocol’s ca-
pacity to accurately capture emotional responses in audiovisual associa-
tions. The modifications implemented following the alpha testing phase
significantly enhanced the protocol’s sensitivity to music-induced emotions
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Figure 2.6. Screenshots from the alpha testing phase showing the original
interface with Ekman’s emotion categories and grey background

and eliminated unintended visual biases, establishing a more robust foun-
dation for the subsequent beta testing phase.

Beta Testing Implementation

Following the refinements implemented after the alpha testing phase, a
comprehensive beta testing was conducted to validate the modified proto-
col. This phase focused on both the technical robustness of the implementa-
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Figure 2.7. Screenshots from the alpha testing phase showing the modified
interface incorporating GEMS and off-white background.

tion and the protocol’s effectiveness in capturing audiovisual associations.

The experimental platform was developed as a web-based application
to ensure widespread accessibility and standardised testing conditions. The
technical implementation utilised a full-stack JavaScript architecture, with

the front-end visualisation developed in p5.js # and the back-end function-

‘https://pbjs.org/
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ality implemented using Node.js °. This architecture was chosen for its
capability to handle real-time interactive visualisations and complex data
collection requirements.

Data collection and storage were managed through a Firebase ® database
system, selected for its reliability in handling concurrent users and its robust
data validation capabilities. The system was designed to store participants’

responses and interactions systematically, including:
* Preliminary questionnaire responses
* Pre-test performance metrics
* Parameter adjustments during image generation
* Temporal data on user interactions
* Emotional response measurements

The implementation included several key technical features to ensure
data quality and participant engagement:

1. Session Management: The system allowed participants to complete
the protocol across multiple sessions, implementing secure user au-

thentication and progress tracking to prevent fatigue-induced bias.

2. Environmental Controls: Specific technical requirements were en-
forced, including:
* High-resolution display specifications
* Mandatory headphone use for standardised audio presentation

* Automatic detection and warning of night-shift or colour-modification
settings

* Browser compatibility verification

*https://nodejs.org/
*https://firebase.google.com/
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3. Quality Assurance: The implementation incorporated:

* Real-time data validation
* Automatic error detection and handling

* Response time tracking
4. User Interface Design: The interface was optimised for:

* Intuitive parameter control
* Real-time visual feedback

* Clear instruction presentation

To ensure standardised testing conditions, participants received detailed
instructions regarding environmental requirements and testing procedures.
The system included automated checks for compliance with these require-
ments, ensuring data quality and reliability across different testing environ-
ments.

The beta implementation was tested with 14 participants, focusing on
both the technical robustness of the platform and the effectiveness of the
protocol modifications implemented following the alpha testing phase. This
testing phase was crucial in validating the platform’s capability to reliably
capture complex audiovisual associations and their emotional components
in a remote testing environment.

A fundamental change to the protocol was made after the beta phase,
due to the participants reporting the occurrence of a familiarity bias during
the test. Familiarity bias can be described as the tendency to seek confirma-
tion of expectations, retaining, or avoiding abandoning favoured hypothe-
ses or choices [75]. During the beta testing of the protocol, some subjects
reported that they felt inclined to align their choices in the second phase
with their selections in the first phase instead of answering spontaneously,
potentially introducing a familiarity bias in the results. To address this con-
cern, a decision was made to divide the subjects into two groups: Group A,
which completed the entire protocol, and Group B, which only completed
the pretest and the second phase.
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The purpose of this division was to establish a standard reference for
a typical emotional response to the images by observing Group B’s results.
Subsequently, the responses of Group A could be compared to this reference
to determine if there were any deviations to be addressed to the completion
of phase one, thereby assessing the presence of a familiarity bias.

Validation Results and Protocol Refinement

The beta testing phase, conducted with 14 participants, provided com-
prehensive validation of both the technical implementation and the ex-
perimental protocol. The results demonstrated the protocol’s effectiveness
across multiple dimensions whilst identifying areas for final refinement.

Technical and User Experience Validation The web-based platform demon-

strated exceptional robustness throughout the testing phase. The system
successfully collected complete datasets from all participants with no re-
ported system errors or data loss. All participant interactions were success-
fully stored and retrieved from the database, whilst the platform maintained
consistent performance across various browser environments. The audio
playback and parameter control functionality proved particularly reliable,
ensuring consistent experimental conditions across all sessions.

The protocol’s usability was strongly validated through participant feed-
back and interaction analysis. All participants successfully completed the
full protocol, with consistently positive feedback regarding the interface’s
accessibility and intuitive design. The carefully planned session duration
proved appropriate, with no participants reporting significant fatigue ef-
fects. Furthermore, the implemented multi-session capability proved valu-
able, allowing participants to effectively manage their engagement with the
protocol according to their individual needs and circumstances.

Data Quality Assessment Preliminary analysis of the collected data re-
vealed meaningful patterns and correlations, supporting the protocol’s va-
lidity and enabling the development and validation of analytical tools for
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subsequent data collection phases:
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Figure 2.8. Examples of correlations identified during beta testing: (a) Rela-
tionship between musical preferences and melodic discrimination test per-
formance, (b) Correlation between colour preferences and shape selection,
(c) Association patterns between musical genres and emotional responses.

The analysis revealed several significant relationships:

* Correlation between musical genre preferences and performance in
the melodic discrimination test, particularly notable in the case of
Hip-Hop preferences showing an inverse relationship with test per-
formance

* Consistent associations between colour preferences and shape selec-
tions, suggesting robust crossmodal patterns

* Systematic relationships between musical parameters and emotional
responses, validating the effectiveness of the GEMS implementation

Protocol Refinements Following the beta testing phase, several refine-
ments were implemented to optimise the protocol. The interface underwent
minimal enhancements to improve user interaction. Parameter control la-
bels were clarified to ensure intuitive understanding, whilst visual feedback
mechanisms were enhanced to provide immediate response to user adjust-
ments. The layout was optimised to better support extended testing ses-
sions, and progress indicators were refined to help participants maintain
awareness of their position within the protocol.

Technical aspects of the platform were also substantially improved. The

data validation mechanisms were enhanced to ensure more robust data col-
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lection, whilst error handling and recovery procedures were strengthened
to maintain system stability. Audio playback controls were optimised to
ensure consistent quality across different devices and connection speeds,
and database interaction patterns were refined to improve data storage ef-
ficiency and reliability.

Procedural elements of the protocol were similarly refined based on
participant feedback. Test instructions were clarified to ensure consistent
understanding across participants, and environmental requirement checks
were standardised to maintain testing conditions. The practice trial imple-
mentation was enhanced to better prepare participants for the main tasks,
and timing and progression controls were adjusted to optimise the flow be-
tween different protocol phases.

Validation Outcomes The comprehensive validation process established
that the protocol effectively:

* Captures reliable and meaningful audiovisual associations

* Maintains consistent participant engagement throughout extended
testing sessions

* Provides robust data collection across all protocol components

* Supports detailed analysis of emotional components in crossmodal

associations

* Demonstrates sensitivity to individual differences in musical and vi-
sual abilities

These validation results confirmed the protocol’s suitability for large-
scale implementation in investigating emotion-mediated audiovisual asso-
ciations. The refined protocol provides a robust foundation for the subse-
quent studies presented in this thesis, ensuring methodological rigour and
data quality in the investigation of crossmodal perception and emotional

processing.
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2.5.3 Protocol Structure and Components

The validated protocol comprises four distinct components, each de-
signed to capture specific aspects of audiovisual associations and their emo-
tional correlates. Each component was structured to ensure comprehensive
data collection whilst maintaining participant engagement and data quality.

Form The protocol begins with a comprehensive assessment of partici-
pants’ background and preferences. This initial phase collects:

* Demographic information

* Musical background and training

* Artistic experience and preferences

* Musical genre preferences

* Self-reported emotional responses to specific colours and shapes

* History of any synaesthetic experiences

The full text of the form presented to participants is reported in ap-

pendix A.

Pre-test Following the preliminary assessment, participants complete a
series of standardised tests to evaluate their visual and musical abilities:

1. Ishihara Test: A standardised colour blindness assessment compris-
ing 24 plates, where participants identify numbers or patterns within

colour-coded images.

2. Perfect Pitch Test: Participants identify musical notes on a two-octave
keyboard after a single presentation, with each tone playable only
once. The test progresses sequentially through multiple tones.

3. Melodic Discrimination Test: Based on [76], this test presents three

melodies where:
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Two melodies share identical melodic structure, whereas one
has some differences

The second melody is pitched a semitone higher than the first

The third melody is pitched a full tone higher

* Participants identify the melodically distinct sequence

4. Mistuning Perception Test: Adapted from [77], participants evalu-
ate vocal pitch accuracy across paired musical sequences.

5. Beat Alignment Test: Following [78], participants assess rhythmic
synchronisation, identifying temporal alignment between musical se-
quences and superimposed rhythmic elements.

The interface of the pre-test can be found in A.

Phase One: Music-to-Image Generation In this core experimental phase,
participants create visual representations while listening to musical stimuli.
The image generation interface allows manipulation of multiple parame-

ters:

* Number of visual objects
* Object dimensions
* Spatial dispersion

* Shape morphology (ranging from angular to rounded, following Maluma/-
Takete principles [79])

* Colour properties (hue, saturation, brightness)

Musical stimuli were specifically composed for this study by Andrea
Sorbo to eliminate potential confounds from musical familiarity. The com-
position set includes various musical genres, ensuring broad stylistic cov-

erage while maintaining controlled musical parameters. The information
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Figure 2.9. Examples of participant-generated images during Phase One,
demonstrating variations in visual parameters in response to different musi-
cal stimuli. The first two rows show responses to contrasting musical pieces,
while the bottom row displays examples of extreme parameter settings.

Table 2.5. Information about musical tracks presented in the first phase of

the test.
Track Number Genre Key BPM
1 Choir Fmin 140
2 POP Dmaj 140
3 Orchestral Soundtrack Bmin 94
4 Trap Cmin 110
5 Electronic Cmin 128
6 Minimal Soundtrack  Emaj 90
7 Country Gmaj 74
8 Jazz Dmaj 90
9 Classical Bmaj 100
10 Latino Amin 90
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of the generated songs are reported in Table 2.5 and can be played at the
following link: https://urly.it/312gn6.

After image generation, participants rate their emotional responses us-
ing the 9-term GEMS scale: Amazement, Solemnity, Tenderness, Nostalgia,
Calmness, Power, Joyful Activation, Tension, and Sadness.

The protocol allows for:

* Single playback of each musical piece during image creation

* Optional second playback before emotional response recording
* Real-time parameter adjustment with visual feedback

* Submission only after music playback completion

Phase Two: Image-to-Emotion Assessment The final phase presents 21
standardised images where individual parameters are systematically var-
ied while maintaining others at neutral values, as shown in Table 2.6. The
parameters that are varied across the 21 images are: 1) Number of visual
objects (low = 5, mid = 250, high = 500), 2) Object dimensions (low =
0.5x%, mid = 1x, high = 10x, with 0.5x and 10x representing proportional
scaling relative to the image size), 3) Spatial dispersion (low = 0.5x, mid
= 1x, high = 10x, with 0.5x and 10x representing proportional scaling rel-
ative to the image size), 4) Shape morphology (low = spiky, mid = circle,
high = rounded flower-like), 5) Hue (low = 20, mid = 70, high = 100),
6) Saturation (low = 20, mid = 70, high = 100), 7) Brightness (low = 20,
mid = 70, high = 100). This controlled manipulation allows for isolation of
parameter-specific emotional responses. Participants evaluate each image
using the same GEMS scale employed in Phase One, enabling direct com-
parison of emotional responses across modalities. A representation of the
visual interface is shown in Figure 2.10.

Each component of the protocol was designed to build upon previous
elements, creating a comprehensive assessment of audiovisual associations
while maintaining participant engagement and data quality. The structured

CROSSMODAL PERCEPTION AND EMOTION

49


https://drive.google.com/drive/folders/1li5T_KqhGgFZxzkdYUelc9gjKTGsDdkF?usp=sharing

50

Image Visual Objects Object Dimensions Spatial Dispersion Shape Morphology Hue Saturation Brightness

Neutral Parameters Mid Mid Mid Mid Mid Mid Mid
Low Visual Objects Low Mid Mid Mid Mid Mid Mid
High Visual Objects High Mid Mid Mid Mid Mid Mid
Low Object Dimensions Mid Low Mid Mid Mid Mid Mid
High Object Dimensions Mid High Mid Mid Mid Mid Mid
Low Spatial Dispersion Mid Mid Low Mid Mid Mid Mid
High Spatial Dispersion Mid Mid High Mid Mid Mid Mid
Spiky Shape Mid Mid Mid Low Mid Mid Mid
Rounded Shape Mid Mid Mid High Mid Mid Mid
Low Hue Mid Mid Mid Mid Low Mid Mid
High Hue Mid Mid Mid Mid High Mid Mid
Low Saturation Mid Mid Mid Mid Mid Low Mid
High Saturation Mid Mid Mid Mid Mid High Mid
Low Brightness Mid Mid Mid Mid Mid Mid Low
High Brightness Mid Mid Mid Mid Mid Mid High

Table 2.6. Table of 21 standardized images with systematically varied visual
parameters that were used during the second phase of the test in order to
collect emotional response to visual stimuli.

progression from basic ability assessment through to complex audiovisual
tasks enables detailed analysis of the relationships between musical ability,
visual perception, and emotional responses in crossmodal associations.

A schematic representation of the protocol is shown if figure 2.11

2.5.4 Participants

Participant Recruitment and Demographics

The study recruited Italian-speaking volunteers through various chan-
nels over a two-month period (February-March 2022). The recruitment
strategy involved direct communication to researchers and doctoral candi-
dates, university mailing lists, and flyer distribution on campus. All partic-
ipants were required to provide written informed consent and agree to the
privacy policy in compliance with the European General Data Protection
Regulation (GDPR) guidelines. The study protocol was approved by Uni-
versita Campus Bio-Medico di Roma’s ethical committee on February 16,
2022, with number of clinical studies’ register 2021.236. The initial demo-
graphic data of the enrolled participants (N=123) is summarised in Table
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Figure 2.10. Visual interface of the second phase. Participants are shown
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Protocol Summary

Pretest: DESCRIPTION OF INPUTS AND OUTPUTS
Five tests that evaluate visual and musical abilities:
1. Ishihara MUSICAL GENRES:
2. Perfect Pitch 1. Choir 6. Minimal Soundtrack
3. Melodic Discrimination 2. Pop 7. Country
4. Mistuning Perception 3. Orchestral Soundtrack 8. Jazz
5. Beat Alignment 4. Trap 9. Classical
5. Electronic 10. Latino
First Phase: GRAPHICAL PARAMETERS:
Objective: Evaluate how music affects the emotions and 1. Objects’ Number 5. Hue
creative process of individuals. 2. Objects’ Dimension 6. Saturation
INPUT: 10 songs belonging to different genres 3. Dispersion 7. Colour
OUTPUT: 10 Images described by 7 graphical parameters 4. Shape
and scores for 9 music-induced emotions
EMOTIONS:
1. Amazement 6. Power
Second Phase: 2. Solemnity 7. Joyful Activation
Objective: Evaluate visually induced emotions 3. Tendemess 8. Tension
INPUT: 21 Images, each with a graphical parameter set to 4. Nostalgia 9. Sadness
a high value 5. Calmness
OUTPUT: Scores for 9 image-induced emotions

Figure 2.11. Schematic representation of the test phases. The test was
administered remotely, and subjects could complete the pretest and the two
main phases in a single or in separate sessions. Subjects belonging to Group
A completed all the phases, whereas subjects from Group B skipped phase
one.
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2.7, which shows the distribution between experimental (n=81) and con-
trol (n=42) groups, gender distribution (56 males, 67 females), and age
characteristics (range: 19-41 years, mean age=23.4).

The enrolment process occurred in two phases: initially, 84 subjects
were recruited and divided into two groups (Group A and Group B) of
42 subjects each. In the second phase, an additional 39 subjects were re-
cruited and added to Group A, bringing its total to 81 subjects. The to-
tal enrolled cohort demonstrated a balanced gender distribution (M=56
(45.53%), F=67 (54.47%), SD=4.7). Of the initial cohort, 39 participants
did not commence the test after enrolment, and 4 started but did not com-
plete it, resulting in a final analysed sample of 80 participants (M=34 (42.5%),
F=46 (57.5%), mean age=23.07, SD=5.3). The age distribution reflected
a predominantly young adult population, with ages ranging from 19 to 41
years. During the experiment, 80% of participants completed the test in a
single session, while the remaining 20% opted for multiple sessions, with
no interval exceeding one week between sessions.

The final composition of the groups was as follows: Group A consisted
of 47 subjects (M=22 (46.8%), F=25 (53.2%), mean age=22.34), while
Group B comprised 33 subjects (M=15 (45.5%), F=18 (54.5%), mean age=24.12).

Table 2.7. Description of the enrolled subjects that participated to the ex-
periment.

Feature Value

[Total - Male - Female] Number of Subjects [123 - 56 - 67]
Group [A - B] [81 - 42]
[Minimum - Average - Maximum] Age [19 - 23.4 - 41]

Group Assignment Methodology

The methodology for group assignment followed a systematic, data-
driven approach comprising several key steps based on the answers given
in the form described in the previous section of this chapter:
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1. Initial clustering using k-means algorithm to identify natural group-
ings within the participant population. This step employed a multi-
dimensional approach, considering all the given answers simultane-

ously to ensure comprehensive grouping.

2. Statistical validation of cluster distinctiveness using Kruskal-Wallis
testing (p < 0.001). This non-parametric approach was chosen due
to its robustness in handling potentially non-normal distributions in
psychological data.

3. Randomized allocation of participants from each cluster to form A
and B groups.

4. Verification of group equivalence through subsequent Kruskal-Wallis
analysis (p > 0.05), ensuring that the final groups were statistically
comparable across all relevant dimensions.

The k-means clustering algorithm initially identified two significantly
different groups, as indicated by the Kruskal-Wallis test results (p < 0.001).
After reassigning groups based on the steps described above, the Kruskal-
Wallis test applied to groups A and B confirmed that the two groups are now
uniform.

As described in the group A was designated to complete the full proto-
col, including all phases, whilst the group B participated only in the pretest
and phase two, omitting phase one. Post-enrolment, 47 participants with-
drew from the study before test completion, resulting in a final analytical
sample of 80 participants (34 males [42.5%] and 46 females [57.5%], mean
age 23.07 years, SD=5.3). During the experiment, 80% of participants
chose to complete the test in one session, while the remaining participants
opted to finish it in multiple sessions, with no interval exceeding one week
between sessions. The final composition showed Group A with 47 subjects
(22 males [46.8%], 25 females [53.2%], mean age 22.34 years) and Group
B with 33 subjects (15 males [45.5%], 18 females [54.5%], mean age 24.12
years).
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Robustness and impartiality of the results

A comparative analysis of emotional responses elicited by the neutral
image across both groups is illustrated in Figure 2.12. Statistical analysis
using the Kruskal-Wallis test demonstrated a significant distinction between
the groups (p < 0.01), suggesting that Phase 1 participation influenced
the participants’ emotional state. The impact was particularly evident in
emotions such as Tenderness, Calmness, Power and Joyful Activation, as
depicted in the boxplot in Figure 2.12.

To account for baseline differences, each participant’s emotional ratings
for the neutral image were subtracted from their responses to other im-
ages. When comparing these baseline-corrected emotional variations be-
tween groups, no significant differences were observed (p > 0.05). This
indicates an absence of familiarity bias in the test, whilst confirming that
the altered emotional baseline does not influence specific associations once
baseline differences are controlled for. Figure 2.13 presents comprehensive
statistical results for each image.

2.5.5 Quantifying Emotional Mediation in Audiovisual

Crossmodal Parameters

To quantify the role of emotions in mediating audiovisual crossmodal
associations, we conducted a two-stage analysis focusing exclusively on
Group B participants to avoid any potential familiarity bias. The first stage
examined the uniformity of association patterns across different population
subgroups, investigating whether distinct clusters of individuals exhibit sys-
tematically different approaches to emotional-visual associations. The sec-
ond stage assessed Emotional correspondence across the entire Group B
dataset, quantifying how music-induced emotions influence visual percep-
tion and parameter selection. These complementary analyses, detailed in
the following sections, provide a comprehensive understanding of the emo-

tional mechanisms underlying audiovisual crossmodal associations.
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Figure 2.12. The neutral image presented to Groups A and B as an emo-
tional state reference at the onset of phase 2 is shown in (a). This image
was constructed with median values for parameters including saturation,
brightness, dimension, dispersion, shape and numerosity, whilst hue varied
across objects, encompassing the complete 360° colour wheel spectrum.
The boxplot in (b) contrasts the emotional responses between Group A par-
ticipants, who had completed phase one prior to viewing the neutral image,
and Group B participants, who had not undertaken phase one. The assess-
ment scale spans from 0 to 100, where 100 signifies strong preference and
0 indicates minimal preference. The data suggests that phase one comple-
tion altered Group A's emotional baseline.
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KRUSKAL-WALLIS TEST ON THE SECOND PHASE

p-value
== 1638¢
Y — 6543

41 i 1 1
N N\ N\ \ S S S N o ) <« (\ &
S &\\ \)& S 3 K » K \QK & NS & & & < O \Q‘
& & > ov K Q) ) & > & A & 5 & X A
N R Q& & & & RS A N T S SR
O IR NP PO RO SIS SR A
> O O -~ ® Q N Q Q PSRN O o o o
R o <V K ~ b‘\ Y X Y D N a KN
N ? \a o 9 3
R . K \\\E R N D N, & O \\\b RS

Figure 2.13. Differential emotional responses between Groups A and B dur-
ing phase 2 were evaluated using the Kruskal-Wallis test. During this phase,
participants viewed images with median values across all parameters, save
for one parameter set to an extreme value. Emotional responses were cal-
culated as deviations from each participant’s neutral image response. The
bars represent p-values, and the analysis indicated no statistically signifi-
cant differences between the groups (p>0.05).

Population Subgroups Analysis

The first stage of our analysis investigated whether different popula-
tion subgroups employ distinct strategies in audiovisual associations. This
investigation aimed to verify if the association process remains consistent
across all subjects or if different population groups require distinct mod-
eling approaches. We analysed data from Phase Two to identify potential
clusters with different emotion-to-image association logics, then examined
their Phase One responses for systematic differences. The analysis followed
a systematic six-step process:
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Step 1. Division of Subjects into Clusters Initial clustering was per-
formed using Agglomerative hierarchical cluster tree analysis on Phase Two
data. For each image, we generated two, three, and four cluster configura-

tions to identify optimal groupings.

Step 2. Cluster Compactness Computation For each clustering config-

uration:

¢ Calculated silhouette scores for individual clusters

* Computed average silhouette values to measure overall cluster re-

sponse compactness

* Selected configurations with highest compactness for each image
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(a) Example of agglomerative hierarchi-
cal cluster tree results. (b) Example of silhouette plot.
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Figure 2.14. Clustering analysis visualisations.

Step 3. Selection of Optimal Clustering For each identified clustering:
* Calculated compactness for image-emotion associations

* Computed average compactness indices
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* Applied ANOVA tests to Phase Two results
* Averaged test values for group diversity index
* Selected final clustering based on:

— High compactness
— Low ANOVA p-values

— Balanced subject distribution between groups

Table 2.8. Results of clustering analysis across different parameters. The
cluster based on the emotional reactions to the neutral image was the se-
lected one, as it has the highest mean compactness and lowest mean p
ANOVA.

Parameter Mean Compactness Mean p ANOVA  Cluster Distribution
Neutral 0.31 1.282e-08 Cl1: 21 - C2: 26

Green -0.11 0.043 Cl: 5-C2: 15-C3: 27
Red 0.11 9.549e-07 Cl: 20 - C2: 27

Light Blue 0.090 2.795e-05 C1l: 15-C2: 32

Violet 0.010 9.232e-08 Cl: 16 - C2: 11 -C3: 20
Big Dimension 0.12 0.000031 Cl: 18-C2: 29

Small Dimension  0.040 1.526e-07 Cl: 18- C2: 29

High Dispersion  0.18 1.097e-06 Cl: 18- C2: 29

Low Dispersion 0.060 6.988e-08 Cl: 23 - C2: 24

Spikes 0.16 7.290e-08 Cl: 15-C2: 32

Curves 0.26 3.669e-05 Cl: 12-C2: 35

High Brightness  0.22 4.497e-05 Cl: 7-C2: 40

Low Brightness 0.19 4.874e-08 Cl: 14-C2: 33

High Number 0.12 3.124e-08 Cl: 4-C2: 21 -C3: 22
Low Number 0.010 7.371e-08 Cl: 11-C2: 23-C3: 13
High Saturation  0.29 1.531e-08 Cl: 8-C2: 39

Low Saturation 0.15 1.382e-05 Cl: 11-C2: 36
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Step 4. Computation of Emotional correspondence For each cluster,
we computed Emotional correspondence using:
|A(D) —B(1)|

emotional consistency = 1 — ————— 2.1
100

where i represents the emotion, A represents emotional spectra from Phase

One, and B represents emotional spectra from Phase Two.

Green Red Blue Purple Dim+ Dim- Disp+ Disp-
Cl 0.670 3.52 214 1.76 524 7.24 148 857
C2 0920 342 227 169 577 796 112 8.92

Spikes Curves Lum+ Lum- Num+ Num- Sat+ Sat-
Cl 248 5.00 690 471 486 400 190 8.57
c2 1.85 5.81 7.04 558 5.35 396 192 10.0

Table 2.9. Number of generated images with high parameter values divided
by group size.

Step 5. Group Coherence Analysis We applied the Kruskal-Wallis test
to compare coherence between groups. Results with p < 0.01 indicated

significant differences in coherence patterns.

Step 6. Musical Feature Analysis We extracted twelve features from
each musical piece using the MIRAudio toolbox in MATLAB, including:

* Mirzerocross: Signal noise measurement
* Mircentroid: Spectral distribution centre

* Mirspread: Spectral distribution width

Additional features detailed in Table 2.12
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Table 2.10. Emotional correspondence values for Group 1.

Parameter Amazement Solemnity Tenderness Nostalgia Calmness Power Joyful Act. Tension Sadness
Green 0.62 0.59 0.77 0.71 0.65 0.67 0.67 0.61 0.62
Red 0.71 0.67 0.64 0.68 0.71 0.56 0.71 0.68 0.71
Light Blue 0.63 0.72 0.80 0.80 0.69 0.75 0.45 0.60 0.63
Purple 0.73 0.80 0.69 0.72 0.61 0.72 0.54 0.76 0.73
Big Dimension 0.73 0.69 0.77 0.64 0.72 0.72 0.59 0.74 0.73
Small Dimension 0.65 0.69 0.72 0.71 0.69 0.58 0.65 0.72 0.65
High Dispersion 0.66 0.81 0.59 0.77 0.59 0.78 0.74 0.73 0.66
Low Dispersion 0.71 0.75 0.72 0.67 0.73 0.65 0.67 0.73 0.71
Spikes 0.69 0.72 0.59 0.66 0.72 0.71 0.74 0.68 0.69
Curves 0.73 0.71 0.69 0.73 0.68 0.72 0.71 0.64 0.7
High Brightness 0.78 0.73 0.68 0.73 0.67 0.73 0.59 0.75 0.78
Low Brightness 0.59 0.59 0.61 0.71 0.68 0.67 0.62 0.74 0.59
High Number 0.69 0.61 0.61 0.72 0.59 0.71 0.51 0.55 0.69
Low Number 0.74 0.76 0.74 0.69 0.75 0.73 0.65 0.71 0.74
High Saturation 0.76 0.79 0.78 0.68 0.76 0.78 0.60 0.85 0.76
Low Saturation 0.72 0.74 0.66 0.76 0.67 0.74 0.64 0.59 0.72

Table 2.11. Emotional correspondence values for Group 2.

Parameter Amazement Solemnity Tenderness Nostalgia Calmness Power Joyful Act. Tension Sadness
Green 0.74 0.59 0.77 0.63 0.60 0.62 0.66 0.57 0.51
Red 0.63 0.68 0.67 0.72 0.69 0.61 0.62 0.62 0.67
Light Blue 0.64 0.69 0.72 0.75 0.68 0.66 0.60 0.66 0.75
Purple 0.67 0.59 0.71 0.64 0.57 0.73 0.60 0.59 0.65
Big Dimension 0.71 0.65 0.78 0.59 0.65 0.69 0.59 0.66 0.65
Small Dimension 0.63 0.68 0.59 0.72 0.61 0.61 0.59 0.58 0.66
High Dispersion 0.66 0.77 0.79 0.67 0.59 0.59 0.58 0.81 0.74
Low Dispersion 0.59 0.73 0.59 0.66 0.69 0.67 0.68 0.72 0.75
Spikes 0.66 0.62 0.72 0.67 0.64 0.65 0.74 0.60 0.76
Curves 0.71 0.72 0.73 0.71 0.57 0.64 0.64 0.58 0.68
High Brightness 0.75 0.72 0.69 0.71 0.66 0.68 0.67 0.71 0.76
Low Brightness 0.69 0.67 0.66 0.65 0.66 0.68 0.56 0.75 0.68
High Number 0.66 0.65 0.61 0.59 0.53 0.68 0.50 0.52 0.56
Low Number 0.59 0.69 0.77 0.66 0.67 0.67 0.63 0.67 0.74
High Saturation 0.73 0.81 0.74 0.66 0.75 0.74 0.58 0.85 0.80
Low Saturation 0.72 0.72 0.71 0.68 0.60 0.67 0.62 0.68 0.69

The analysis revealed minimal differences between groups. Statistical

significance was found in only 8 out of 144 emotion-graphical parame-

ter pairs (5.6%), which can be attributed to multiple comparison effects

rather than genuine group differences. Similarly, PCA analysis of musical

features showed no distinct clustering patterns, with only minor variations
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Table 2.12. Musical features extracted for analysis.

Feature

Description

Mirzerocross®

Mircentroid

Mirspread

Mirentropy

Mirflatness

Mirroloff*

*

Mirlowenergy*

Mirmode**

Mirkey (1)**

Mirkey(2)**

Mirrms*

Mirroughness

Counts the number of times the signal crossed the X-axis, indicating
noisiness

Returns the centroid of the data. It is used to describe the spectral
distribution

Returns the standard deviation of the data. It is used to describe the
spectral distribution

Returns the relative Shannon entropy of the input, computed as
H(p)=-sum(p.*log(p))/log(length(p)). It offers a general descrip-
tion of the input curve p, and indicates in particular whether it con-
tains predominant peaks or not

Returns the flatness of the data, which indicates whether the distri-
bution is smooth or spiky, and results from the simple ratio between
the geometric mean and the arithmetic mean

Finds the frequency such that a certain fraction of the total energy is
contained below that frequency. This ratio is fixed by default to 0.85
to estimate the amount of high frequency in the signal

Computes the low energy rate, i.e. the percentage of frames show-
ing less-than-average energy. This measure is used to estimate the
temporal distribution of energy

Estimates the modality, i.e. major vs. minor, returned as a numerical
value between -1 and +1

Gives a broad estimation of tonal centre positions by returning the
best key(s), i.e., the peak abscissa(e)

Gives a broad estimation of the tonal centre positions’ respective clar-
ity by computing the key clarity

Computes the global energy of the signal x by taking the root average
of the square of the amplitude

Estimates the total roughness by computing the peaks of the spec-
trum and taking the average of all the dissonance between all possi-
ble pairs of peaks

* Performs frame decomposition with 50 ms frame length and half overlapping
** Performs frame decomposition with 1 s frame length and 50% hop factor (0.5 s)
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Figure 2.15. ECDF analysis results (Part 1) showing consistency distribu-
tion across emotional dimensions. Values closer to centre indicate higher

consistency.
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Figure 2.16. ECDF analysis results (Part 2) showing consistency distribu-
tion across emotional dimensions. Values closer to centre indicate higher
consistency.
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Figure 2.17. Principal Component Analysis results (Part 1) showing no dis-
tinct clustering patterns between groups.
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in Beat Alignment Test scores (p = 0.0133) and pop music preferences (p
= 0.0298).

Quantifying Emotional Mediation Through Consistency Analysis

Following the analysis of population subgroups, we investigated the role
of emotions in mediating audiovisual associations across the entire Group
B dataset. This analysis aimed to quantify how emotions induced by music
during image generation correlate with emotions evoked by viewing simi-
lar images. The analysis assessed the Emotional correspondence between
Phase One and Phase Two responses by:

1. Computing mean values for each graphical parameter per subject
2. For each emotion-parameter pair:

* Identifying Phase One songs where the generated image’s pa-
rameter exceeded the mean

* Calculating Emotional correspondence using Equation 2.1 pre-
sented earlier

A low Emotional correspondence value indicates disagreement between
music-induced emotions in Phase One and image-induced emotions in Phase
Two, suggesting minimal emotional mediation. Conversely, high consis-
tency suggests strong emotional mediation in the audiovisual association

2.13. Three scenarios can lead to high consistency:

1. High values in both phases: the music evokes strong emotion leading
to high parameter values, and viewing images with high parameter

values later evokes the same strong emotion

2. Low values in both phases: minimal emotional response to music
corresponds to low parameter values, with similar low emotional re-

sponse to viewing such images

3. Medium values in both phases: moderate emotional responses con-
sistently appear in both music and image perception

CHAPTER 2



Table 2.13. Examples of Emotional correspondence calculations for differ-
ent phase combinations.

Value of emotion  Value of graphical = Value of emotion Emotional
. . . correspondence
in Phase 1 parameter in Phase 1 in Phase 2 .
index
100 70 100 1
0 10 0 1
50 100 50 1
0 20 80 0.2
20 80 70 0.5

The analysis revealed several significant patterns of emotional medi-
ation in audiovisual associations. Table 2.14 presents the comprehensive

results of Emotional correspondence calculations across all parameters and

emotions.
Parameter Amazement Solemnity Tenderness Nostalgia Calmness Power Joyful Act. Tension Sadness
Green 0.59 0.59 0.77 0.71 0.65 0.67 0.67 0.61 0.62
Red 0.71 0.67 0.64 0.68 0.71 0.56 0.71 0.68 0.71
Light Blue 0.63 0.72 0.80 0.80 0.69 0.75 0.45 0.60 0.63
Purple 0.73 0.80 0.69 0.72 0.61 0.72 0.54 0.76 0.73
Big Dimension 0.73 0.69 0.77 0.64 0.72 0.72 0.70 0.74 0.73
Small Dimension 0.65 0.69 0.72 0.71 0.69 0.58 0.65 0.72 0.65
High Dispersion 0.66 0.81 0.70 0.77 0.70 0.78 0.74 0.73 0.66
Low Dispersion 0.71 0.75 0.72 0.67 0.73 0.65 0.67 0.73 0.71
Spikes 0.69 0.72 0.70 0.66 0.72 0.71 0.74 0.68 0.69
Curves 0.73 0.71 0.69 0.73 0.68 0.72 0.71 0.64 0.73
High Brightness 0.78 0.73 0.68 0.73 0.67 0.73 0.70 0.75 0.78
Low Brightness 0.70 0.70 0.61 0.71 0.68 0.67 0.62 0.74 0.70
High Number 0.69 0.61 0.61 0.72 0.59 0.71 0.51 0.55 0.69
Low Number 0.74 0.76 0.74 0.69 0.75 0.73 0.65 0.71 0.74
High Saturation 0.76 0.79 0.78 0.68 0.76 0.78 0.60 0.85 0.76
Low Saturation 0.72 0.74 0.66 0.76 0.67 0.74 0.64 0.70 0.72

Table 2.14. Emotional correspondence indices between visual parameters
and emotions across experimental phases. Higher values indicate stronger
emotional mediation in audiovisual associations.

Key findings from the consistency analysis include:
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Sadness showed the highest consistency indices, particularly with:

— Low Dispersion (0.78)
— High and Low Brightness (0.76 for both)

— Low Saturation (0.75)
* Amazement demonstrated strong consistency with:

— Curvilinear shapes (0.75)
— Both curvilinear and spiked shapes

— Low dispersion and saturation parameters
* Tenderness showed notable consistency patterns:

— Strong association with green hues (0.75)

— Numerosity emerged as the most dichotomic parameter

Additional significant associations included:

— Nostalgia influencing both shape types (0.70-0.73) and dimen-
sional parameters (0.71-0.72)

— Power and Solemnity showing consistent relationships with sat-

uration and brightness

— Tension demonstrating strong influence on brightness percep-
tion (0.72-0.74)

These findings align with previous research on emotion-mediated cross-
modal associations, while providing novel quantitative insights into the spe-
cific roles of different emotions in mediating audiovisual parameters. The
high consistency values across multiple parameter-emotion pairs suggest
that emotional responses play a crucial role in bridging auditory and visual
perception, particularly in areas such as colour perception, shape recogni-
tion, and spatial organisation. The analysis demonstrates that emotional
mediation in audiovisual associations is not only present but quantifiable
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and relatively consistent across subjects. This understanding provides valu-
able insights for applications in fields ranging from multimedia design to
sensory substitution technologies, where emotional coherence between au-
ditory and visual elements is crucial for effective communication and expe-

rience design.

Insights on Music-Induced Emotions

To validate our experimental design, we first verified that the selected
musical pieces effectively elicited the full range of target emotions. Figure
2.19 shows the mean and standard deviation of emotional scores across all
songs, demonstrating comprehensive coverage of the emotional spectrum
for all nine GEMS dimensions. To further understand the relationship be-
tween musical features and induced emotions, we computed Kendall’s cor-
relation coefficients between musical parameters and emotional responses.
Musical features were extracted using the MIRaudio toolbox [80], including
Zero-cross, Centroid, Spread, Entropy, Flatness, Rolloff, Low Energy, Mode,
Key and Key Clarity, RMS, and Roughness.

Emotions mirmode flatness spread mirroffoff mircentroid mirentropy mirkey mirrms mirzerocross mirlowenergy key clarity roughness

Solemnity -0.27 -0.31 -0.33 -0.29 -0.25 -0.25 -0.14 -0.14 -0.06 -0.01 0.29 0.32
Tension -0.22 -0.18  -0.20 -0.17 -0.14 -0.18 -0.12  -0.08 -0.04 -0.04 0.20 0.21
Power -0.18 -0.18  -0.19 -0.17 -0.14 -0.16 -0.15  -0.06 -0.06 -0.11 0.15 0.23
Amazement -0.06 -0.10  -0.10 -0.09 -0.07 -0.06 -0.08  -0.04 -0.03 -0.04 0.08 0.12
Sadness -0.17 -0.02 -0.07 -0.06 -0.06 -0.07 -0.02 -0.05 0.04 0.09 0.19 -0.03
Nostalgia -0.13 0.06 -0.00 0.01 0.00 0.04 -0.02 -0.05 0.09 0.08 0.18 -0.14
Tenderness 0.11 0.01 -0.01 -0.02 -0.05 -0.00 0.13 -0.01 -0.03 0.16 -0.10 -0.12
Calmness 0.12 0.07 0.08 0.06 0.05 0.11 0.05 0.01 0.03 0.03 -0.06 -0.15
Joyful Activation 0.25 0.17 0.22 0.19 0.18 0.19 0.13 0.05 0.02 -0.05 -0.26 -0.12

Table 2.15. Correlation coefficients between musical features and emotions
induced during Phase One. Notable correlations include Mode’s negative
relationship with Solemnity and positive relationship with Joyful Activa-
tion.

Key correlations included:

* Mode showed negative correlations with Solemnity and Tension, while

positively correlating with Joyful Activation
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Figure 2.19. Distribution of emotional responses across musical stimuli.
Mean and standard deviation of scores for each emotion across the ten mu-
sical pieces, demonstrating comprehensive coverage of the emotional spec-

trum.

* Spectral features (Flatness, Rolloff, Centroid, Entropy) negatively cor-

Solemnity
Orchestral Soundtrack

Tenderness
Orchestral Soundtrack

Minimalistic Soundtrack I Country Minimalistic Soundtrack Country
Classical \\\/’ / 4 Chor Classical ,\/\\"IV//\ Choir
Electronic / Ii\' Trap Electronic / I\' Trap

Jazz Latino Jazz Latino
Pop Pop
Calmness Power
Orchestral Soundtrack Orchestral Soundtrack

Minimalistic Soundtrack Country Minimalistic Soundtrack I Country
Classical ’\‘3’, I(/\/\ Choir Classical \‘3 /\/,\ Choir
Electronic ‘/‘71\ Trap Electronic ‘/‘71’\\\' Trap

Jazz Latino Jazz Latino
Pop Pop
Tension Sadness

Orchestral Soundtrack

Minimalistic Soundtrack

Classical

Electronic

Ny
S

Jazz

related with Solemnity

* Key clarity positively correlated with Solemnity and Tension, while

Country

&

Latino

Orchestral Soundtrack
Minimalistic Soundtrack Country

Trap Electronic / I\ Trap

Latino

Choir

Jazz
Pop

negatively correlating with Joyful Activation

* Roughness showed positive correlations with Solemnity, Tension, and

Power

We also examined how musical abilities influence emotional perception by

analysing correlations between pretest scores and emotional responses (Fig-

ure 2.16).
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Emotions MPT BAT MDT

Solemnity -0.21 -0.12 0.17
Tension -0.10 -0.04 0.18
Power -0.07 0.03 0.14
Amazement -0.07 -0.03 0.04
Sadness -0.05 -0.17 0.16
Nostalgia -0.05 -0.22 0.12
Tenderness -0.02 -0.11 -0.15
Calmness 0.01 -0.04 -0.14

Joyful Activation 0.09 0.20 -0.20

Table 2.16. Correlation coefficients between pretest scores and music-
induced emotions. MPT = Mistuning Perception Test, BAT = Beat Align-
ment Test, MDT = Melodic Discrimination Test.

Notable relationships included negative correlations between Solemnity
and mistuning perception, and between Joyful Activation and melodic dis-
crimination. Beat alignment ability showed positive correlation with Joyful

Activation and negative correlation with Nostalgia.

Summary of Emotional Mediation Analysis

The comprehensive analysis of emotion-mediated audiovisual associa-
tions revealed two key findings. First, through rigorous clustering analy-
sis, we demonstrated that the process of audiovisual association remains
remarkably consistent across the population, with only minor variations
attributable to individual differences in musical ability and preferences.
This uniformity suggests that a single modeling approach can effectively
capture these associations. Second, the Emotional correspondence anal-
ysis provided quantitative evidence for the mediating role of emotions in
audiovisual associations. The high consistency values observed for spe-
cific emotion-parameter pairs, particularly for emotions like Sadness and
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Amazement, indicate that emotional responses serve as robust bridges be-
tween auditory and visual perception. These findings not only validate pre-
vious research on crossmodal associations but also provide a quantitative
framework for understanding how emotions influence specific visual pa-
rameters during audiovisual processing. These results lay the groundwork
for the development of predictive models in audiovisual associations, which
will be explored in detail in the next section. They also suggest practical
applications in fields ranging from multimedia design to assistive technolo-
gies, where understanding and leveraging emotional mediation could en-
hance the effectiveness of audiovisual communication.

2.5.6 Bidirectional Predictive Modeling of Emotion-Based

Audiovisual Associations

This investigation examines the bidirectional relationship between emo-
tional responses elicited by musical stimuli and the generation of visual
imagery. Our analysis addresses two fundamental research questions that
explore the complex interactions between auditory input, emotional expe-
rience, and visual perception. The diagram in Figure 2.20 depicts the core

Song

O
1/7 N

First research question

Image Emotions

Second research question

Figure 2.20. Schematic representation of research questions and their in-
terconnections
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elements of our investigation and their interrelationships. It illustrates how
our research questions examine the connections between musical pieces,
visual representations, and emotional responses, with artificial intelligence

serving as the analytical framework connecting these components.

Research Question 1: From Emotions to Visual Imagery The first re-
search question evaluates the potential for emotional responses to musical
stimuli to serve as predictors for visual imagery characteristics. We examine
how accurately visual parameters can be predicted based on participants’
emotional responses to musical input. This analysis employs Support Vec-
tor Machines (SVM) and Support Vector Regression (SVR) methodologies.
Through this approach, we assess both the existence of predictable patterns
and the variability in predictability across different visual parameters. This
investigation aims to illuminate the mechanisms through which emotional

experiences influence visual perception and creation.

Research Question 2: From Visual Imagery to Emotions The second
research question investigates the inverse relationship, examining whether

computer-generated images can be utilized to determine the emotional re-

sponses that influenced their creation. This analysis implements a transformer-

based model designed to extract emotional content from visual input. The
investigation focuses on the model’s ability to predict the emotional re-
sponses. This research direction seeks to understand the emotional infor-
mation embedded in visual creations and evaluate the potential for auto-
mated systems to decode the emotional significance of imagery.

Analysis Methods

To examine the relationships between emotional responses and visual
parameters, we employed several analytical approaches utilising Python.
The investigation centred on two key objectives:

1. Determining whether emotional responses could predict graphical pa-

rameter values
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2. Assessing whether generated images could predict emotional responses

Forecasting Image Values from Emotional Responses

Our first objective employed three distinct analytical frameworks:

1. Regression Analysis - We implemented Support Vector Regression
(SVR) to generate continuous value predictions for each graphical pa-
rameter based on emotional inputs. Model assessment utilised Mean
Absolute Error (MAE).

2. Three-Category Classification - We segmented image values into
three distinct bands (low, medium, high) and employed Support Vec-
tor Machines (SVM) for classification, with accuracy serving as the

performance metric.

3. Binary Classification - We categorised image values into two groups
(low, high), again employing SVM methodology with accuracy mea-
surements for performance assessment.

Each framework was implemented across three contexts:
* A unified model incorporating all musical pieces
* Discrete models for individual musical pieces
* Models based on musical piece clusters

This methodology yielded nine distinct modelling approaches. Each ap-
proach generated separate predictions for individual graphical parameters,
with performance metrics detailed in the Results subsection.

Musical Piece Clustering Our clustering analysis sought to identify pat-
terns within the musical pieces. Initially, we extracted features via MIR-
toolbox in MATLAB, examining the parameter previously reported in table
2.12.
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We then applied hierarchical clustering utilising Ward’s method, which
yielded two distinct musical groupings. The characteristics of these clusters

are presented in Table 2.17.

Table 2.17. Characteristics of Musical Track Clusters

Feature Mean Cluster 1 Std Cluster 1 Mean Cluster 2 Std Cluster 2
Zero Crossing Rate -0.50954 0.71916 0.3397 1.0693
Spectral Centroid -0.97436 0.47972 0.64957 0.62935
RMS Energy -0.50596 0.41481 0.3373 1.1642
Mode -0.24061 0.91267 0.1604 1.1059
Spectral Rolloff -1.0171 0.30841 0.67804 0.60309
Low Energy -0.082068 1.374 0.054712 0.81134
Entropy -0.78958 0.752 0.52639 0.79338
Key -0.048983 1.2327 0.032655 0.94078
Key Strength 0.19365 1.118 -0.1291 1
Spectral Spread -0.081703 1.6965 0.054468 0.25355
Spectral Flatness -1.0658 0.54415 0.71054 0.32822
Roughness -0.90089 0.16406 0.60059 0.83769

Deriving Emotional Responses from Generated Images

For our second objective, we employed a transformer-based method-
ology. This approach utilised a pre-trained transformer model for image
analysis, subsequently fine-tuned for our specific task of emotional response
prediction. Based on the image analysis, we implemented regression to pre-
dict values for each emotional response. We employed Mean Absolute Error

(MAE) as the performance metric for this model.

Algorithm Selection Process

Through comparative testing of various algorithms, including Random
Forest Regressor and Linear Regressor for the first tasks, and Random Forest
and XGBoost for the second task:

* For regression tasks: SVR demonstrated optimal performance
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* For classification tasks: SVM yielded superior results

The second objective utilised a transformer-based approach for both image
analysis and emotional response prediction. Comprehensive results and
performance metrics for all models are presented in the subsequent Results
subsection.

Results

Our analysis yielded findings addressing both primary objectives: fore-
casting image parameters from emotional responses and deriving emotional

responses from generated images.

Forecasting Image Parameters from Emotional Responses We evalu-
ated nine distinct modelling approaches, each assessed for their capability
to forecast image parameters based on emotional responses to musical stim-

uli.

Regression Analysis Results SVR methodology enabled prediction of con-
tinuous values for each graphical parameter. The regression analyses re-
vealed varying levels of predictive capability across different image param-
eters. Brightness demonstrated the lowest Mean Absolute Error (MAE) at
approximately 0.19, indicating superior predictability amongst all parame-
ters. Dispersion, Shape, and Saturation followed with MAEs ranging from
0.21 to 0.23. Number and Hue proved most challenging to forecast, with
MAEs of approximately 0.29 and 0.27 respectively.

Three-Category Classification Results We employed SVMs to categorise
image values into three bands (low, medium, high). The three-category
classification demonstrated marginally reduced overall accuracy compared
with binary classification. Dispersion, Brightness, and Saturation main-
tained highest prediction accuracy, ranging from 60% to 70%. Other pa-
rameters demonstrated lower accuracy levels, spanning 40% to 50%.
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Figure 2.21. SVR model performance in forecasting image parameters
across different analytical approaches.

Binary Classification Results SVM methodology was applied for binary
classification of image values (low, high).

In binary classification, Dispersion and Saturation achieved highest pre-
diction accuracy, at approximately 85% and 80% respectively. Brightness
also demonstrated strong predictability, achieving approximately 80% ac-
curacy. Number, Size, Hue, and Shape proved more challenging to predict,

with accuracy ranging from 55% to 60%.

Deriving Emotional Responses from Generated Images Our implemen-
tation of the transformer-based approach, utilising the pre-trained Vision
Transformer (ViT) model architecture, yielded varying performance levels
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Figure 2.22. SVM model performance for three-category classification of
image parameters across different analytical approaches.

across different emotional responses.

Table 2.18. Performance of Transformer Model in Predicting Emotions from
Images

Emotion MAE Emotion MAE Emotion MAE
Amazement 0.27 Solemnity 0.35 Tenderness 0.24
Nostalgia 0.25 Calmness 0.33 Power 0.29

Joyful Activation 0.29 Tension 0.29 Sadness 0.25

As presented in Table 2.18, the model achieved highest accuracy in pre-
dicting Tenderness (MAE 0.24), followed closely by Nostalgia and Sadness
(both MAE 0.25). Solemnity (MAE 0.35) and Calmness (MAE 0.33) proved
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Figure 2.23. SVM model performance for binary classification of image
parameters across different analytical approaches.

more challenging to predict accurately. The model demonstrated consistent
performance (MAE 0.29) for Power, Joyful Activation, and Tension predic-

tions.

Conclusions

Our investigation has examined the intricate relationships between emo-
tion, auditory stimuli, and visual perception, building upon established re-
search in crossmodal perception and emotion-mediated experiences. The
findings offer insights into these bidirectional relationships whilst suggest-
ing applications in both theoretical and practical domains.
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Forecasting Visual Parameters from Musical Emotional Responses Ad-
dressing our first research question, we established the feasibility of esti-
mating visual imagery characteristics from emotional responses to music.
Our analytical models demonstrated varying success across different visual
parameters:

* Dispersion, Brightness, and Saturation exhibited highest predictabil-
ity across all analytical approaches (regression, three-category, and
binary classification).

* Number, Size, and Hue parameters presented greater challenges in
prediction, suggesting more complex or subjective emotional rela-
tionships.

* Model performance varied by classification methodology, with binary

classification typically achieving highest accuracy levels.

These findings indicate that certain visual elements maintain more con-
sistent associations with emotional responses to music across individuals.
This consistency aligns with previous investigations identifying patterns in
colour-emotion associations in music perception. The successful predic-
tion of certain visual parameters suggests promising applications in sensory
substitution. Our models could potentially support development of systems
translating auditory experiences into visual representations, particularly fo-
cusing on more predictable aspects such as brightness and colour saturation.

Inferring Emotional Responses from Generated Images Our second re-
search question examined the inverse relationship: deriving emotional re-
sponses from generated images. Our transformer-based model revealed:

* Tenderness, Nostalgia, and Sadness demonstrated higher prediction
accuracy from visual data.

* Solemnity and Calmness proved more challenging to infer from visual

representations alone.
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* Power, Joyful Activation, and Tension showed consistent predictabil-
ity levels, suggesting potential universality in their visual expression.

These results support the hypothesis of common pathways through which
emotions influence visual creation across individuals. However, varying
predictability across different emotions highlights this relationship’s com-
plexity. The capability to infer emotional responses from visual data has
significant implications, potentially supporting development of tools for un-
derstanding and communicating with individuals who express emotions dif-
ferently, including neurodiverse populations.

Implications and Future Directions Our investigation contributes to the
growing understanding of emotion’s role in crossmodal perception by pro-
viding quantitative models for both directions of the emotion-visual imagery
relationship. The bidirectional nature of our approach offers comprehen-
sive insight into how emotions mediate between auditory and visual expe-
riences. However, our research also identifies areas requiring further inves-

tigation:

* Model performance variability across parameters and emotions sug-
gests the need for more nuanced approaches capturing individual

emotional-visual association subtleties.

* Prediction challenges for certain visual parameters and emotions in-
dicate potential influence of personal, cultural, or contextual factors
not fully captured by current models.

* Ethical considerations regarding Al implementation in emotion simu-
lation and potential manipulation warrant ongoing attention as these

technologies develop.

Future research opportunities include exploration of more diverse datasets,
including cross-cultural samples, to enhance model generalisability. Ad-
ditionally, investigating practical applications in therapeutic interventions
or personalised entertainment experiences could provide valuable insights
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into real-world utility. In conclusion, our investigation demonstrates the
feasibility of modelling complex relationships between emotional responses
to music and visual imagery, as well as the reverse process of inferring emo-
tional responses from visual data. These findings advance theoretical un-
derstanding of crossmodal perception whilst suggesting innovative applica-
tions ranging from assistive technologies to creative arts.

2.6 Implications for Human-Computer Inter-

action

The findings presented in this chapter provide several concrete path-
ways for advancing human-computer interaction technologies. First, the
developmental differences in crossmodal associations identified in Section
2.4 suggest that age-adaptive interfaces could enhance user experience by
tailoring audiovisual mappings to specific demographic groups. Our results
indicate that while the OC-MO-RT mapping shows consistency across age
groups, certain parameter combinations could be optimised differently for
children versus adults.

Second, the quantitative models of emotional mediation developed in
Section 2.5 offer a framework for evaluating and enhancing emotional con-
gruence in multimodal interfaces. Developers can implement these models
as evaluation metrics during the design process, ensuring that audiovisual
elements maintain consistent emotional valence. For example, interfaces
designed to evoke calmness should consider specific combinations of bright-
ness, saturation, and spatial parameters identified in our analysis. Third,
the bidirectional predictive capabilities demonstrated in our research en-
able novel interaction paradigms where emotional states could be inferred
from user-generated visual content or, conversely, where visual elements
could be dynamically adjusted based on detected emotional responses to au-
ditory stimuli. Such technologies could support applications ranging from
affective computing interfaces to accessibility tools for individuals with sen-
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sory impairments. These practical implications extend beyond theoretical
contributions, offering concrete methodologies and design guidelines for
developing emotionally coherent human-computer interfaces that leverage
the fundamental relationships between crossmodal perception and emo-

tional processing
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3.1 Physiology of Emotion

3.1.1 Understanding Emotions

Definitions and Distinctions

The topic of emotions is of fundamental importance in human physiol-
ogy, affecting not only psychological aspects but also a wide range of physi-
ological changes that prepare the organism for specific actions [81]. While
emotions are a universal aspect of human experience, providing precise sci-
entific definitions requires careful distinction between related terms such
as emotions, feelings, and moods. An emotion can be defined as a complex
psychophysiological process that arises automatically and unconsciously in
response to significant stimuli. It involves characteristic patterns of phys-
iological activation, specific neural mechanisms, cognitive appraisals, and
a tendency toward particular actions [81]. This integrated response pat-
tern manifests through specific behavioural motor patterns and is typically
short-lived, lasting from seconds to minutes. Emotions involve well-defined
neural circuits and show remarkable universality across different cultures,
highlighting their role as fundamental biological responses. Feelings, in
contrast, represent the conscious awareness and subjective interpretation
of emotional states. While sharing the same underlying psychophysiologi-
cal foundation, feelings differ from emotions in several key aspects. They
can persist for longer periods, from minutes to hours, and may occur with-
out overt behavioural expressions. Unlike the universal nature of basic
emotions, feelings are more heavily influenced by cultural and personal
factors, showing greater variability across different societies and individu-
als. This cognitive dimension of feelings involves more complex processing
compared to the automatic nature of emotional responses, and may have
subtle or no direct physiological correlates. This distinction between emo-
tions and feelings is crucial for understanding both the automatic physio-
logical responses that characterize emotions and the role of consciousness
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in emotional experience [81]. While emotions prepare the organism for im-
mediate action through specific physiological changes, feelings provide the
conscious framework through which we interpret and make sense of these

emotional experiences.

Emotions  Feelings

Latency Short Long
Object Definite  Indefinite
Corporeity Essential Secondary

Voluntary Control Poor High

Table 3.1. Main differences between emotions and feelings [81]

A further important distinction needs to be made between emotions and
moods. While emotions are rapid responses to specific stimuli or situations,
moods represent more prolonged affective states that can persist for hours,
days, or even weeks. Moods typically lack a specific trigger and have a
more diffuse influence on cognition and behaviour than emotions [81]. Key

characteristics that distinguish moods from emotions include:

* Duration: While emotions are acute responses lasting seconds to
minutes, moods are tonic states that can persist for extended peri-
ods

* Intensity: Emotions tend to be more intense than moods, involving
stronger physiological activation

* Specificity: Emotions are typically directed towards specific objects
or events, while moods are more generalised and often lack a clear

object

* Behavioural impact: Emotions tend to interrupt ongoing behaviour
and demand immediate attention, while moods operate as background
states that colour perception and cognition
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The interactions between these different affective phenomena are complex
and bidirectional. For instance, repeated emotional experiences of the same
type can contribute to the development of a corresponding mood state.
Conversely, existing moods can influence the likelihood and intensity of spe-
cific emotional responses. This relationship highlights the dynamic nature
of affective processes and their importance in human behaviour and adapta-
tion. Understanding these distinctions is crucial not only from a theoretical
perspective but also for practical applications in fields such as clinical assess-
ment, psychological research, and the development of artificial systems for
emotion recognition. The different temporal dynamics and physiological
signatures of emotions, feelings, and moods require different approaches

for their measurement and analysis.

Emotion representations

Representations of emotion have been a central focus in psychology,
with various theories proposed to capture the complex nature of affective
experiences. Two prominent approaches have emerged: the basic emotions
theory and the dimensional theory. The basic emotions theory, as proposed
by Ekman (1992), suggests that there are a limited number of universally
recognised, discrete emotions, such as happiness, sadness, anger, fear, dis-
gust, and surprise [82]. Ekman’s work on facial expressions has been influ-
ential in supporting this theory. He conducted extensive research on the fa-
cial expressions associated with these basic emotions, using photographs of
individuals from different cultures to demonstrate the universality of emo-
tional expressions [83, 84].

Ekman’s basic emotions theory has been supported by numerous cross-
cultural studies, which have shown that individuals from different cultures
can reliably identify the facial expressions associated with basic emotions
[85, 86, 87]. The basic emotions theory has been widely applied in affective
computing and emotion recognition research, where automatic systems are
developed to identify emotional states based on facial expressions, vocal
cues, or physiological signals [88, 89].
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Figure 3.1. Facial expressions of basic emotions according to Ekman.
Adapted from [84].

In contrast, dimensional theories argue that emotions are better repre-
sented along continuous dimensions. Russell’s circumplex model (1980)
is one of the most prominent dimensional theories, proposing that emo-
tions can be mapped onto a two-dimensional space consisting of valence
(pleasure-displeasure) and arousal (high-low activation) [90].

This model has been supported by empirical studies using self-report
measures and physiological data [91, 92]. Some researchers have sug-

gested extending the model to include a third dimension, dominance (control-

submission) [93]. Dimensional theories offer a more flexible and compre-
hensive approach to representing the full range of emotional experiences
compared to the discrete categories proposed by the basic emotions theory
[94].

However, both the basic emotions theory and dimensional models have
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Figure 3.2. The dimensional model of emotions, representing emotions
along the valence and arousal dimensions. Adapted from [90].

limitations when it comes to capturing the nuances of emotions induced by
specific stimuli, such as music. Music has been shown to evoke a wide range
of affective states that may not be fully represented by these general emo-
tion models [95]. Recognising this, Zentner et al. (2008) developed the
Geneva Emotional Music Scale (GEMS), a domain-specific emotion repre-
sentation tailored to music-induced emotions [96]. The GEMS was derived
through a series of studies involving factor analysis of listeners’ ratings of
felt emotions in response to music excerpts. The resulting model consists
of nine music-specific emotion factors: wonder, transcendence, tenderness,
nostalgia, peacefulness, power, joyful activation, tension, and sadness [96].

In developing the GEMS, Zentner et al. (2008) demonstrated that music-
induced emotions are best captured by a domain-specific model rather than
the basic emotions or dimensional models [96]. The GEMS showed better
discrimination of musical emotions and accounted for a greater proportion
of variance in felt emotions compared to the other models. This highlights
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the potential for domain-specific emotion representations to provide a more
nuanced understanding of affective experiences in particular contexts, such
as music listening [97].

Cognitive Appraisal Theories

Cognitive appraisal theories represent a significant advancement in our
understanding of emotional processes, emphasizing the crucial role of cog-
nitive evaluation in emotional experiences. These theories, pioneered by
researchers like Lazarus and Folkman, posit that emotions arise not directly
from events themselves, but from the individual’s interpretation and evalua-
tion of these events [98]. The appraisal process involves two key stages: pri-
mary appraisal, where an individual evaluates whether an event is relevant
to their well-being, and secondary appraisal, where they assess their cop-
ing resources and options [99]. According to Lazarus’s theory, the interac-
tion between personal goals and environmental conditions leads to specific
emotional responses through cognitive evaluation processes. This evalua-
tion encompasses various dimensions including goal relevance and congru-
ence, the degree of ego involvement, perceived coping potential, and future
expectations. The theory suggests that emotional responses are shaped by
how individuals interpret events in relation to their personal goals and their

perceived ability to cope with the situation [100].

Computational Models of Emotions: The OCC Model

Building upon cognitive appraisal theories, Ortony, Clore, and Collins
(1988) developed a computational model of emotions, known as the OCC
model, which has become a standard framework for emotion synthesis in
artificial systems [101]. This model provides a structured approach to un-
derstanding how emotions arise from the evaluation of situations, defining
22 emotion categories based on valenced reactions to events, actions of
agents, and aspects of objects.

The OCC model categorizes emotional responses into three main branches
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Figure 3.3. The OCC model structure showing the hierarchical organisation
of emotional categories based on different types of stimuli evaluation [ 102]

based on their triggering causes: consequences of events, actions of agents,
and aspects of objects. Event-based emotions arise from evaluating out-
comes relative to goals, leading to emotions such as joy, distress, happy-for,
and pity. Agent-based emotions result from assessing actions against stan-
dards, producing emotions like pride, shame, admiration, and reproach.
Object-based emotions emerge from evaluating objects based on attitudes,
generating emotions such as love and hate. This model has proven partic-
ularly valuable in the field of affective computing, providing a systematic
framework for implementing emotional responses in artificial agents [102].
The model’s structure allows for the quantification of emotional intensity
based on the desirability of events relative to goals, the praiseworthiness
of actions relative to standards, and the appealingness of objects relative
to attitudes. While the OCC model offers a comprehensive framework for
emotion generation, it requires several extensions for practical implemen-
tation. These include a history function to track emotional experiences over
time, mechanisms for emotional state interaction, and personality param-
eters to ensure consistent behavioural responses [102]. These additions
help bridge the gap between theoretical understanding and practical appli-
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cation in artificial emotional systems, making the model particularly useful
for developing emotionally intelligent artificial agents.

3.1.2 Emotions and Bodily Changes

The relationship between emotions and bodily changes represents a fun-
damental aspect of understanding emotional experience. This relationship
first gained scientific attention through the James-Lange theory, which pro-
posed that emotional feelings are the result of perceiving bodily changes
rather than their cause [103, 104]. In James’s words, "we feel sorry because
we cry, angry because we strike, afraid because we tremble" - a counter-
intuitive view that sparked decades of research into emotion-body relation-
ships.

Historical Development of Emotion-Body Theories

The James-Lange theory faced significant challenges from subsequent
research, particularly through Walter Cannon’s systematic critique [103].
Cannon identified several crucial limitations: total separation of viscera
from the central nervous system does not alter emotional behaviour; the
same visceral changes occur in different emotional states and even non-
emotional conditions; visceral structures are relatively insensitive with lim-
ited sensory innervation; and visceral changes are too slow to be the source
of emotional feeling. These findings necessitated a more nuanced under-
standing of how bodily states contribute to emotional experience.

The Somatic Marker Hypothesis

A more comprehensive framework for understanding emotion-body re-
lationships emerged through Damasio’s somatic marker hypothesis [105].
This theory proposes that emotional experiences become associated with
bodily states through "marker" signals that influence decision-making and
behavioural responses at multiple levels. These markers operate through
two potential pathways: a "body loop" involving actual physiological changes
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and their feedback, and an "as-if body loop" where somatosensory regions
directly simulate bodily states without peripheral changes.

The ventromedial prefrontal cortex plays a crucial role in this system by
storing and reactivating learned associations between situations and their
corresponding somatic states. Evidence for this framework comes from
studies of patients with ventromedial prefrontal damage, who show im-
paired decision-making despite intact general intelligence. These patients
exhibit diminished autonomic responses to emotionally charged stimuli and
make poor choices in situations that simulate real-life decision-making un-
der uncertainty [105].

: emotion
: somatic marker

CNS-information processing: ANS, NES and CNS regulation
thalamus and ventromedial e.g. increased heart rate and
prefrontal cortex blood pressure, ...

............................ ettty e £
I 1
) 1
i 1
¥ ¥
emotional memorization subjective feeling
e.g. amygdala e.g. fear

Figure 3.4. Diagram of the process from perception to emotion and sub-
jective feeling. Sensory information is processed by the thalamus and ven-
tromedial prefrontal cortex. Somatic markers guide ANS, NES and CNS
regulation, giving rise to emotion. Subjectively experienced emotion gen-
erates feeling, e.g. fear. [106]

Modern Understanding of Physiological Response Patterns

Contemporary research recognises a complex bidirectional relationship
between emotional experiences and physiological states [81]. The auto-
nomic nervous system orchestrates a range of bodily changes during emo-
tional experiences, including alterations in heart rate, blood pressure, skin
conductance, and respiratory patterns. The endocrine system also plays a
vital role through hormonal changes, particularly involving the hypothalamic-
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pituitary-adrenal axis.

These physiological responses show considerable individual variation
influenced by genetic predispositions, previous experiences, cultural back-
ground, and current physiological state. However, certain patterns of au-
tonomic and endocrine activation tend to be associated with specific emo-
tional states, though these relationships are more complex than originally
proposed by early emotion theories.

Integration of Bodily Changes in Emotional Processing

Modern perspectives emphasize that bodily changes contribute to emo-
tional experience not merely as feedback signals but as integral components
of an emotion-cognition network. The somatic marker hypothesis particu-
larly highlights how bodily states help guide decision-making by constrain-
ing the decision space and providing rapid, unconscious biasing signals be-
fore detailed rational analysis occurs.

This understanding has important implications for both theoretical mod-
els of emotion and practical applications in fields such as affective comput-
ing and clinical assessment. It suggests that emotional experience emerges
from the integration of multiple physiological and neural systems, with bod-
ily changes serving both as components of emotional experience and as
guides for adaptive behaviour [105, 81].

The relationship between emotions and bodily changes thus appears
more nuanced than either pure cognitive theories or purely physiological
approaches would suggest. Instead of being simply a cause or consequence
of emotional experience, bodily changes appear to be part of an integrated
system that supports both emotional experience and adaptive behaviour
regulation. This integration helps explain how emotions can influence decision-
making and behaviour both through conscious awareness and through un-
conscious bodily signals.

AFFECTIVE COMPUTING AND EMOTION RECOGNITION 95



96

3.1.3 Functional Neuroanatomy of Emotions

The neural basis of emotions involves complex interactions between
multiple brain regions, forming interconnected circuits that process, regu-
late, and integrate emotional responses. Modern neuroimaging techniques,
particularly functional magnetic resonance imaging (fMRI), have revolu-
tionised our understanding of how the brain processes and regulates emo-
tions [107].
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Figure 3.5. The figure illustrates key brain regions associated with emo-
tional processing, divided into core (dark red) and extended (brown) re-
gions. The core regions, which appear frequently in affective neuroscience
literature, include subcortical structures such as the amygdala, nucleus ac-
cumbens (NA), and hypothalamus, along with cortical areas like the or-
bitofrontal cortex (OFC), anterior cingulate cortex (ACC), and ventromedial
prefrontal cortex (VMPFC). Extended regions include additional subcorti-
cal structures (e.g., brainstem, ventral tegmental area (VTA), hippocampus,
periaqueductal grey (PAG), septum, and basal forebrain (BF)) and cortical
areas (e.g., anterior insula (Al), prefrontal cortex (PFC), anterior temporal
lobe (ATL), posterior cingulate cortex (PCC), superior temporal sulcus, and
somatosensory cortex). These regions collectively contribute to affective
functions, though none are purely emotional in their role.[ 108]
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Neural Circuits of Emotion Processing

Emotional processing relies on distributed networks rather than isolated
brain regions. Recent fMRI studies have identified several key intrinsic brain
networks, including the Default Mode Network (DMN) and Dorsal Atten-
tion Network (DAN), that exhibit overlapping activation patterns during
emotional processing [109]. These networks demonstrate a shared neural
architecture for processing both motivational and emotional information,

highlighting the intricate nature of emotional neural circuits.

Film-based fMRI methodologies have enabled researchers to study emo-
tions in more naturalistic settings, revealing that various emotions acti-
vate overlapping cortical and subcortical areas [110]. This suggests that
emotions emerge from broader psychological processes involving multiple
brain regions rather than being localised to specific areas. Coordinate-based
meta-analyses have shown that different types of emotional stimuli engage

distinct brain systems while also activating common regions [111].

The Limbic System

The limbic system, traditionally considered the emotional centre of the
brain, comprises several interconnected structures that work in concert to

process and regulate emotions. At its core, the limbic system includes the

amygdala, hippocampus, anterior cingulate cortex, and hypothalamus. These

structures form a complex network that integrates sensory information, co-
ordinates autonomic responses, and modulates emotional behaviour [112].

Research has demonstrated that the limbic system’s components show
specific activation patterns during different emotional states. The anterior
cingulate cortex serves as a critical interface between emotional and cog-
nitive processes, while the hypothalamus coordinates autonomic responses
to emotional stimuli [113]. The hippocampus plays a crucial role in emo-
tional memory formation, contextualising emotional experiences within our
autobiographical memory [114].

AFFECTIVE COMPUTING AND EMOTION RECOGNITION

97



98

Role of the Amygdala

The amygdala serves as a crucial hub in emotional processing, partic-
ularly in detecting and responding to emotionally salient stimuli. Meta-
analyses of neuroimaging studies have revealed its critical involvement in
processing both positive and negative emotional stimuli, with particular
sensitivity to facial expressions [115]. Recent research has challenged the
traditional view of lateralisation, showing that both left and right amygdala
contribute to emotional processing, albeit with distinct temporal dynamics.

Studies investigating emotional responses to music have demonstrated
that the amygdala is prominently activated during the perception of disso-
nant (unpleasant) music, while pleasant music engages regions such as the
inferior frontal gyrus and ventral striatum [116]. This highlights the amyg-
dala’s role in processing diverse types of emotional stimuli across different

sensory modalities.

Prefrontal Cortex Involvement

The prefrontal cortex (PFC) plays a fundamental role in emotional regu-
lation through its various subdivisions. The ventrolateral PFC (VLPFC) has
been shown to suppress activity in subcortical regions like the amygdala
during emotion regulation tasks, particularly during cognitive reappraisal
[117]. The dorsolateral PFC contributes to cognitive control processes,
while the medial PFC integrates emotional information with decision-making
processes [118].

Research has demonstrated that stronger functional connectivity be-
tween the dorsolateral prefrontal cortex and the insula correlates with im-
proved clinical outcomes in depression treatments [114]. This highlights
the therapeutic potential of targeting specific prefrontal-limbic connections
in treating mood disorders.
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Interaction Between Emotion and Cognition

The interaction between emotional and cognitive processes occurs through

bidirectional connections between the PFC and limbic structures. These
connections enable top-down regulation of emotional responses while al-
lowing emotional information to influence cognitive processes [119]. Neu-
roimaging studies have shown that cognitive reappraisal of emotions acti-
vates prefrontal regions while simultaneously modulating activity in lim-
bic areas, demonstrating the neural basis of cognitive emotional regulation
[120].

This interaction is particularly evident in studies of attention and emo-
tion, where emotional stimuli can be processed automatically but require
sufficient cognitive resources for optimal processing [121]. Recent research
has particularly highlighted the role of the anterior insula in integrating
emotional and cognitive information, serving as a crucial hub in the emo-

tional awareness network [122].

Neuroimaging Studies of Emotion

Modern neuroimaging techniques have provided new insights into emo-
tion processing. Machine learning applications to fMRI data have enabled
researchers to identify specific neural signatures associated with emotion
regulation [123]. These studies have shown that activation patterns in the
ventrolateral PFC, dorsomedial PFC, and insula can indicate when individ-
uals are actively modulating their emotional responses to negative stimuli.

Research investigating emotion processing in clinical populations has
revealed important insights into the neural basis of emotional disorders.
Studies of individuals with alexithymia, for instance, have shown reduced
amygdala activation during emotional processing [124], while research on
borderline personality disorder has identified distinct patterns of neural ac-
tivation during emotional tasks [125]. These findings contribute to our
understanding of how emotional processing may be altered in various psy-

chological conditions and suggest potential therapeutic targets.

AFFECTIVE COMPUTING AND EMOTION RECOGNITION

99



3.2 Methods and Technologies in Affective Com-
puting

3.2.1 Fundamentals of Affective Computing

Affective computing represents a significant paradigm shift in human-
computer interaction, moving beyond traditional interface design to sys-
tems capable of recognising, interpreting, and responding to human emo-
tions. This section explores the fundamental concepts, methodological ap-
proaches, and technical implementations in this rapidly evolving field.

Origins and Evolution of Affective Computing

The field of affective computing emerged from the pioneering work of
Rosalind Picard at the MIT Media Laboratory, who first introduced the term
in her seminal 1995 paper [126]. Picard’s work highlighted the crucial role
of emotional intelligence in technology, arguing that for computers to ex-
hibit genuine intelligence and effectively interact with humans, they must
have the ability to recognise and respond to human emotions [127]. This
marked a significant departure from traditional human-computer interac-
tion paradigms, which primarily focused on efficiency and task completion.

The field has since evolved significantly, with recent bibliometric anal-
yses indicating a substantial increase in research activity, particularly from
regions such as China and Western institutions [128]. This growth reflects
the increasing recognition of emotion’s role in human-computer interaction
and the potential applications across various domains, from healthcare to

entertainment [129].

Computational Approaches to Emotion Processing

Building upon the theoretical foundations of emotion science, affec-
tive computing implements computational frameworks for emotion recog-

nition and response. A significant advancement in this area is the Function-
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Component-Representation (FCR) framework proposed by Ma and Yarosh
[130], which provides a structured approach to understanding and imple-
menting affective computing systems. The framework can be formally de-
fined as:

Acsystem =f(Faffect>CaffchRaffect) B.D

Where:

* Fquffece Tepresents the function (why compute affect)

* Cquffece denotes the component (how to compute affect)

* Rgffece indicates the representation (what affect to compute)

This framework has proven particularly valuable in implementing sys-
tems based on established emotion theories, including both discrete and
dimensional models [131]. The computational implementation of these
models often employs machine learning algorithms, with recent advances
in deep learning showing promising results in emotion recognition tasks
[132].

Experimental Methods in Affective Computing

The experimental methodology in affective computing encompasses var-
ious approaches to emotion elicitation and measurement. Research proto-
cols must carefully balance ecological validity with experimental control,

while ensuring reliable and reproducible results.

Emotion Elicitation Methods Affective computing research employs two
primary categories of emotion elicitation methods [133]:

* Active methods involve direct participant engagement through behavioural

manipulation tasks, social interaction scenarios, and interactive vir-
tual environments. These approaches enable the study of emotions in
dynamic, interactive contexts that more closely resemble real-world
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situations. Performance-based challenges can effectively induce stress
or achievement-related emotions, providing valuable data for study-

ing emotional responses in task-oriented scenarios.

* Passive methods rely on standardised stimuli to evoke emotional re-
sponses. The International Affective Picture System (IAPS) [134] and
International Affective Digitized Sound System (IADS) [135] repre-
sent well-validated tools for emotion elicitation, providing researchers
with standardised stimuli that have been extensively characterized in
terms of their emotional impact. Film clips and music excerpts of-
fer the advantage of temporal dynamics in emotion induction while

maintaining experimental control.

Experimental Design Protocols Standard experimental protocols in af-
fective computing follow rigorous methodological frameworks. The pre-
experimental phase involves careful participant screening, informed con-
sent procedures, and baseline measurements to establish foundational phys-
iological and psychological states. Environmental conditions are strictly
controlled to minimize confounding variables, with particular attention paid
to factors that might influence emotional responses or sensor measure-
ments.

The stimulus presentation phase implements carefully timed and coun-
terbalanced designs to control for order effects and fatigue. Synchronised
multimodal data collection enables researchers to capture various aspects
of emotional responses simultaneously, including physiological signals, be-
havioural expressions, and subjective reports. This multimodal approach
provides a more comprehensive understanding of emotional responses while

allowing for validation across different measurement modalities.

Assessment Tools and Metrics

The Self-Assessment Manikin (SAM) The Self-Assessment Manikin, de-
veloped by Bradley and Lang [ 136], stands as a cornerstone tool in affective
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Figure 3.6. The Self-Assessment Manikin (SAM) used to rate the affective
dimensions of valence (top panel), arousal (middle panel), and dominance
(bottom panel) [136].

computing research, offering a non-verbal pictorial assessment technique
that directly measures three fundamental dimensions of emotional experi-
ence. This innovative tool presents participants with a series of anthropo-
morphic figures that represent varying levels of pleasure (valence), arousal,
and dominance.

The SAM consists of three distinct scales:

* The valence scale depicts figures ranging from smiling to frowning,
representing the pleasantness dimension of emotional experience

* The arousal scale illustrates varying levels of emotional intensity through

figures displaying different levels of visceral excitement

* The dominance scale represents the degree of perceived control over
the emotional experience, depicted through variations in the figure’s

size and stance
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The tool’s nine-point rating system for each dimension provides suffi-
cient granularity to capture nuanced emotional responses while remaining
straightforward to administer. Its non-verbal nature makes it particularly
valuable for cross-cultural studies and research involving participants with
limited verbal abilities. Research has demonstrated strong correlations be-
tween SAM ratings and various physiological measures, including heart rate
variability, skin conductance, and facial EMG activity [136].

Core Technologies in Affective Computing

Modern affective computing systems typically employ multiple modal-
ities for emotion recognition, integrating various data sources to achieve
more robust and accurate emotion detection. The primary modalities in-
clude:

Modality Key Measures Applications

Facial Expression Action Units, Expression Intensity FER Systems

Physiological HR, HRV, GSR Stress Detection
Audio Prosody, Speech Rate Emotion Recognition
Behavioural Gestures, Posture Social Interaction

Table 3.2. Primary modalities in affective computing systems

All the modalities presented in table 3.2 will be explored in more detail

in the following paragraph of this section.

Current Challenges and Future Directions

The field of affective computing continues to evolve, facing both tech-
nical and methodological challenges. Recent developments in large lan-
guage models and foundation models have introduced new opportunities
and challenges [132]. Technical challenges persist in achieving reliable
emotion recognition in real-world conditions, where multiple confound-
ing factors can influence system performance. The integration of multiple
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modalities while maintaining real-time processing capabilities remains a
significant challenge, particularly in applications requiring immediate emo-

tional assessment and response.

Ethical Considerations

The implementation of affective computing systems raises important
ethical considerations that must be carefully addressed [137]. Privacy con-
cerns are paramount, particularly regarding the collection and storage of
emotional and physiological data. Researchers and developers must im-
plement robust data protection measures and ensure transparent consent
processes that clearly communicate how emotional data will be collected,
used, and stored.

The potential for algorithmic bias in emotion recognition systems presents

another significant ethical challenge. Systems must be developed and val-
idated across diverse populations to ensure equitable performance regard-
less of demographic factors. Cultural variations in emotional expression
must be considered to avoid misinterpretation or biased results. Addition-
ally, the emotional wellbeing of participants in affective computing research
requires careful consideration, with clear protocols for monitoring and man-
aging the intensity of induced emotions and providing appropriate support
when needed.

Research integrity in affective computing demands transparent report-
ing of methodologies and limitations, along with sufficient detail for study
replication. As the field continues to advance, establishing and maintain-
ing ethical guidelines becomes increasingly crucial for ensuring responsible

development and application of affective computing technologies.

3.2.2 Physiological Measurements in Affective Comput-
ing

Physiological measurements provide objective indicators of emotional

responses through the activation of the autonomic nervous system (ANS).
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These measurements are particularly valuable in affective computing as
they offer continuous, non-invasive monitoring of emotional states with-
out requiring conscious input from the participant. This section focuses
on the primary physiological measures used in emotion recognition, with
particular emphasis on cardiovascular and electrodermal responses.

Cardiovascular Measures

Heart rate (HR) and heart rate variability (HRV) serve as fundamen-
tal measures in affective computing research, providing insights into both
sympathetic and parasympathetic nervous system activation. Heart rate,
measured in beats per minute (BPM), offers a basic indicator of autonomic
arousal, while HRV provides more nuanced information about emotional
regulation and stress responses [ 138].

Heart Rate Variability analysis typically employs several time-domain
metrics, with the Root Mean Square of Successive Differences (RMSSD)

being particularly valuable for assessing emotional responses:

N—-1
1
— - . — )2
RMSSD = - i§:1(RRl+1 RR;) (3.2)

where RR; represents the time interval between successive R-peaks in
the ECG signal. RMSSD primarily reflects parasympathetic activity and has
shown robust correlations with emotional valence, particularly in response
to affective stimuli [ 140].

Common artifacts in cardiovascular measurements include:

* Motion artifacts from participant movement

Electrical interference from nearby devices
* Poor electrode contact or placement

* Ectopic beats and other cardiac irregularities
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Figure 3.7. The most common sensing technologies employed to moni-
tor cardiovascular activity are the electrocardiogram (ECG) and the pho-
toplethysmogram (PPG). The ECG signal is characterized by specific wave-
forms (B Q, R, S, T), with the R-peak being used to calculate R-R intervals
for deriving HR and HRV. The PPG signal, reflecting blood volume changes
in the microvascular bed, provides inter-beat intervals (IBI) which can sim-
ilarly be used to calculate HR and HRV. Additional features like the dicrotic
notch and systolic and diastolic peaks in the PPG further complement car-
diovascular monitoring.HR and HRV [139].

These artifacts require careful preprocessing and typically involve both
automated detection algorithms and manual verification.

Electrodermal Activity

Electrodermal activity (EDA), also known as galvanic skin response (GSR),
provides a particularly sensitive measure of emotional arousal through changes
in skin conductance. EDA reflects purely sympathetic nervous system activ-
ity, making it an excellent indicator of psychological arousal and emotional
intensity [141].

EDA measurements comprise two main components: Skin Conductance
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Level (SCL) and Skin Conductance Response (SCR). SCL refers to the tonic,
slowly-changing baseline level, while SCR represents rapid phasic changes
in response to stimuli. The interpretation of EDA signals requires consider-
ation of several factors, including individual differences in baseline conduc-
tance, environmental conditions such as temperature and humidity, record-
ing site characteristics, and the time course of responses.

Electromyography

Electromyography (EMG) provides valuable insights into emotional states
by measuring the electrical activity produced by skeletal muscles. In affec-
tive computing, facial EMG is particularly relevant, as it can detect subtle
muscle activations associated with emotional expressions, even when these
are not visibly apparent [ 142]. The primary muscle sites for emotional as-

sessment include:

* Corrugator supercilii (associated with frowning and negative emo-
tions)

» Zygomaticus major (involved in smiling and positive emotions)
* Frontalis (related to surprise and attention)

EMG signals require careful preprocessing due to their susceptibility to
various artifacts, including cross-talk from adjacent muscles, power line in-
terference, movement artifacts, and electronics noise.

Studies have shown strong correlations between facial EMG activity and
emotional valence, with the corrugator showing increased activity during
negative emotions and the zygomaticus activating during positive emotions
[144].

Blood Pressure and Peripheral Measures

Blood pressure and other peripheral physiological measures provide ad-
ditional insights into emotional states through cardiovascular system dy-
namics. Blood pressure, measured as systolic (SBP) and diastolic (DBP)

108 CHAPTER 3



common reference electrode
(at border of hair line)

imaginary vertical
line through pupil

frontalis (VII)

corrugator
supercilii (VII)

orbicularis
oculi (VII)

lev. labii sup.

al. nasi (VII
zygomaticus
major (VII)
o
orbicularis
oris (V1) \ ‘ /
depressor )
anguli oris (VII) mentalis (VI1)

Figure 3.8. Electrode locations for measuring facial EMG activity [143].

pressure, reflects both the direct effects of emotional arousal on the cardio-
vascular system and longer-term emotional states [145].

Peripheral measures include:

* Peripheral temperature, particularly finger temperature
* Blood volume pulse (BVP)

* Peripheral vascular resistance

These measures are particularly valuable in emotion recognition be-
cause they provide continuous, non-invasive monitoring, reflect both short-
term emotional reactions and longer-term mood states, and offer comple-
mentary information to other cardiovascular measures. However, these
measurements face certain challenges, such as sensitivity to movement arti-
facts, individual variations in baseline measures, environmental influences
like temperature and humidity, and time delay in response to emotional

stimuli.
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Respiratory Measures

While respiratory measures are often secondary to cardiovascular and

electrodermal measurements in affective computing, they provide valuable

complementary information about emotional states. Respiratory rate, depth,

and pattern can indicate emotional arousal and stress levels, though these

measures are more susceptible to voluntary control [ 146].

Correlation with Emotional States

Physiological responses show distinct patterns of correlation with the

dimensional model of emotion (valence-arousal). Research using standard-

ized stimuli has revealed consistent relationships:

Measure

Valence

Arousal

Heart Rate

HRV (RMSSD)
EDA

EMG Corrugator
EMG Zygomaticus

Blood Pressure

Peripheral Temperature

Respiratory Rate

Moderate positive
Strong positive
Weak/no correlation
Strong negative
Strong positive
Weak negative
Moderate positive

Weak correlation

Strong positive
Moderate negative
Strong positive
Moderate positive
Weak positive
Strong positive
Moderate negative

Strong positive

Table 3.3. Typical correlations between physiological measures and emo-

tional dimensions

These relationships have been demonstrated across various stimulus

types:

Music Stimuli

Musical stimuli typically elicit strong physiological responses,

with particular effectiveness in modulating both valence and arousal. Re-

search has shown that tempo and mode primarily affect arousal measures
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(HR, EDA), while harmonic complexity and consonance correlate more strongly

with valence-related HRV measures [147].

Visual Stimuli The International Affective Picture System (IAPS) has been
extensively used to validate physiological responses to visual emotional
stimuli. EDA responses show particularly robust correlations with image
arousal ratings, while HRV measures better reflect the valence dimension
[148].

Video Stimuli Video stimuli often elicit the most complex physiological
response patterns, likely due to their dynamic nature and multimodal con-
tent. Temporal analysis of physiological signals during video viewing has
revealed distinct response patterns for different emotional scenarios, with

particularly strong EDA responses to suspenseful or surprising content [ 149].

Common challenges in physiological measurement for affective com-

puting include:

* Individual differences in response patterns
* Context dependency of physiological responses
* Temporal dynamics and response latency

* Integration of multiple physiological channels

These challenges necessitate careful experimental design and appropri-
ate statistical approaches when using physiological measures for emotion

recognition in affective computing applications.

3.2.3 Analysis of Non-verbal Behavioural Signals

Non-verbal behavioural signals provide crucial information about emo-
tional states through facial expressions, gestures, and body posture. These
signals offer complementary information to physiological measures, often
providing more immediate and visually interpretable indicators of emo-

tional responses.
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Facial Expression Recognition

Facial Expression Recognition (FER) remains a complex challenge in af-
fective computing, requiring the integration of various contextual compo-
nents including gender, age, ethnicity, and culture [ 150, 151]. The develop-
ment of FER algorithms has focused on leveraging advanced data analysis
tools to obtain information about emotional states from facial expressions
[152]. These algorithms typically build upon either Ekman’s discrete emo-
tion theory [153] or Russell’s dimensional theory [90], following a process
that begins with face identification, continues with landmark extraction,
and concludes with emotion classification [154].

The Facial Action Coding System (FACS), developed by Ekman and Friesen
[155], stands as the most well-known and widely used system for analysing
facial activity. The automation of FACS represents a significant challenge
in the field of behavioural sciences. Despite numerous attempts, achieving
fully automated FACS coding remains an unresolved practice. The com-
plexity lies in the association of emotions with facial expressions through
the manual, which requires expert human judgment capable of recognis-
ing emotional components from frames extracted by AU decoding systems.
Nevertheless, various tools have been developed to assist in AU detection
and analysis. Notable among these is the Python Facial Expression Analy-
sis Toolbox (Py-FEAT), which represents a significant advancement in au-
tomated facial expression analysis [156]. This open-source toolkit enables
automated detection of facial landmarks, AU intensity estimation, and emo-
tion classification based on AU configurations, while integrating seamlessly
with common deep learning frameworks.

Recent research emphasizes the crucial role of timing in facial expres-
sion interpretation, leading to increased focus on algorithms enabling real-
time monitoring of facial emotion dynamics [157]. Several pre-made so-
lutions have emerged to facilitate FER applications. The Microsoft Cogni-
tive Service Pack’s Emotion API enables face identification and expression
analysis, classifying emotions according to Ekman’s six basic emotions plus
neutrality [158]. However, this API processes only pre-captured images or
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videos, limiting its real-time implementation capabilities. Affectiva’s Affdex
technology [159], developed by the MIT Media Lab in 2009, identifies 21
facial expressions and maps them to Ekman’s fundamental emotions. The
system analyses pixels in 21 facial zones using FACS principles. While Affec-
tiva offers extensive integration options through SDKs for various platforms,
research has indicated limitations in its performance for recognising inner
emotional states [160, 161].

Face-api.js has emerged as another significant solution, implementing
various convolutional neural networks (CNNs) on top of tensorflow.js for
face detection and recognition [162]. The library offers comprehensive
functionality including face detection, landmark detection, face recogni-
tion, and facial expression detection. It employs five pre-trained models:
MobilenetV1, TinyFaceDetector, FaceLandmarkModel, FaceLandmark68TinyNet,
and FaceRecognitionModel. These models were trained on extensive datasets,
with the face detection models utilizing the WIDER FACE dataset (compris-
ing 32,203 images and 393,703 labelled faces), landmark detection mod-
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els trained on approximately 35,000 labelled images, and the recognition
model trained on over three million images.

The development and evaluation of FER algorithms heavily rely on high-
quality labelled datasets [163, 164]. AffectNet stands as one of the most
comprehensive datasets, containing approximately one million facial im-
ages collected from internet searches using emotion-related keywords in
six languages [165]. Of these, about 457,000 images have been manually
annotated by experts with seven discrete facial expressions and intensity
ratings for valence and arousal. The CK+ dataset [166], expanding upon
the original Cohn-Kanade dataset [167], provides both video sequences
and static images labeled with seven emotions, including contempt along-
side the six basic emotions. The FER-2013 dataset offers 35,887 greyscale
images with crowdsourced labels [168], while additional resources like
EmoReact, MMI, and RAF-DB provide further options for researchers [ 169,
164]. Despite these advances, emotion detection in realistic circumstances
continues to face significant challenges. These include substantial intra-
class variation and low inter-class variation, such as changes in facial posi-
tion and subtle differences between expressions. The field’s continuous ex-
pansion demands constant access to high-quality labelled data [170], mak-
ing dataset selection crucial for specific tasks and available resources. While
large-scale datasets can enhance deep learning model performance, smaller

datasets may better suit traditional machine learning approaches.

Gesture and Posture Analysis

Body movement analysis enhances emotion recognition through the
study of gestures and posture, a field that has gained increasing atten-
tion in affective computing research [171]. Research has demonstrated
that body movements and postures can effectively communicate emotional
states, often providing information complementary to facial expressions
[castellano2007recognising]. Motion capture methods broadly fall into
two categories: marker-based systems using reflective or active markers to
track specific body points, and markerless systems employing computer vi-
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sion techniques for direct movement tracking.

Feature extraction from gesture and posture data focuses on several key
aspects of movement. As outlined by Karg et al. [172], these include kine-
matic features capturing velocity, acceleration, and jerk, postural features
analysing joint angles and body alignment, and quality features assessing
movement smoothness and directness. Temporal aspects such as rhythm
and synchronization patterns provide additional layers of emotional infor-
mation. These features find application in various emotional contexts, from
detecting stress and anxiety through movement patterns to analysing social
interactions and emotional engagement in virtual environments.

Integration with Physiological Measures

The integration of non-verbal behavioural signals with physiological
measurements creates a more comprehensive approach to emotion recog-
nition. D’'mello and Kory [173] conducted a meta-analysis of multimodal
affect detection systems, demonstrating that combining different modal-
ities consistently outperforms unimodal approaches. While physiological
measures provide objective indicators of emotional arousal and valence,
behavioural signals offer immediate visual cues and capture the social and
communicative aspects of emotions. Poria et al. [174] highlight how this
complementarity enables cross-validation of emotional state assessments
and accounts for both conscious and unconscious aspects of emotional ex-

pression. Their review emphasizes the importance of temporal alignment

and synchronization between different modalities for effective emotion recog-

nition. Current challenges in non-verbal behavioural analysis include achiev-
ing reliable performance in realistic conditions, handling significant intra-
class variation, and addressing cultural and individual differences while
maintaining real-time processing capabilities. These challenges underscore
the importance of continuing research in this field, particularly in develop-
ing more robust and adaptable analysis methods.
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Figure 3.10. An illustration of the SER process using conventional ap-
proaches [177].

3.2.4 Audio Technologies in Affective Computing

Speech carries rich emotional information through various acoustic prop-
erties, making it a valuable modality for emotion recognition in affective
computing. Speech Emotion Recognition (SER) systems analyse multiple
aspects of vocal expression to detect and classify emotional states [175].
Speech-based emotion recognition relies on the extraction and analysis of
various acoustic features. Prosodic features, including fundamental fre-
quency (pitch), energy, and speaking rate, provide primary indicators of
emotional state. These are complemented by spectral features such as Mel-
Frequency Cepstral Coefficients (MFCCs) and formants, which capture the
spectral envelope of speech signals [176]. Voice quality features, including
jitter, shimmer, and harmonics-to-noise ratio, offer additional insights into

emotional expression through vocal characteristics.

Modern SER systems employ both traditional machine learning approaches
and deep learning architectures. While traditional methods rely on care-
fully engineered feature sets, deep learning approaches can learn relevant
features directly from spectrograms or raw audio. Recent advances in deep
learning have led to improved performance in real-world conditions, though

challenges remain in handling varying acoustic environments and speaker

116 CHAPTER 3



characteristics [178].

Applications of speech emotion recognition span various domains, from
mental health monitoring to customer service analytics. In clinical settings,
SER systems can assist in tracking emotional states during therapy sessions
or monitoring patients for signs of psychological distress. Commercial ap-
plications include call centre analysis for customer satisfaction assessment
and virtual assistants capable of adapting their responses based on detected
emotional states.

Despite progress in the field, SER systems face ongoing challenges in-
cluding speaker variability, cultural differences in emotional expression,
and the need for robust performance in noisy environments. Integration
with other modalities, such as facial expression recognition and physio-
logical measurements, often provides more reliable emotion recognition in
practical applications.

3.2.5 Multimodal Integration in Affective Computing

The integration of multiple modalities in affective computing offers a
more robust and comprehensive approach to emotion recognition, mirror-
ing the way humans naturally perceive and interpret emotional states. As
demonstrated through meta-analysis [ 173], multimodal systems consistently
outperform unimodal approaches in emotion recognition tasks. This section
explores the strategies, challenges, and implementations of multimodal in-

tegration in affective computing.

Fusion Strategies

Multimodal fusion in affective computing typically employs three main
approaches: early fusion (feature-level), late fusion (decision-level), and
hybrid fusion [174]. Early fusion combines raw features or feature repre-
sentations from different modalities before classification, allowing the sys-
tem to leverage potential correlations between modalities. This approach,
however, must address challenges of feature synchronization and dimen-

AFFECTIVE COMPUTING AND EMOTION RECOGNITION

117



118

sionality.

Early Fusion Hybrid Fusion

Physiological Signals

‘ Facial Expressions

Speech Features

’ Physiological Signals

N/

Early Fusion P+F

Facial Expressions

Feature Fusion

Speech Features

Emotion Classifier

P+F Classifier Speech Classifier

Decision Fusion

Late Fusion

‘ Physiological Signals

’ Facial Expressions

Speech Features

‘ Physio Classifier

| Facial Classifier

Decision Fusion

Figure 3.11. Comparison of multimodal fusion architectures for emotion
recognition. Early Fusion (top left) combines physiological signals, facial
expressions, and speech features at feature level; Late Fusion (bottom) pro-
cesses each modality through dedicated classifiers before decision-level fu-
sion; and Hybrid Fusion (right) merges physiological and facial data early
while processing speech separately. Color intensity indicates processing
stage: input features (white), intermediate processing (light blue), and
emotion recognition output (dark blue).
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Late fusion, conversely, processes each modality independently and com-
bines their decisions or predictions. This approach offers greater flexibility
and easier implementation but may miss important cross-modal correla-
tions. Hybrid fusion attempts to capitalize on the advantages of both ap-
proaches by combining features at multiple levels of abstraction.
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Synchronization and Implementation Approaches

A critical challenge in multimodal integration is the synchronization of
different data streams [132]. Each modality operates at different temporal
scales: facial expressions may change rapidly, physiological responses show
varying latencies, and speech features require sufficient temporal context.
Effective integration must address different sampling rates across modali-
ties, varying response latencies and durations, temporal dependencies be-
tween modalities, and real-time processing requirements. Successful multi-
modal systems often employ sophisticated architectures to handle the com-
plexity of integration. Recent approaches utilize deep learning frameworks
that can learn optimal fusion strategies directly from data [131]. For ex-
ample, attention mechanisms have proven effective in weighing the con-
tribution of different modalities based on their reliability and relevance in
specific contexts. Several successful implementations demonstrate the ef-
fectiveness of multimodal integration, such as combined analysis of facial
expressions and speech for more accurate emotion classification, integra-
tion of physiological signals with behavioural measures for stress detection,

and fusion of multiple modalities for mental health monitoring applications.

Challenges and Future Directions

The implementation of multimodal systems faces several key challenges,
including computational complexity and resource requirements, missing or
noisy data from individual modalities, calibration and normalization across
different signal types, and real-time processing constraints. Additionally,
ethical considerations become more prominent in multimodal systems due
to the comprehensive nature of the collected data. Privacy concerns, data
security, and informed consent require careful attention, particularly when
combining multiple data streams that could potentially reveal sensitive per-
sonal information [137].

The field of multimodal integration in affective computing continues
to evolve, with several promising directions, such as the development of
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more efficient fusion architectures, improved methods for handling miss-
ing or unreliable modalities, enhanced temporal modelling approaches, and
more robust cross-cultural and individual-specific adaptation. As the field
advances, the integration of multiple modalities will likely become more
seamless and computationally efficient, leading to more reliable and natu-
ralistic emotion recognition systems.
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3.3 Research Objectives and Chapter Overview

This chapter addresses fundamental challenges in affective computing
through investigations in three interconnected areas exploring different as-
pects of emotion recognition and response. These studies share common
themes in the pursuit of reliable, validated approaches to emotional as-
sessment and interaction, while each focusing on distinct applications and
methodological challenges.

The first investigation centres on the validation of Facial Expression
Recognition (FER) algorithms, addressing the critical need for standard-
ized evaluation methodologies in emotion recognition systems. This work,
published in Sensors in 2023 [179], introduces a universal validation pro-
tocol implemented through a web-based framework, enabling systematic
assessment of FER algorithms’ performance. Additionally, this research con-
tributes to the field through the development of the FeelPix database, pro-
viding carefully labelled facial expression data that captures subjects’ self-
reported emotional states alongside their facial expressions.

The second study explores the integration of emotional awareness in
sensory substitution devices through the AFFECT-SENSE system. This novel
approach combines real-time physiological measurements with facial ex-
pression analysis to create emotionally congruent visual-to-auditory trans-
formations. The research addresses the crucial challenge of maintaining
emotional coherence in sensory substitution, potentially enhancing user en-
gagement and device adoption through emotionally appropriate audio feed-
back. A rationale of this work was presented during the 12th International
Conference on Affective Computing & Intelligent Interaction in Glasgow,
UK, in September 2024 [180].

The third investigation examines the application of affective comput-
ing in music therapy settings, focusing on the development and validation
of technology-enhanced therapeutic interventions. This work explores how
emotional recognition and response systems can support clinical music ther-
apy practices, contributing to the understanding of music’s role in emotional
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regulation and expression within therapeutic contexts.

These research areas converge in their emphasis on developing and val-
idating emotion-aware technologies that can be effectively implemented in
real-world applications. The subsequent sections present detailed investi-
gations into each of these areas, including theoretical foundations, exper-
imental methodologies, and validation studies. Through these investiga-
tions, this chapter contributes to the advancement of affective computing by
addressing fundamental challenges in emotion recognition, response gen-
eration, and practical application.

3.4 Methodological Approach and Justification

The selection of specific methodologies for emotion recognition and
analysis in this thesis was guided by several key considerations, balanc-
ing theoretical foundations, practical constraints, and application require-
ments. This section outlines the rationale behind the methodological choices
made across the different modalities of affective computing presented in
this chapter.

3.4.1 Rationale for Multimodal Approach

While numerous unimodal approaches exist for emotion recognition,
this research deliberately employed a multimodal framework that integrates
physiological, behavioural, and audio technologies. This decision was driven

by several critical factors:

* Complementary Information: Different modalities capture distinct
aspects of emotional expression that may not be accessible through
a single channel. Physiological measures provide objective indicators
of autonomic arousal, facial expressions reveal social communicative
aspects of emotion, and audio features capture the temporal dynamics
of emotional vocalization [173].
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* Increased Robustness: Single-modality approaches are vulnerable
to specific limitations—physiological signals may be contaminated by
motion artifacts, facial expressions can be deliberately suppressed,
and audio may be compromised by environmental noise. Multimodal-
ity provides redundancy that enhances system resilience in real-world
conditions [174].

* Cross-Validation: Multiple channels enable cross-validation of emo-
tional assessments, reducing the likelihood of false detections and
increasing overall confidence in the system’s evaluations [132].

* Alignment with Natural Perception: Human emotion perception
naturally integrates multiple sensory channels. A multimodal ap-
proach more closely emulates this natural processing, potentially lead-
ing to more intuitive and human-interpretable systems [181].

Alternative approaches considered included deep neural network ar-
chitectures specialized for emotion recognition, such as EmoNet [182] and
EmotioNet [ 183]. While these systems demonstrate impressive performance
on benchmark datasets, they were not selected due to their substantial
computational requirements, limited interpretability, and challenges in real-
time implementation across diverse healthcare settings—considerations that
were particularly important for the music therapy applications presented in
this chapter.

3.4.2 Selection Criteria for Physiological Measurements

Among the wide array of physiological measures available, our research
prioritized cardiovascular (HR, HRV) and electrodermal (EDA) activity for

several key reasons:

* Non-Invasiveness: These measures can be collected using wearable
sensors with minimal discomfort to the participant, aligning with our

core objective of developing unobtrusive monitoring solutions.
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* Established Relationships with Emotional Dimensions: Both mea-
sures have well-documented relationships with the valence-arousal
dimensional model of emotion. HRV has demonstrated consistent
correlation with emotional valence, while EDA shows robust relation-
ships with arousal [140].

* Temporal Responsiveness: These physiological measures demon-
strate sufficiently rapid response characteristics to capture the dy-
namic nature of emotional changes, while also showing enough sta-
bility to provide reliable measurements over extended periods [141].

* Implementation Feasibility: The selected measures can be reliably
monitored using commercially available, relatively affordable sensor
technologies, enhancing the translational potential of the research.

Alternative physiological measures considered included neural measure-
ments (EEG, fNIRS) and respiratory monitoring. Despite their potential for
providing additional emotional information, these were not incorporated
due to greater susceptibility to movement artifacts (EEG), more complex
interpretation requirements (fNIRS), and more intrusive measurement ap-
paratus (respiratory belts). These limitations would have compromised the
non-invasive nature of our approach and complicated implementation in
ecological settings like those found in the music therapy applications.

3.4.3 Selection Rationale for Facial Expression Analysis

For facial expression analysis, our research employed the Python Facial
Expression Analysis Toolbox (Py-FEAT) over alternatives such as OpenFace,
Microsoft Cognitive Services, and Affectiva. This selection was based on

several considerations:

* Open-Source Framework: Py-FEAT’s open-source nature allowed for
greater customization and integration with other system components,
enhancing the reproducibility of our research [156].
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* Comprehensive Analysis Pipeline: The framework provides a com-
plete pipeline from facial detection to emotion classification based
on Facial Action Units (AUs), allowing for both categorical emotion
recognition and AU-level analysis [156].

* Research Orientation: Unlike commercial solutions that often oper-
ate as "black boxes," Py-FEAT was developed specifically for research
applications, providing greater transparency in its operation and al-
lowing for more nuanced interpretation of results.

* Integration Capabilities: The framework’s Python implementation
facilitated seamless integration with our other analytical tools and

data processing pipelines.

While commercial systems like Affectiva’s Affdex may offer more robust
performance in certain contexts, their closed nature and subscription re-
quirements limited their suitability for our research purposes. Additionally,
OpenFace, while powerful for facial landmark detection, provides less direct

support for emotional classification compared to Py-FEAT.
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3.5 Universal Validation Protocol for FER al-

gorithms and FeelPix Database

Objectives

From the analysis of the state-of-the-art it emerged that the evaluation
and verification of FER algorithms are challenging yet critical. For this rea-
son, the first goal of this work is to devise a universal validation method-
ology, applicable to any algorithm, aimed at evaluating the performance of
Facial Expression Recognition (FER) algorithms. To do so, a web framework
was designed, capable of incorporating different algorithms for their inves-
tigation. Within this framework, a specific algorithm was tested on healthy
subjects, recording their expressions, and comparing the results with their
declared emotional state. To elicit an emotional response, the framework
presents the user with highly emotive images carefully selected from a spe-
cific database. Due to its wide use in various research projects and appli-
cation domains [184, 185] even if lacking a thorough accompanying doc-
umentation, in this project we chose to validate the FER algorithm imple-
mented in the JavaScript library face-api.js. From reverse engineering the
code, we observed that the face-api.js face expression recognition model
utilizes depthwise separable convolutions and densely connected blocks in
its architecture based on ResNet, a popular model for many image recogni-
tion tasks due to its ability to train deep networks using skip connections or
shortcuts. The model training dataset included diverse images from public
datasets and the internet.

From the analysis of the literature, the necessity for annotated databases
to develop FER algorithms has become apparent. Presently, existing datasets
mainly consist of images, requiring processing through Convolutional Neu-
ral Networks (CNNs) or preprocessing to extract facial landmark coordi-
nates for use in machine learning classifiers. Another crucial aspect pertains
to the labelling of these datasets, which has been carried out by developers
rather than by the subjects themselves, the very individuals from whom the
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facial expressions were captured. This phenomenon introduces a significant
gap in the data, as it fails to fully capture the genuine emotional responses
of the test participants.

Hence, the secondary objective of this study is to collect the subjects’ fa-
cial expressions’ data during the testing phase, thereby crafting an accurate
and comprehensive dataset of labelled information. This dataset will serve
as a valuable resource for training versatile FER algorithms that can discern
users’ facial expressions with utmost precision, leveraging facial landmarks
as the foundation for analysis.

As a final objective, we have planned to develop a FER algorithm that,
leveraging machine learning methodologies, allows for the verification of
the reliability of the database constructed, and can be used as an effective
methodology for the classification of facial expressions based on facial land-
marks coordinates.

Therefore, this research aims to provide a significant contribution to the
understanding and development of techniques for facial expression recog-
nition. This work consists of the presentation of a validation method that
allows for verifying the reliability of any FER algorithm implementable in
web applications. Additionally, this study includes the creation and release
of a labelled database, named FeelPix, which can be used to train and test
any FER algorithm that recognises facial expressions based on facial land-
marks coordinates. Furthermore, the research involves the development
of a computationally lightweight yet sufficiently performant algorithm, en-
abling the evaluation of the effectiveness of the released database by recog-
nising facial expressions based on the data included within it.

Materials and Methods

Experimental Protocol Experimental setup. A single subject at a time
was tested using a web application in an environment without external
sources of lighting, in order to make the results comparable without in-
fluencing the user’s expressiveness. In order to ensure uniformity of results
among all participants, the same computer was used, a Lenovo Essential

AFFECTIVE COMPUTING AND EMOTION RECOGNITION

127



128

V15-IIL notebook with the following characteristics:

* Intel Core i7-1065g7 processor;

8 GB Ram;

Hd 512 GB SSD;

Display 15.6”;

Windows 11;

0.3 MP front camera resolution.

Google Chrome and Web Server for Chrome applications were used to
run the web application in full-screen mode after preloading it from a spe-
cific folder.

The language used for the instructions, the evaluation system, and to
communicate with participants was Italian.

Protocol. Each participant was provided the appropriate instructions
regarding the test procedure before its execution. In addition, the graph-
ical interface informed users about the progress of their tests and subse-
quent activities. Participants were also asked to timely report any discom-
fort they felt so that the experiment could be discontinued. A pool of 70
images was identified prior to the experimentation within a specific dataset
of highly emotive images, in order to derive the images to be presented to
the subjects. Each participant was presented with a randomized subset of
35 images in order to display five images for each of the seven considered
emotions (i.e., the six Ekman basic emotions and the neutral emotional sta-
tus), in a non-consecutive manner. This allowed for variation in the set and
order of images presented to each subject, ensuring the generalization of
the results thus enhancing the internal validity of the study.

The decision to present participants with a subset of 35 images was
grounded in a meticulous assessment of test timing. During the study’s de-
sign phase, a series of pilot tests were conducted to determine the average
time a participant would take to complete the emotional test using varying
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quantities of images. It was revealed that with a selection of 35 images, we
were able to maintain the total test duration within 10 min. We deemed
it essential to prevent participants from experiencing boredom or discom-
fort due to the test’s length, as this situation could adversely affect their
emotional expressiveness. Additionally, an excessively long test duration
could have led to increased variability in emotional responses, making data
interpretation more challenging.

Concurrently, specific guidelines were followed in presenting images to
the participants: first of all, five photos were displayed in a non-consecutive
order for each emotion (i.e., neutrality, happiness, anger, fear, sorrow, dis-
gust, and surprise). Each image was shown in full-screen mode for 3 s,
and the face-api.js library was used to identify emotions and facial cruxes
(i.e., landmarks). After this step, the image was reduced and participants
were able to see the emotion rating scale. During the decision-making
phase, each participant used a seven-button rating scale to describe the
emotional state aroused. Each button is labeled with the associated emo-
tion, supported by the corresponding emoticon. In order to avoid affect-
ing the results, the detection of emotions was switched off throughout this
decision-making phase. Furthermore, no time restriction was set on the par-
ticipants in order to give them as much freedom as possible in their choice
of emotional state. In fact, each participant was given the choice to move to
the next image by pressing a specific button only when he or she thought it
was suitable. However, this button was designed in a way that it could only
be used after choosing at least one emotional state. Additionally, the web
application allowed users to pick multiple emotions for each image simulta-
neously and change their minds until they had moved on to the next image.
Finally, a break time was implemented between each image, during which
the subject was informed about the test’s progress.

The task was completed in 5-9 min without applying any time restric-

tion.

Participants. A total of 31 healthy subjects (13 females and 18 males)
aged between 20 and 69 years participated in the test phase; the age dis-
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tribution of the participants can be observed in the graph presented in Fig-
ure 3.12.

Age distribution of participants

[l Number of partecipants for each age group
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Figure 3.12. Age distribution among individuals involved in the experi-
mental validation process of the Facial Expression Recognition algorithm
under investigation.

The data collected for each participant were: first name, surname, date
of birth, gender and whether or not they would wear glasses during the test.
All subjects voluntarily participated in the study, and no form of compensa-
tion was provided. The study was approved by the local ethical committee.

Selection of Highly Emotive Images The selection of appropriate stimuli
to consistently induce emotional states played a pivotal role in the exper-
imental protocol. Established stimulus sets are crucial data sources, pro-
viding researchers with the means to control and manipulate experimental
conditions effectively. At present, numerous well-established, highly emo-
tive stimulus sets are readily accessible. These stimulus sets, carefully se-
lected to evoke emotions consistently, undergo a rigorous standardization
process aligned with either the discrete emotion theory and/or the dimen-
sional theory of emotions. As a result of these comprehensive standardiza-
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tion efforts, a robust array of stimulus sets has been crafted to harmonize
with established theoretical frameworks in the field of emotion.

In this study, it was decided to provide individuals with static visual
stimuli, i.e., images, as suggested by specialized literature [186, 187]. We
preferred this stimuli over dynamic stimuli such as video or audio tracks,
since the aim was to capture instantaneous emotions rather than the tem-
poral evolution of emotional states whereas the use of dynamic stimuli such
as video or audio tracks may have introduced confounding factors related
to the length and complexity of the stimuli, potentially masking or altering
the immediate emotional responses being investigated. Finally, the static
images allowed for fine control over the emotional content presented to
the participants.

Three different image databases were taken into account [188]: the In-
ternational Affective Picture System (IAPS), the Open Affective Standard-
ized Image Set (OASIS), and Nencki Affective Picture System (NAPS).

The first one, the IAPS database, developed by Lang et al. [134], pro-
vides normative ratings of emotions (pleasure, arousal, dominance) for a
series of color images that constitute a set of normative emotional stim-
uli for experimental investigations of emotion and attention [189]. In this
database, each item is accompanied by a set of norms (mean and stan-
dard deviation) along three dimensions: arousal (physiological activation
evoked by the image), valence (pleasantness and pleasure) and dominance
(the degree of control of the emotional state by the subject). More re-
cently, the IAPS has also been standardized according to the discrete emo-
tion theory. The usage of this database is granted by its owner upon request,
with the condition that it is solely used for research purposes. The authors
of this work applied for access to the database, but the approval for access
has not yet been given.

The OASIS [190], is an open-access online stimulus dataset containing
900 color images depicting a broad spectrum of themes, including humans,
animals, objects, and scenes, together with normative ratings on two affec-
tive dimensions: valence (i.e., the degree of positive or negative affective
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response that the image evokes) and arousal (i.e., the intensity of the af-
fective response that the image evokes). The OASIS images were collected
from online sources and the ratings of valence and arousal, expressed ac-
cording to the dimensional theory of emotions, were obtained through an
online study. The main advantage of this database lies in its free use for
research purposes.

The last database considered is the Nencki Affective Picture System
(NAPS) [191], which today is the richest database of visual stimuli with
extensive semantic information and a complete set of related normative
evaluations. It consists of 1356 realistic photos that have been split into five
categories: people, faces, animals, objects, and landscapes. Each image is
characterized by a series of emotive ratings that were collected through a
test phase on 204 subjects. In particular, the analysis was carried out using
the Self-Assessment Manikin (SAM) [136], i.e., a non-verbal pictorial evalu-
ation technique which produces results based on the dimensional theory of
emotions. Specifically, using the SAM, each participant expressed the emo-
tional state elicited by the image in terms of valence, arousal, and approach-
avoidance. In addition to emotional information, the NAPS provides physi-
cal attributes about the images such as brightness, contrast, and entropy.
The NAPS was followed by three expansions, including the NAPS Basic
Emotions (NAPS BE) [192], which was used in this study.

We decided to use the NAPS BE database rather than the OASIS database,
as the algorithm under investigation in the experimental phase yields re-
sults based on the discrete theory of emotions to assess the emotional state
of the subjects.

This database is a subset of 510 NAPS images that provides classifica-
tions based on both the discrete emotion theory and the dimensional theory
of emotions. In particular, the NAPS BE includes images that belong into the
same five categories as the original database split into the following quan-
tities: 98 animals, 161 faces, 49 landscapes, 102 objects, and 100 people.
In order to provide the characterization in discrete terms of this subset of
images, a test phase with 124 subjects was developed by the database au-
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thors.

In this study, a carefully selected subset of NAPS BE images was used
to reduce the number of considered elements and enhance the effective-
ness of the experimentation. A selection method was developed to ensure
impartiality and prevent our biases from affecting the screening of the im-
ages. This method, implemented in Matlab R2022a, utilizes the informa-
tion provided by the information table associated with the database. Using
this approach, we were able to isolate 70 images and divide them into seven
groups, each corresponding to one of the seven emotional states considered
by the discrete emotion theory. In particular, because images frequently had
several labels associated with them, it was not possible to select and cate-
gorize them using only discrete labels. For this reason, for each image we
took into consideration the intensity values associated with each of Ekman’s
six basic emotions, provided in range [1, 7], and valence and arousal values,
provided in range [1, 9].

The valence and arousal values were subjected to analysis using the k-
means clustering algorithm, aiming to identify emotional clusters for group-
ing the images within the database. The reason for choosing this algorithm
is that it always converges and has a very light computational overhead.
During the process, a number of clusters equal to three was set in order
to obtain three distinct groups of images, each of which could be associ-
ated with one of the discrete macro-categories of emotions introduced by
Ferré et al. and Kissler [193, 194], namely in Positive, Negative and Neu-
tral. At the same time, another relevant finding was the link, identified by
the same authors, between the labels of these macro-categories and mean
valence values, such as 2, 5 and 7. In fact, based on this information, each
of the three clusters was associated with the corresponding label according
to the following logic:

* Negative label to the cluster of images with valence values predomi-
nantly in the range [1, 4];

* Neutral label to the cluster of images with valence values predomi-
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nantly in the range [4, 6];

* Positive label to the cluster of images with valence values predomi-
nantly in the range [6, 9].

Once these three clusters were identified, specific pools of images had
to be extracted in order to associate them with the seven emotional states.
To do so, the discrete information in the database, namely the discrete labels
of each basic emotion and the mean intensity values associated with each
image, was utilized.

Firstly, to locate in which of the three clusters to search for the specific
images for each discrete label, it was necessary to establish a relationship
between each discrete emotion and the clusters previously created. Several
methodologies for remapping discrete emotions in the dimensional space
are reported in literature. The philosopher Russell J.A., known for devel-
oping the circumplex model of emotions, provided a characterization of
discrete emotions in dimensional terms [195, 196].

Moreover, statistical analysis methodologies [197, 198] were employed
to establish a connection between the two ways of interpreting emotions,
such as associating discrete emotion labels with corresponding valence and
arousal value pairs. For instance, the emotion label “happiness” may be
linked to a specific combination of valence and arousal values. We com-
bined various studies on literature to evaluate how the discrete emotions
were distributed in the dimensional space and identify one or more clus-
ters to search for images for each specific discrete emotion, as shown in
Table 3.4.

Considering Table 3.4, a noteworthy distinction arises in the treatment
of images associated with the emotion of ‘surprise’ compared to those linked
to other emotional states. Specifically, whereas images correlated with
other emotional states were confined to particular clusters, images linked
to the ‘surprise’ emotion were deliberately examined across all clusters.
This strategic decision is rooted in the inherent universality of the ‘sur-

prise’ emotion. Research examining the dualistic nature of discrete emo-
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Discrete Emotions Valence [1, 9] Arousal [1, 9] Cluster

Anger 3.2 7.7 Negative
Anger 3.2 7.7 Negative
Disgust 2.6 6.4 Negative
Fear 2.4 7.4 Negative
Happiness 8.0 6.9 Positive
Neutrality 5.0 3.0 Neutral
Sadness 2.4 6.1 Negative
Surprise 6.6 7.7 All clusters

Table 3.4. Results of the mapping between discrete and dimensional emo-
tions, with cluster identification for each label.

tions [199, 200], underscores the necessity of an accurate conceptualiza-
tion of the ‘surprise’ emotion that embraces both its positive and negative
components. In contrast to the categorical classifications typical of other
emotions, the complexity of ‘surprise’ arises from the simultaneous inter-
weaving of these opposing dimensions. This comprehensive perspective
elucidates the rationale underlying the distinctive approach adopted when
seeking images associated with the ‘surprise’ emotion, as illustrated in Ta-
ble 3.4.

The images associated with each specific emotion were searched in the
corresponding clusters, considering only those elements that the database
developers had labeled with at least the same discrete label as the emotion
under consideration. For each emotion, the isolated elements were then
rearranged in descending order according to the intensity associated with
the emotion in question, in order to select the first ten images to be used
for composing the database used in the test phase.

However, it should be noted that:

* Before searching the images for each emotion from the specific clus-
ters, a pre-screening procedure was carried out on the images. In fact,
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to avoid excessively shocking the subjects’ sensitivity, images that had
been assigned an intensity value associated with the emotion “dis-
gust” greater than 4 by the database developers were not considered.

* The neutral emotional state is the only one for which it was not possi-
ble to isolate the ten images considering only the labels and intensity
values, as the latter information is not provided in the database infor-
mation table. Therefore, an alternative procedure was implemented:

1. It was decided to use the discrete labels and arousal values pro-
vided.

2. Images belonging to the neutral cluster, for which the database
developers had assigned all six basic emotion labels, were con-
sidered.

3. These images were then reordered according to arousal values,

using an increasing sorting order.

4. Finally, the top ten images with the lowest arousal values were
isolated.

In the end, the application of this procedure allowed us to identify ten
images for each of the discrete emotions exploited by the face-api.js library
(i.e., neutrality, happiness, surprise, fear, sadness, anger, and disgust), re-
sulting in a total of 70 images to be used in the experimental protocol.

Web Application The test was administered through a web app, where
both the front-end and back-end were developed using JavaScript. Specifi-
cally, the front-end was developed using p5.js, while the back-end was de-
veloped using the JavaScript runtime environment Node.js. Consequently,
the data obtained throughout the testing phase was saved in the cloud
database hosted by the Google Firebase platform.

The decision to utilize p5.js, an open-source Javascript library that pro-
vides a comprehensive set of graphical tools, allowed for the creation of a
visually engaging and interactive interface. This enhanced the overall user
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experience and facilitated the seamless execution of the research. In fact,
before administering the test to the subjects, an evaluation of the design
and acceptability of the developed application was conducted to validate its
efficacy. In this validation test, laboratory students participated, and they
provided positive feedback on the interface, describing it as user-friendly,
intuitive, and visually appealing.

Specifically, the interface comprises a sequence of user-friendly pages,
ensuring inclusivity, explanation, and ease of use throughout the clinical
trial experience. The first page provides a brief summary of the activity to
be carried out and an input section where the assigned users’ identification
code is entered, followed by a specific button to start the test. Once the test
is started, the emotional image is displayed full screen for 3 s. The inter-
face was developed in order to enable the FER algorithm under investiga-
tion (i.e., face-api.js) during this time interval. In this way, it is possible to
detect the emotional states expressed through facial expressions for each
image and the crucial points of the face for each subject. After this in-
terval, the page for selecting emotional states appears automatically. This
page features a smaller version of the image and seven buttons that cor-
respond to the seven considered emotions, allowing the user to select the
emotions, one or more, experienced while viewing the image. The tran-
sition to the next image occurs without time constraints through a specific
button, enabled only after the user has selected at least one emotional state.
A 3 s break page has been added before viewing the next image to update
participants on the progress of the test. Upon the expiration of this time,
automatic redirection to the next page takes place. The choice to set these
intervals to 3 s was made to ensure contextual consistency with the exper-
imental protocol adopted by the developers of the highly emotive image
content database used in the study [192].

The same sequence of procedures described for the first image is re-
peated until all 35 images have been viewed and evaluated. The test con-
cludes with a final page that informs the user of the test’s completion and
expresses gratitude for their participation.
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In conclusion, based on the feedback provided by the test subjects, it
can be asserted that the interface is easily understandable, intuitive, and vi-
sually appealing. Figure 3.13 shows some of the pages of the user interface
just described.

Test on emotions

In the following test you will be shown pictures

You will be asked to indicate the emotions that the image evoked in you
from those on the list
You will have the option of choosing multiple emotions for a single
image, however once you go to the next image you will not be able to
return to the previous one

Enter the provided userId

Start

(a)

Choose one or more emotions that you felt while looking at the image

& Sadness I ’ ]

& Neutral I & Happiness Fear I

® Disgust | [ % Surprise ‘ [ @ Anger ‘

l Next image l

(b)
Figure 3.13. Examples of the graphical interface pages designed for the
experimental protocol: (a) example of the starting page; (b) example of
the selection page. (Translated from the original Italian version).

FeelPix Dataset During the validation process, specific participant infor-
mation was extracted and utilized for the development of a labelled dataset.
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For the 31 healthy participants (13 females and 18 males) ranging in age
from 20 to 69, as depicted in the distribution chart in Figure 3.12, two-
dimensional coordinates of the 68 facial landmarks were extracted. It was
chosen to isolate the information associated with landmarks as they rep-
resent reference points that allow for identifying and tracking particular
facial features, including facial expressions [201, 202]. Additionally, emo-
tional states, specified by each participant for every presented image, were
collected. These data served as the foundation for constructing the la-
beled dataset.

This allowed us to have, for each dataset sample, a set of 68 x, y coordi-
nates, accompanied by labeling determined by the ground truth. The ground
truth was derived from the emotions specified by users during the experi-
mental phase, resulting in seven labels that characterize each dataset sam-
ple. Each of the seven ground truth labels corresponds to one of the seven
emotions that the user could indicate in response to the emotional state
induced by viewing the image. Binary classification was utilized to trans-
late user selections into discrete data, where a value of 1 was assigned
to the chosen emotion labels, while all unselected emotions were labeled
with a value of 0. This procedure was applied to each sample, ensuring
a consistent mapping between sets of coordinates and a sequence of 1 s
and O s corresponding to the sample’s labels, resulting in a meticulously
labeled dataset.

Once the ground truth for the dataset was constructed, to make the raw
data detected compatible with the most common standards, a processing
procedure was implemented. As a first step, all landmark coordinates were
normalized to reduce the impact of different subjects’ face positions in the
webcam’s field of view and their different physiognomy. To achieve this,
four specific anatomical points of the face, whose position is not influenced
by facial expression, were identified:

* Left meningeal
* Right meningeal
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¢ Nasal centre
e Subnasal centre

The position of these landmarks is highlighted with four red circles in Fig-
ure 3.14a, wherein the coordinates are reported in the plane prior to their
normalization.

So, the distances between pairs of these points were used to normalize
the coordinates of all 68 landmarks. Specifically, the horizontal distance
between the left meningeal point and the nasal centre point was used to
normalize the x coordinates of all points to the left of the nasal centre point.
Similarly, the x coordinates of all points to the right of the nasal centre point
were normalized using the horizontal distance between this point and the
right meningeal point. The use of two separate distances for the horizontal
normalization of the points on the left and right of the nasal centre point
allowed to balance the symmetry between the right and left portions of the
face. The vertical distance between the nasal centre point and the sub-
nasal centre point was used to normalize the y coordinates of all points,
regardless of their position.

After applying coordinate normalization, a selection procedure was im-
plemented to identify a reduced number of points deemed to be highly in-
formative. Among all existing AUs, the FACS manual [ 155] isolates 22 con-
sidered fundamental as they describe specific facial muscles responsible for
human facial expressions. In particular, the importance of these 22 facial
muscles for understanding human expressions is highlighted as they are re-
sponsible for the contraction and relaxation of different parts of the face,
thus their movement is closely related to facial expressions. For these rea-
sons, only the coordinates of the 22 points related to these specific muscles,
and their movement, were considered for the realisation of the database.
This allowed for the isolation of only the most significant points for the con-
sidered applications, resulting in a highly performant database optimised
for its specific purpose. The aforementioned steps can be observed in the
sequence of images presented in Figure 3.14.
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140 Landmarks from face-api.js
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Figure 3.14. Facial landmarks coordinates elaboration process: (a) coordi-
nates of the landmarks as obtained by the algorithm under investigation;
(b) coordinates after applying normalization; (c¢) coordinates of the 22 key
points selected for their high degree of informativeness.

The described procedure was implemented following a meticulous per-

formance evaluation, which involved employing
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assess the dataset’s efficiency, as detailed in the following section. The eval-
uation conducted revealed the presence of samples with limited informa-
tive content regarding emotional expressiveness. More precisely, including
such samples introduced significant bias, compromising performance. Con-
sequently, we decided to reduce the number of features associated with each
sample, considering only 22 landmarks. This reduction not only improved
performance but also alleviated computational load, enabling faster analy-
sis.

This database, named FeelPix, is available on GitHub.com [203] for
other researchers and developers to use for the development of facial ex-
pression recognition algorithms based on landmarks.

Compared to existing datasets for facial expression recognition, which
primarily consist of images, our dataset provides detailed data based on fa-
cial landmarks, eliminating the need for further processing through Convo-
lutional Neural Networks or facial landmark coordinate extraction. More-
over, while most existing datasets have labels generated by developers,
FeelPix stands out for collecting the data labels directly from the participants
involved in the study, minimizing the potential errors or biases introduced
by third-party labeling that did not personally experience the captured emo-
tional states during detection.

Testing Algorithm To assess the effectiveness of the developed dataset,
a simple Facial Expression Recognition algorithm was created and trained
using this data. The dataset was processed to reduce the classification prob-
lem to a binary one, where:

* The selection of a specific emotion was associated with class 1;

* The absence of the specific emotion’s selection was associated with
class 0.

In this manner, an algorithm employing seven machine learning classi-
fiers, each optimised for a specific emotion, was developed. The classifiers
utilized in this study include Support Vector Machine (SVM) and Random

142 CHAPTER 3



Forest (RF), chosen for their efficiency and lower data requirements com-
pared to neural networks.

However, it emerged that the number of samples between the two classes
was highly imbalanced, with a larger quantity of samples in class 0 com-
pared to class 1. This imbalance is attributed to class 1 representing the
selection of the specific considered emotion, while class O encompasses
the non-selection of that specific emotion but the possibility of selecting all
other emotions. Consequently, before training the classifiers, a final dataset
processing step was performed to mitigate the extreme imbalance. The un-
dersampling approach was adopted, keeping all data in the minority class

and reducing the size of the majority class.

This approach was employed by considering the number of positive
samples in the dataset under examination and randomly selecting a spe-
cific number of negative samples, thus facilitating the construction of a less
imbalanced dataset. In particular, since the negative samples represent a
greater variety of emotions than the positive samples, a partial approach
was adopted: the difference in samples between the two classes was ap-
propriately regulated and set to half the number of samples present in the
minority class.

Subsequently, an optimisation of both considered classification method-
ologies was carried out for each emotion, through a random search of hy-
perparameters. Lastly, both methodologies were trained on the developed
database, to determine which of the two ones yielded the best performance

for each emotion.

To achieve this, a five-fold cross-validation was conducted, considering
accuracy, precision, F-measure, and G-mean as validation metrics. Preci-
sion, F-measure, and G-mean were chosen because they are insensitive to
the dataset’s imbalance, which, although mitigated through undersampling,
still exhibited slight imbalances.
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Results

In our study, we had three primary objectives. Firstly, we aimed to de-
velop a universal methodology for evaluating the performance of Facial Ex-
pression Recognition algorithms. Subsequently, we collected labeled data
during tests to create a comprehensive dataset. Finally, we focused on de-
veloping an FER algorithm capable of verifying the reliability of the created
database by classifying facial expressions based on facial landmark coordi-
nates.

The results will demonstrate the achievement of these objectives by
showcasing the algorithm’s performance using the developed validation
protocol. Additionally, the validity of the released dataset and the proposed
algorithm will be highlighted by presenting the algorithm’s performance on
the dataset’s data. Furthermore, a comparison between the two perfor-
mances will be provided.

Investigated Algorithm Results To assess the reliability of the investi-
gated FER algorithm, i.e., the one implemented in the face-api.js library,
the success rate for each user was initially calculated by comparing their
selected emotions with the library’s detections for each image. Specifically,
this quantity was determined as the ratio between the number of images in
which at least one of the user’s choices and at least one of the algorithm’s
detections agreed with each other, and the total number of images displayed
to the subject (i.e., 35 images).

Unexpectedly, the results obtained were highly variable among different
users and, on average, below 54%. Given the significant deviation from
the expected outcome, it was deemed appropriate to calculate the same
validation metrics used to evaluate the testing algorithm’s performance for
each emotion.

However, as reported in Table 3.5, even these values were considerably
lower than expected: the metrics assume percentages below 40% in most
cases and never exceed 60%, as shown in Figure 3.15.
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Table 3.5. Validation metrics for the algorithm under examination.

Anger Disgust Fear Happy Neutral Sad Surprise

Precision 24% 41% 14% 25% 35% 32% 55%
F score 11% 9% 3% 35% 52% 35% 33%

G mean 26% 22% 12%  60% 4% 51% 47%
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Figure 3.15. Validation metrics—Precision, F-score, and G-mean—
pertaining to the investigated algorithm during the validation process.
These metrics are presented for each discrete emotion category, includ-
ing neutrality.

Outcomes of the Dataset Testing The FeelPix dataset was utilized to
train and test the algorithm developed for its evaluation. This enabled de-
termination of the performance achievable using such data. In order to
conduct a comprehensive investigation, validation metrics were computed
for both considered classification methodologies (i.e., SVM and RF).

This facilitated identification of the methodology exhibiting the best per-
formance for each emotion, thereby composing the algorithm that recog-
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nises all seven emotions from the database data. The validation outcomes

of the various classifiers on the created database dataset met the expec-

tations, as the metrics exhibit values higher than 75% in most cases and

never lower than 64%, as evident from Table 3.6 and Figure 3.16, where

the values associated with the best performing classifier for each emotion

are presented.

Table 3.6. Validation metrics for the testing algorithm.

Accuracy 78%
Precision 81%

F score 81%

Anger Disgust Fear Happy Neutral Sad Surprise
78% 72%  65% 67% 74% 80%
85% 74%  65% 75% 79% 85%
83% 77%  65% 72% 78% 82%
74% 71%  64% 65% 74% 80%

G mean 77%
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Figure 3.16. Validation metrics acquired from the algorithm developed to
ascertain the integrity of the proposed FeelPix database. These metrics
include precision, F-score, and G-mean, and are displayed for each emo-

tion category.
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FER Algorithms’ Comparison It is evident that the validation metric val-
ues obtained using the combination of the developed database and pro-
posed testing algorithm are significantly better than the results shown by
the FER algorithm under investigation, as depicted in the Figure 3.17.
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Figure 3.17. Comparing the outcomes produced by the algorithm under
investigation during the validation process with those achieved by the al-
gorithm developed for validating the proposed database. The visualization
includes precision, F-score, and G-mean metrics, shedding light on the per-
formance of each algorithm across diverse emotion categories.

Conclusively, the developed and released database proves to be efficient
and functional, as it achieves sufficiently high performance even with a sim-
ple classification algorithm.

Discussion

In this work, we have investigated the world of emotions, specifically
their recognition through facial expression analysis. In light of the cur-
rent state-of-the-art in emotion recognition, it has emerged that detecting
emotions in naturalistic conditions still presents significant difficulties. Nu-
merous variables contribute to these difficulties, such as the lack of a uni-
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versally accepted definition of facial codes and/or facial actions. Further-
more, the comprehensive understanding and prediction of affective pro-
cesses undoubtedly requires careful integration of multiple contextual fac-
tors, information modalities, and evaluations within naturalistic environ-
ments. Therefore, evaluating and verifying FER algorithms is a challenging
but critical task.

For this reason, we developed a protocol to validate FER algorithms in
this work. In the protocol, participants were shown static emotional stim-
uli on a computer screen and asked to select the emotion they felt while
the facial expression was detected by the FER algorithm. The test was per-
formed through a web application, which proved to be functional, easy to
use, intuitive, and visually appealing. Furthermore, the application did not
encounter any problems during data acquisition, and the results were cor-
rectly saved for all subjects in the selected database. Therefore, the de-
veloped system can be considered an effective tool for validating FER li-
braries. Furthermore, the proposed technology also enables the creation of
a database of spontaneous expressions that incorporates various contextual

factors, such as different genders, ethnicities, personalities, and cultures.

The validation of the FER algorithm implemented in the JavaScript li-
brary face-api.js used in this study yielded results that were not in line with
the initial expectations. In fact, the algorithm’s performance was signifi-
cantly inferior to the generally accepted values, indicating a poor ability
to correctly recognise facial expressions. However, it is important to con-
sider that these results are limited by the context of the type of stimulus
and the experimental setup. Additionally, it is worth noting that the results
obtained may also be influenced by the selection of participants and their
degree of expressiveness.

On the other hand, the labelled data database, created by processing the
landmark coordinates provided by the algorithm under examination and
the user choices, proved to be accurate, functional, and reliable, as demon-
strated by the validation metrics achieved by the testing algorithm applied
on it. In fact, the combination of the proposed testing algorithm and the
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developed database allows for the recognition of all seven emotions with
high accuracy, making it a valuable tool in the field of behavioural sciences
and facial expression recognition.

It is important to note that the data used to create the database were col-
lected under experimental conditions where a constant level of expressive-
ness of the subjects was not guaranteed, thereby generating a dataset that
covers a wide range of conditions. Therefore, considering that this database
has successfully captured even the most subtle facial expressions, it can be
deemed as a valuable asset for a range of potential applications, such as
human-computer interaction, affective computing, and mental health di-
agnosis. Furthermore, in future developments, minor changes, such as ex-
panding the type of stimulus or the experimental environment, would allow
more information to be added to the database, thus enabling the proposal
of a tool that can integrate the multiple contextual factors that typically
make facial expression recognition challenging.

Conclusions

In conclusion, we have presented a comprehensive validation system for
Facial Expression Recognition (FER) algorithms, offering several significant
advantages. Firstly, the system’s applicability to any type of FER algorithm
allows for the efficient determination of its effectiveness, reducing the al-
gorithm verification phase, and ensuring the utmost accuracy and reliabil-
ity in identifying and interpreting facial expressions. Moreover, the system
provides a clear and transparent description of the algorithm’s proficiency
in recognising and interpreting facial expressions, facilitating the identifi-
cation of any potential bias or errors. Additionally, the validation system
supports the development of new solutions and applications, fostering a
deeper understanding of its capabilities and limitations, which is invalu-
able for advancing the field of FER.

Furthermore, as part of our contributions, we have developed and re-
leased a meticulously labelled data database, which bestows various advan-
tages. The database offers extensive coverage of a wide range of conditions,
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encompassing both highly expressive and less expressive subjects, provid-
ing a rich and diverse dataset for research and experimentation. Accessible
and user-friendly, the database empowers researchers and professionals to
readily employ it in their studies and application development pertaining
to emotion recognition through facial expression analysis.

Finally, the algorithm we have devised for database verification enables
the precise identification and interpretation of emotions associated with fa-
cial expressions, offering profound insights into individuals’ emotional reac-
tions. Consequently, it proves instrumental in facilitating more natural and
intuitive interactions between humans and technological interfaces, such
as robots, virtual assistants, and augmented reality systems, making it a
powerful tool for psychological and social research.

By combining these contributions, our work advances the frontiers of
facial expression recognition, paving the way for enhanced emotional un-

derstanding and human-computer interactions in various domains.
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3.6 Enhancing Emotional Congruence in Sen-

sory Substitution

Introduction

Sensory Substitution Devices Sensory substitution devices (SSDs) rep-
resent a non-invasive approach to compensating for sensory loss by trans-
lating information from one sensory modality to another [204]. These sys-
tems operate on the principle that the brain processes sensory information
as electrical signals, independent of their source, enabling the interpreta-
tion of sensory data through alternative channels [205]. This neurological
adaptability, termed neuroplasticity, allows areas of the brain typically asso-
ciated with one sense to process information from different sensory inputs
[206].

The fundamental architecture of SSDs comprises three primary compo-
nents: sensors that capture environmental information, a coupling device
that processes and converts these signals, and actuators that stimulate the
substituting sensory modality [204]. This framework supports various sen-
sory translations, including vision-to-tactile, audio-to-tactile, and vision-to-
audio conversions.

A seminal development in this field was Paul Bach-y-Rita’s Tactile Vision
Substitution System (TVSS) in 1969 [207]. The TVSS utilised a 20x20 array
of vibrotactile stimulators to convert visual information into tactile patterns
on the user’s back. This pioneering work demonstrated that subjects could
learn to interpret complex visual information through tactile stimulation,
particularly when actively controlling the input device [208].

Contemporary devices have evolved significantly in both sophistication
and portability. The BrainPort, developed by Bach-y-Rita in the 1990s [209],
exemplifies this progression through its use of electrotactile stimulation on
the tongue, chosen for its high receptor density and conductive properties.
The device employs a direct spatial mapping strategy, where pixel bright-
ness correlates with stimulation intensity, enabling users to develop capabil-
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ities such as object recognition and spatial navigation following appropriate
training [210].

In the audio-visual domain, the vOICe system [211] pioneered the con-
version of visual information into auditory signals through a systematic en-
coding algorithm. The system maps vertical position to frequency, hori-
zontal position to temporal sequence, and brightness to sound amplitude.
More recent developments, such as the EyeMusic [212], have enhanced
this approach by incorporating colour information through varying musical
instruments, demonstrating the potential for more nuanced sensory trans-
lation.

Significant advances have also emerged in tactile-hearing substitution,
particularly for individuals with hearing impairments. Modern devices like
the Neosensory Buzz [213] utilise targeted vibrotactile feedback to assist in
phoneme recognition, specifically processing high-frequency speech com-
ponents that are often problematic for individuals with hearing loss. The
system employs four actuators, each corresponding to specific phonemes
(/s/, /t/, /z/, and /k/), activating for 80 ms when the respective sound is
detected.

The implementation of multimodal feedback represents a particularly
promising direction in SSD development. The Sound of Vision (SoV) sys-
tem [214] combines auditory and vibrotactile feedback to provide compre-
hensive environmental information, capable of detecting obstacles up to 3.5
metres away. This multimodal approach aligns with the natural integration
of sensory information in human perception [6].

Building on these advances in sensory substitution technology, our work
addresses a critical gap in audio-visual SSDs: the limited transfer of emo-
tional content from visual scenes. While current devices effectively trans-
late spatial and temporal information, they struggle to convey the emotional
essence of visual experiences. We propose a novel approach that combines
semantic video segmentation with user emotional response analysis to de-
velop musical features for video sonification. Through systematic experi-

mentation and data analysis, we demonstrate how emotion-aware musical
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mappings can enhance the affective dimension of sensory substitution.

Current Challenges and Limitations A significant challenge in sensory
substitution technology centres on the limited transfer of emotional content,
an issue first identified by Bach-y-Rita et al. [14]. While recent advances
have improved functional information transfer, emotional engagement re-
mains problematic. Modern SSDs like Eagleman’s haptic devices [205] and
Goral’s interoceptive-exteroceptive systems [215] demonstrate progress in
emotional transfer, yet face persistent challenges.

Current limitations manifest in several ways: visual-emotional transla-
tion remains incomplete, particularly in facial expression recognition and
artistic appreciation [205]; social interaction barriers persist due to limited
emotional feedback [215]; and prosthetic interfaces, despite biological in-
tegration advances [216], struggle with affective dimension transfer.

Recent approaches to address these limitations include haptic emotional
recognition systems for ASD users and interoceptive-exteroceptive substi-
tution for enhanced emotional regulation [215]. However, these solutions
still fall short of natural emotional perception, particularly in social contexts
where emotional nuance is crucial.

The emotional deficit in sensory substitution manifests in several ways.
While devices can accurately translate spatial and temporal information,
they often fail to convey the subtle nuances that contribute to emotional
resonance in natural sensory experiences. For instance, visual-to-auditory
devices may successfully communicate object location and form but struggle
to convey the emotional impact of facial expressions or artistic works.

Beyond the emotional limitations, several practical challenges impede
widespread SSD adoption. The significant cognitive and emotional invest-
ment required during training periods presents a substantial barrier to user
acceptance [6]. Additionally, the financial implications of both device acqui-
sition and necessary professional training support create accessibility chal-
lenges [6].

Current research directions emphasise developing more accessible and
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flexible devices that can be customised to individual user needs, potentially
increasing autonomous usage and acceptance rates. Kristjdnsson [6] pro-
poses several critical design considerations: maintaining unobstructed ac-
cess to remaining natural senses, ensuring minimal interference with user
mobility, reducing training requirements, and carefully managing informa-
tion density to prevent sensory overload.

Related Work

Music and Emotional Response Research on music-emotion relation-
ships has established robust connections between musical features and emo-
tional responses. Studies demonstrate consistent correlations between struc-
tural elements like tempo, mode, and dynamics with specific emotional
states [217]. Physiological measurements validate these relationships, show-
ing reliable patterns in heart rate, skin conductance, and facial muscle ac-
tivity in response to emotional music [218].

Recent work has expanded our understanding of musical emotion pro-
cessing through neuroimaging studies. [219] identified distinct neural net-
works involved in processing different musical emotions, while [220] estab-
lished the universality of basic musical emotion recognition across cultures.
These findings suggest a biological basis for music-emotion associations,
though cultural factors modulate specific responses [221].

Visual Features and Emotional Processing Visual emotion processing
research reveals systematic relationships between visual properties and emo-
tional responses. Colour characteristics strongly influence emotional per-
ception, with brightness and saturation particularly affecting valence and
arousal dimensions [222]. These associations demonstrate remarkable con-
sistency across cultures while maintaining some cultural specificity [223].
Contemporary studies have advanced our understanding of visual emo-
tion processing through computational approaches. [224] established cor-
relations between geometric properties and emotional responses, while [225]
developed algorithms for predicting emotional responses to images based
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on low-level visual features. Facial expression recognition research has par-
ticularly benefited from deep learning approaches, achieving human-level
performance in emotion classification [202].

Cross-modal Emotional Integration Cross-modal emotional processing
involves complex interactions between sensory modalities. Neuroimaging
studies have identified key brain regions, particularly the superior temporal
sulcus and anterior cingulate cortex, in integrating emotional information
across modalities [ 181]. Behavioural research demonstrates that emotional
congruence between modalities enhances perception and recognition [11].

Recent studies have explored temporal aspects of cross-modal integra-
tion. [226] found that emotional congruence affects early sensory process-
ing, while [227] demonstrated that temporal synchrony between auditory
and visual emotional signals enhances integration effectiveness. These find-
ings have important implications for SSD design, suggesting the need for

precise temporal alignment in emotional content translation.

Emotional Processing in Current SSDs While existing SSDs successfully
translate basic sensory information, emotional content preservation remains
challenging. Traditional systems like vOICe and EyeMusic focus primarily
on spatial and temporal information transfer [211, 212]. Recent attempts
to incorporate emotional mapping have shown promise but remain limited

in scope and effectiveness.

Contemporary approaches have begun addressing this limitation. [205]
developed haptic systems incorporating emotional feedback, while [215]
introduced interoceptive-exteroceptive substitution for enhanced emotional
engagement. However, systematic evaluation of emotional transfer effec-
tiveness remains scarce, particularly regarding long-term user engagement
and acceptance.
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Research Questions

While prior work has established relationships between musical features
and static visual stimuli like colours [223], this study investigates emotional
coherence in audiovisual sensory substitution using dynamic visual content.
Building on existing SSD limitations in emotional transfer [14], we present
a novel experimental protocol combining validated emotional music sam-
ples with video stimuli, while recording physiological responses and facial
expressions to verify emotional coherence. This systematic approach aims
to develop emotion-aware mappings for more engaging sensory substitu-
tion systems.

The first research question explores how visual stimuli of varying emo-
tional content map to musical selections in the valence-arousal space:

RQ1: To what extent do valence and arousal dimensions of emotional
responses drive the association between visual stimuli and musical features?

This investigation will examine whether participants predominantly match
visual stimuli to music based on valence alignment, arousal correspondence,
or a combination of both dimensions, as measured through the SAM scale.

The second research questions aims to verify the emotional consistency
between the physiological and facial expression recordings and the SAM:

RQ2: Can psychophysiological responses accurately predict SAM rat-
ings?

This research question aims to validate the experimental protocol by
examining the alignment between participants’ subjective self-assessments
and their objective psychophysiological responses. Strong predictive rela-
tionships would confirm the internal consistency of our emotional measure-
ments

The third research question addresses the predictive aspects of these
emotional associations:

RQ3: Can a machine learning system effectively predict appropriate
musical features for visual stimuli based on emotional response data?

This explores the feasibility of developing an automated system that
selects musical accompaniment for visual content by considering both the
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objective features of the visual stimulus and its emotional impact, as quan-
tified through systematic emotional response measurements.

These questions aim to establish a foundation for emotion-aware sen-
sory substitution systems that can maintain emotional coherence in the
translation from visual to auditory modalities. The findings will contribute
to the development of more engaging and emotionally appropriate sensory
substitution solutions.

Study Overview

This study presents a novel approach to investigating emotional congru-
ence in sensory substitution systems through four main contributions. First,
we introduce a new experimental protocol for measuring emotional asso-
ciations between visual stimuli and musical characteristics. This protocol
systematically evaluates participants’ emotional responses using the Self-
Assessment Manikin (SAM) scale [ 136] while they experience various com-
binations of visual stimuli and musical accompaniment. Second, we present
a comprehensive database collected from 36 participants, containing emo-
tional response measurements across multiple visual-auditory pairings. The
database includes both SAM ratings and detailed annotations of the musi-
cal characteristics associated with different emotional responses. Third, we
provide a statistical analysis of the collected data, focusing on the relation-
ship between visual content, musical features, and emotional responses in
the valence-arousal space. Finally, we develop and evaluate a predictive
model that leverages this emotional response data to automatically select
appropriate musical characteristics for given visual inputs, considering both
content features and emotional impact.

Experimental Protocol

This study aimed to quantify emotional coherence between visual and
auditory stimuli through behavioural responses and physiological measure-
ments. The protocol was designed to systematically evaluate participants’
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emotional responses to video clips under varying audio conditions, whilst
recording facial expressions and autonomic nervous system activity. The
experimental design enabled direct comparison between subjective ratings
and objective physiological markers of emotional response.

This study underwent ethical evaluation by King’s College London Uni-
versity’s ethical committee and received approval in November 2023.

Participants Thirty-six healthy participants (26 female [72.2%], 10 male
[27.8%]) were recruited for this study, with a mean age of 25.94 years (SD
= 8.95, range 20-57). Ten participants (27.8%) reported wearing correc-
tive lenses. All participants met the following inclusion criteria: normal or
corrected-to-normal vision, no hearing impairments, no history of neuro-
logical conditions, and no previous exposure to the selected film clips. The
study was conducted in accordance with the Declaration of Helsinki, and all
participants provided written informed consent before participation. One
participant was excluded from the analysis due to incomplete data collec-
tion resulting from non-adherence to the experimental procedure.

Experimental Design The experiment followed a repeated measures de-
sign, with each participant viewing four video clips across multiple audio
conditions while physiological signals (heart rate, electrodermal activity)
and facial expressions were continuously recorded. Sessions lasted 30-45
minutes and were conducted individually in a controlled laboratory envi-

ronment.

Stimuli Four video clips, each 30 seconds in duration, were selected as
visual stimuli. For each video, participants experienced four distinct con-
ditions: one silent viewing and three audio accompaniments. The audio
conditions were systematically rotated among the following categories:

* Emotionally congruent audio (matching both valence and arousal)
* Partially congruent audio (matching either valence or arousal)
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* Emotionally incongruent audio

Procedure FEach experimental session followed a structured protocol:

* Initial Setup: upon arrival, participants were briefed about the experi-
mental procedure and provided informed consent. The experimenter
then fitted participants with the Empatica E4 device for physiolog-
ical measurements and Sennheiser HD 450BT over-ear headphones
for audio playback. The laptop’s integrated webcam was positioned
to record participants’ facial expressions throughout the session. A
3-minute baseline physiological recording was conducted while par-

ticipants were at rest.

» Stimulus Presentation: each trial began with the silent viewing of a
video clip, followed by three presentations of the same clip paired
with different audio conditions. Between each stimulus presentation,
a 30-second rest period was implemented to allow physiological mea-
sures to return to baseline.

* Response Collection: following each stimulus presentation (both silent
and with audio), participants completed the Self-Assessment Manikin
(SAM) scale to rate their emotional state in terms of valence and
arousal. Prior to the experiment, participants received comprehen-
sive instructions on using the SAM scale. After experiencing all con-
ditions for each video, participants indicated which image-sound pair-
ing they found most effective. The interfaces shown to subjects can
be seen in Figure 3.19.

* Inter-stimulus Protocol: to ensure reliable data collection and partic-

ipant comfort:

1. Physiological signals were continuously monitored.
2. A 30-second rest period was enforced between stimuli.

3. A 30-second rest period was enforced after the 4 showings of
each video.
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All sessions were conducted in a controlled laboratory environment with

standardised lighting and audio presentation conditions.

Figure 3.18. Experimental setup showing participant using the tablet for
SAM scale ratings while wearing Empatica E4 wristband for physiologi-
cal measurements and Sennheiser HD 450BT headphones for audio play-
back. The laptop screen displays video stimuli while the integrated webcam
records facial expressions.

Stimulus Selection and Characteristics

Visual Stimuli Four visual stimuli were selected from the DECAF database
[228], a resource that offers validated emotional ratings and correspond-
ing physiological responses for a range of movie clips. The selection pro-
cess focused on identifying clips that most strongly represented the four
extremes of the valence-arousal space: Low Valence-Low Arousal (LVLA),
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Low Valence-High Arousal (IVHA), High Valence-High Arousal (HVHA),
and High Valence-Low Arousal (HVLA). The final selection was based on
the clips showing the most polarized ratings within each quadrant (Table
3.7).

Selected clips span a representative range of the valence-arousal space,
with four distinct emotional quadrants represented (Table 3.7). Each 30-
second clip was chosen to elicit a specific primary emotion while maintain-
ing natural viewing conditions through the use of commercially released
films.

Category Valence Arousal Scene Description

u o u o

LVLA -0.85 0.62 -0.82 1.06 Young girl cries at friend’s funeral

LVHA -1.24 0.73 1.20 0.88 Lady accidentally dies during magic act

HVHA 0.99 0.63 1.15 0.88 Passengers react to pilot’s struggle

HVLA 0.76 0.68 -1.12 1.02 Son meets birth mother at concert
Table 3.7. Characteristics of Selected Video Stimuli.

Audio Stimuli Audio stimuli were selected from the International Affec-
tive Digitized Sounds (IADS) [135] database, which provides standardised
affective ratings for naturally occurring sounds. Seven audio clips were
chosen to represent varied points in the valence-arousal space (Table 3.8),
enabling different levels of emotional congruence with the visual stimuli.

The range of selected audio stimuli (arousal: 2.23-7.92; valence: 2.56-
7.75) ensures coverage of multiple emotional quadrants, allowing for both
congruent and incongruent audiovisual pairings. All ratings are on a scale
from 1 to 9, where higher values indicate greater arousal and more positive
valence respectively.
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Sound ID Arousal [1,9] Valence [1, 9]

0010
1100
1114
1122
1128
1157
1392

4.83
7.91
7.92
2.23
2.75
2.95
7.59

5.63
6.59
7.75
7.50
6.33
5.86
3.14

Table 3.8. Characteristics of Selected Audio Stimuli.

Data Acquisition and Processing

Data Streams Three synchronized data streams were collected during the

experimental sessions (Table 3.9): physiological measurements from the

Empatica E4 device, facial expressions captured via webcam, and visual

content features extracted from the stimulus videos. Each stream under-

went specific processing methods to extract relevant features for the emo-

tion recognition system. The detailed processing methodology for each data

stream is described in the following subsections.

Data Stream Features

Processing Method

Heart Rate (HR)

Peak detection after baseline removal

Physiological Heart Rate Variability (HRV) RMSSD from inter-beat intervals
Galvanic Skin Response (GSR) CVX optimisation, artifact removal
. Facial Action Units PyFeat real-time FAU detection
Facial
Facial Features Temporal alignment with content windows
. Frame Features MineCLIP feature extraction
Visual

Content Windows

L1 norm temporal segmentation

Table 3.9. Data Stream Processing Overview.

While peripheral temperature was initially recorded, preliminary anal-

ysis revealed that temperature variations during the experimental sessions
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were too small to provide meaningful information for emotion recognition.

Therefore, temperature data was excluded from subsequent analyses.

05:00

The experiment will
begin in a few
minutes, relax

(a) Baseline screen with countdown timer displayed during the
3-minute physiological recording period, allowing synchroniza-
tion between participant responses and wearable data collec-
tion.

Emotional self assessment

Complete the SAM for the video without sound

&
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(b) SAM interface presented after each video, displaying pictograms for three emo-
tional dimensions (valence, arousal, dominance) with 9-point rating scales.

N
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8 9

Figure 3.19. Interface screens showing baseline recording phase (a) and
post-stimulus SAM assessment (b). Additional screens follow similar format
with countdown timers to synchronize physiological recordings

Signal Processing Pipeline The processing pipeline integrates multiple
stages of data analysis and feature extraction (Figure 3.20). The visual

processing begins with MineCLIP application to extract frame-level features
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from the input video [229]. These features serve to identify significant con-
tent changes in the visual stream, utilizing L.1 norm calculations for tempo-
ral segmentation. This segmentation process establishes the fundamental
windows that guide the subsequent analysis of all data streams.

The physiological signal processing encompasses two main components.
For the PPG signal, we first remove baseline drift through CVX optimisation,
followed by peak detection and validation. These processed peaks enable
the calculation of heart rate from inter-beat intervals and the computation
of heart rate variability (RMSSD). The GSR signal undergoes similar initial
processing, with baseline correction through CVX optimisation, followed by
artifact removal and response detection and quantification.

All physiological signals are then analysed within the windows identi-
fied from the visual content analysis. For each window, we compute sta-
tistical features including maximum value, minimum value, and standard
deviation, providing a comprehensive representation of the physiological
response patterns during each segment of visual content.

Facial expression analysis runs parallel to these processes, with PyFeat
performing continuous detection of facial action units throughout the video
recording. These expressions are temporally aligned with the previously
identified content windows, and statistical features are extracted for each
window, maintaining consistency with the physiological feature extraction
approach.

Musical Feature Extraction Musical features were extracted using MIR-
Toolbox in MATLAB R2020a, focusing on five key characteristics (Table
3.13). These features were selected based on their established relationship
with emotional perception in music, as discussed previously. Zero cross-
ing rate and RMS provide temporal information about signal intensity and
roughness, while spectral centroid captures timbral brightness. Mode and
key detection offer harmonic information, which is crucial for emotional va-
lence assessment. Frame-level processing used two different window sizes
based on feature requirements. Temporal features (zero crossing, RMS)
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Figure 3.20. Signal processing pipeline. The system processes three parallel
input streams: video content through MineCLIP feature extraction, physi-
ological signals from the E4 device (PPG, GSR), and facial expressions via
webcam recording. MineCLIP features are used to identify temporal win-
dows through L1 norm analysis, which are then applied to segment the
physiological and facial expression data. For each window, statistical fea-
tures are extracted from all data streams for subsequent machine learning
analysis.
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were computed using 50ms frames with 50% overlap to capture rapid signal
changes. Harmonic features (mode, key) required longer 1-second frames
with 0.5-second hop factor to ensure sufficient information for reliable tonal
analysis.

Feature Description

Zero cross* Counts the number of times the signal
crossed the X-axis, indicating noisiness

Centroid  Returns the centroid of the data, describing
the spectral distribution

Mode** Estimates the modality (major vs. minor)
on a scale from -1 to +1, where +1 indicates
major and -1 indicates minor

Key** Provides broad estimation of tonal centre
positions by returning the best key(s)

RMS* Computes the global energy of the signal by
taking the root average of the square of the
amplitude

* Frame length: 50 ms, 50% overlap
** Frame length: 1 s, 50% overlap (0.5 s hop factor)

Table 3.10. Musical Features Extracted for Analysis.

Analysis Methodology

Emotional Mapping Distribution To analyse how participants matched
visual stimuli to musical selections, we computed the percentage distribu-
tion of choices based on valence and arousal alignment using SAM ratings.
This analysis directly addresses RQ1 by quantifying whether selections were
driven primarily by valence, arousal, or both dimensions.

Emotional Response Validation To validate the coherence between self-

reported and measured emotional responses, we implemented classification
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models predicting SAM ratings (high/low values) from physiological and
facial data. Each participant completed the SAM assessment for all four
30-second video clips, each presented with four different sound conditions,
resulting in 16 SAM scores per participant. With 35 viable participants, this
yielded a total of 560 samples for analysis. By evaluating different com-
binations of input features (physiological signals, facial expressions, and
video content features), we aimed to understand which data sources best
capture emotional states and whether combining multiple modalities im-
proves prediction accuracy. We compared Support Vector Machine (SVM),
Random Forest (RF), XGBoost (XGB), and K-nearest neighbours (kNN clas-
sifiers), using accuracy as the performance metric. The following feature

combinations were evaluated:
* Physiological + Facial Expression features
* Physiological + Video features
* Facial Expression + Video features
* All features combined

This systematic comparison helps identify which emotional response chan-
nels provide complementary information and which combinations yield the

most reliable predictions of self-reported emotional states.

Musical Feature Prediction We first attempted to directly predict song
selection using the same multimodal feature combinations and classifica-
tion algorithms used for emotional response validation. However, the poor
performance of this approach suggested that specific musical characteris-
tics, rather than complete songs, drive user preferences. With 35 partici-
pants each selecting one song for each of the four 30-second video clips,
we obtained a total of 140 samples for this analysis. Therefore, to address
RQ2’s goal of automated music selection for sensory substitution devices,
we developed regression models to predict individual musical features (zero
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crossing, centroid, mode, key, RMS) from different combinations of emo-
tional response data:

» Physiological + Facial Expression features
* Physiological + Video features

* Facial Expression + Video features

* All features combined

This systematic evaluation aimed to identify which input modalities are
most crucial for predicting appropriate musical features, informing the min-
imum sensor requirements for effective SSD design. We compared Random
Forest Regressor (RFR), XGB Regressor (XGBR), Support Vector Regressor
(SVR), and Linear Regression (LR), using MSE for evaluation.

Model Training and Evaluation Protocol All models followed a nested
5-fold cross-validation procedure. The outer loop performed a 5-fold cross-
validation, using one fold for testing and the remaining four for training. In-
side each training split, a 5-fold cross-validation was applied to optimise hy-
perparameters using GridSearchCV. Features were standardized using Stan-
dardScaler, applied only to the training data within each fold to avoid data
leakage. Hyperparameter optimisation was performed through grid search
with cross-validation on the training set, with final evaluation on the held-
out test set of each outer fold. Initial dimensionality reduction experiments
with PCA and t-SNE showed that raw features provided optimal perfor-
mance, so the final models used the complete standardized feature set. For
each model, we report both the mean performance and standard deviation
across the outer cross-validation folds to demonstrate the robustness of our

results.

Experimental Results

Emotional Mapping Distribution Participants’ preferences for audio-visual

emotional coherence showed clear patterns across stimulus combinations
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Selection between AV, A and V. Selection between AV, V and x
Valence (6%)

Valence (22%)

Arousal (33%)

None (3%)

Arousal and Valence (61%) Arousaland Velancs (75%)

(a) Selection distribution between co- (b) Selection distribution between co-
herent (AV), arousal-matched (A), and herent (AV), valence-matched (V), and
valence-matched (V) stimuli incoherent (X) stimuli

Selection between AV, A and x Selection between A, Vand x
None (6%) Arousal (6%)

None (11%)

Arousal (36%)

Arousal and Valence (58%)

Valence (83%)

(c¢) Selection distribution between co- (d) Selection distribution between
herent (AV), arousal-matched (A), and arousal-matched (A), valence-matched
incoherent (X) stimuli (V), and incoherent (X) stimuli

Figure 3.21. Distribution of participants’ preferences across different com-
binations of emotionally coherent and incoherent audio-visual pairings. AV
indicates stimuli matching in both arousal and valence, A indicates arousal-
only matching, V indicates valence-only matching, and X indicates no emo-
tional coherence.

(Figure 3.21). For fully coherent stimuli (matching both arousal and va-
lence, AV), participants strongly preferred maintaining alignment in both
emotional dimensions (61-75% of selections), compared to matching only
arousal (33-36%) or only valence (6-22%).

When presented with partially coherent options, a significant asymme-
try emerged between valence and arousal matching. In conditions contrast-
ing arousal-matched stimuli (A) with valence-matched ones (V), partici-
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pants overwhelmingly selected valence-matched options (83%), with only
6% choosing arousal-matched alternatives (Table 3.21). This finding sug-
gests valence coherence plays a more crucial role in perceived audio-visual

emotional alignment than arousal coherence.

Emotional Response Validation Initial analysis of SAM ratings revealed
distinct patterns across emotional dimensions. Dominance showed a strong
preference for high ratings (65.2%), while valence responses were more
balanced between low (54.8%) and high (45.2%) values. Arousal ratings
demonstrated a slight tendency toward high activation states (54.5%).

Valence
Feature Set RF XGB KNN SVM
Physiological 53.9+ 3.8 51.6+45 51.8+54 54.8+£38
Facial expressions 62.0 £ 4.7 62040 61648 63.0+3.6
Physiological + Facial expressions  61.4 £+ 6.3 588+ 6.6 51.6+£55 59.8%+5.2
Arousal
Feature Set RF XGB KNN SVM
Physiological 57.3+4.6 58.0+49 461+41 525=+3.1
Facial expressions 63.4+ 4.4 58.8+48 61.3+35 629+22
Physiological + Facial expressions  61.6 &+ 4.8 60.7+1.5 455+3.2 554+45
Dominance
Feature Set RF XGB KNN SVM
Physiological 67.5+4.8 67.0+2.7 650%+32 67.1+£138
Facial expressions 743 £1.9 754 +£3.0 725+3.0 725%+22

Physiological + Facial expressions  73.8 £ 1.8 745+09 641+£46 659+28

Table 3.11. SAM classification results showing prediction accuracy of high-
/low valence, arousal and dominance values (threshold 4.5 on 0-9 scale)
from physiological data, facial expressions, and their combination. Tables
report cross-validation mean accuracy (%) and standard deviation. The
highest value of accuracy is highlighted.

The classification results indicate that facial expression features outper-
formed physiological data across all emotional dimensions. However, the
fusion of both modalities did not consistently lead to improved classification
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performance.

For valence classification, facial expressions achieved the highest accu-
racy, with 63.4% using Random Forest (RF), 61.3% using k-Nearest Neigh-
bors (KNN), and 62.9% using Support Vector Machines (SVM). The combi-
nation of physiological and facial features did not yield a notable improve-
ment over individual modalities.

In arousal classification, the best performance was obtained with facial
expressions using RF (63.4%), surpassing both physiological features and
their combined use.

For dominance classification, facial expressions achieved the highest ac-
curacy with XGBoost (75.4%), followed by RF (74.3%). Similar to the other
emotional dimensions, multimodal fusion did not provide a significant ad-
vantage over facial features alone.

Musical Feature Selection and Prediction Our multimodal approach to
song classification yielded promising results, with the highest accuracy reach-
ing 67.9% using a combination of video and physiological signals, as well
as video and facial expressions (Table 3.12). Notably, different feature sets
influenced classifier performance, with XGB and KNN achieving the best
scores. These results indicate a significant improvement over previous at-
tempts and highlight the effectiveness of multimodal fusion in tackling this

seven-class classification problem.

Feature Set RF XGB KNN SVM
Video + Physiological 63.6+6.9 679+£9.3 650+£109 657+10.3
Video + Facial expressions 664+74 629+86 664+10.3 650+99
Physiological + Facial expressions 364+42 393+11.7 157+3.6 243%5.7

Video + Physiological + Facial expressions 63.6 £6.9 629+9.7 67.1+89 65.7+10.3

Table 3.12. Audio selection classification results showing prediction accu-
racy of the selected sound (out of the 7 possible ones) from the combi-
nations of video features, physiological data, and facial expressions. The
Table reports cross-validation mean accuracy (%) and standard deviation.
The highest value of accuracy is highlighted.
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Figure 3.22. Distributions of song selections.

Given these results, we further explored predicting specific musical char-
acteristics. The analysis of the audio stimuli revealed distinct distributions
across musical features (Figure 3.23), reinforcing the idea that these indi-
vidual components might better capture the basis for participants’ prefer-
ences.

Regression models for predicting musical features showed remarkable
performance with certain feature combinations (Table 3.13). The combi-
nation of video features with physiological signals achieved exceptionally
low error rates (MSE ~ 107%%) for most musical characteristics, with Lin-
ear Regression and XGBoost showing the best performance. Models rely-
ing solely on physiological and facial features showed notably higher error
rates, emphasizing the importance of the shown visual content in predicting
appropriate musical features.

Discussion

Research Question 1: Valence-Arousal Mapping in Audio-Visual Asso-
ciations Our findings definitively answer RQ1 by demonstrating that va-
lence dominates arousal in driving audio-visual emotional associations. The
strong preference for valence-matched stimuli (83% selection rate) over
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Figure 3.23. Distributions of key musical features extracted from the audio
stimuli using MIRtoolbox: (a) Shows the key distribution across songs, (b)
represents the mode distribution ranging from minor (-1) to major (+1),
(c) displays the zero-crossing rate distribution indicating signal complexity,
(d) shows the spectral centroid distribution representing the centre of mass
of the spectrum, and (e) illustrates the RMS energy distribution showing
the signal’s amplitude variations.

arousal-matched alternatives (6%) reveals a clear hierarchy in cross-modal
emotional processing. This aligns with studies on cross-modal associations
[230, 231] while providing novel quantification of the relative importance
of these dimensions.

Research Question 2: SAM ratings prediction from psycophysiological
responses The predictive relationships between psychophysiological re-
sponses and SAM ratings provide valuable insights into the validity of our
experimental protocol. The classification results demonstrate a moderate
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Key

Feature Set RFR XGBoost SVR LR
Video + Physiological 0.012 £0.022 0.023 £0.047 0.222 £0.156 1.974 £ 2.901
Video + Facial expressions 0.015+0.029  0.023 £ 0.047 0.417 £+ 0.233 1.719 £ 1.700
Physiological + Facial expressions 1.021 £0.160 1.077 £0.187 1.099 £0.123 1.986 £ 0.273
Video + Physiological + Facial expressions ~ 0.012 + 0.022  0.030 £ 0.044 0.650 = 0.103 0.723 £ 0.114
Mode
Feature Set RFR XGBoost SVR LR
Video + Physiological 0.007 £0.010  0.014 +0.027 0.027 £0.017  (4.82 £ 2.45)x10?°
Video + Facial expressions 0.006 £ 0.009 0.014 £0.027 0.244 + 0.218 0.153 £ 0.251
Physiological + Facial expressions 1.027 £0.104  1.045 + 0.183 1.086 £ 0.087 1.867 £0.237
Video + Physiological + Facial expressions ~ 0.007 + 0.010  0.015 £ 0.027 0.484 % 0.037 0.475 + 0.035
Zero-crossing rate
Feature Set RFR XGBoost SVR LR
Video + Physiological 0.002 £ 0.002  0.000 + 0.001 0.037 £ 0.017  (4.08 + 3.85)x10%°
Video + Facial expressions 0.003 £0.002  0.000 £+ 0.001 0.132 + 0.037 0.193 + 0.074
Physiological + Facial expressions 0.728 £0.125 0.737 £0.119 0.982 + 0.139 1.503 £+ 0.082
Video + Physiological + Facial expressions  0.003 £ 0.003  0.000 + 0.001 0.277 £ 0.047 0.270 = 0.050
Centroid
Feature Set RFR XGBoost SVR LR
Video + Physiological 0.013 £ 0.024  0.026 + 0.053 0.028 £ 0.010  (3.71 + 3.25)x10%°
Video + Facial expressions 0.011 £0.021  0.026 &+ 0.053 0.045 £ 0.030 0.042 + 0.038
Physiological + Facial expressions 0.870 £0.144  0.969 +0.220 1.129 +0.321 2.030 £ 0.123
Video + Physiological + Facial expressions ~ 0.010 = 0.018  0.027 + 0.053 0.367 £ 0.117 0.349 = 0.121
RMS
Feature Set RFR XGBoost SVR LR
Video + Physiological 0.052+0.089  0.046 £ 0.092 0.029 £ 0.009  (4.81 £ 3.82)x10?%°
Video + Facial expressions 0.051 £0.089 0.046 +£0.092 0.271 £ 0.202 0.166 + 0.223
Physiological + Facial expressions 0.995 £0.324 1.094 £ 0.421 1.025 + 0.444 1.689 £ 0.234
Video + Physiological + Facial expressions ~ 0.051 £ 0.087  0.046 £ 0.092 0.516 % 0.246 0.514 + 0.222

Table 3.13. Musical features regression results showing prediction mean
squared error (MSE) and standard deviation of the computed features of
the selected sounds from the combinations of video features, physiological
data, and facial expressions. The lowest value of MSE is highlighted.

to strong alignment between objective measurements and subjective self-

assessments, particularly for dominance ratings where the facial expres-

sions achieved 75.4% accuracy. This suggests that our protocol successfully

captured genuine emotional responses that were consistently reflected in

both multimodal behavioural signals and self-reports. The varying accuracy
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levels across emotional dimensions (62.9% for valence, 63.4% for arousal,
and 75.4% for dominance) indicate that certain aspects of emotional ex-
perience may be more reliably captured through psychophysiological mea-
surements than others. This differential performance could be attributed
to the inherent complexity of emotional states and the varying degree to
which different emotional dimensions manifest in physiological responses.

The consistently strong performance in dominance prediction across all
feature combinations (ranging from 67.1% to 75.4%) is particularly note-
worthy, as it suggests that our experimental protocol was especially effec-
tive in eliciting and measuring this emotional dimension. This finding con-
tributes to the broader understanding of how dominance states manifest
in physiological responses and facial expressions. These results ultimately
support the validity of our experimental protocol while also providing valu-
able insights for future refinements in emotion measurement methodology.
The demonstrated alignment between objective and subjective measures
reinforces the reliability of our findings and provides a solid foundation for
addressing subsequent research questions in our study.

Research Question 3: Predicting Musical Features from Emotional Re-
sponses Our multimodal approach achieved promising results, with the
best model reaching 67.9% accuracy using video and physiological signals,
aswell as video and facial expressions. These results demonstrate the strong
predictive power of visual and physiological features in music preference
classification. However, to gain deeper insights into the underlying fac-
tors driving these predictions, we shifted focus to musical feature predic-
tion. This approach yielded remarkably precise results, aligning with re-
search highlighting the importance of acoustic characteristics in emotional
responses [232].

The exceptional performance of models combining video and physiolog-
ical features (MSE ranging from 1022 to 10™) significantly outperformed
the combination of video and facial expressions, suggesting that a wearable-
based implementation could be more practical and effective than camera-
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based solutions. Linear Regression performed particularly well for tem-
poral features (zero-crossing rate, RMS) and spectral characteristics (cen-
troid), while XGBoost excelled at predicting harmonic properties (mode,
key). These results suggest different musical characteristics may require
distinct modelling approaches for optimal prediction.

A key finding is the critical role of visual content in prediction accuracy.
When visual features were removed, song classification accuracy dropped
to just 39.3%, and models using only physiological and facial data for musi-
cal feature prediction showed substantially higher error rates (MSE > 0.5).
This indicates that both tasks—song selection prediction and musical fea-
ture regression—require direct access to the visual stimulus rather than re-
lying solely on its emotional impact. These findings have important impli-
cations for SSD design, suggesting that optimal performance necessitates
both visual processing capabilities and physiological monitoring rather than
emotional response measurement alone.

These findings provide a concrete foundation for developing automated
sonification systems that maintain emotional coherence. The ability to pre-
dict specific musical features with high precision enables granular control
over the emotional qualities of generated audio, potentially allowing for
more nuanced and engaging sensory substitution experiences.

Conclusions

Our study demonstrates the feasibility of emotion-aware sensory sub-
stitution through three key findings. First, valence dominates arousal in
audio-visual emotional matching (83% vs 6%), providing clear direction
for sensory translation algorithms. Second, our experimental protocol’s va-
lidity was confirmed by successful SAM prediction from physiological re-
sponses (75.4% accuracy for dominance). Finally, the combination of vi-
sual features and physiological signals achieves exceptional predictive per-
formance for musical features (MSE 1072%), suggesting a practical path

toward wearable implementation.
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Implications for Sensory Substitution Design The strong preference for
valence-matched stimuli should guide the development of sensory transla-
tion algorithms, with priority given to preserving emotional valence over
arousal dimensions. The successful multimodal emotional measurement
approach, combining physiological sensing with visual processing, indicates
that effective SSDs will benefit from integrating multiple input channels.

Moreover, the exceptional accuracy in predicting musical features from visual-

physiological data provides a concrete foundation for implementing auto-
mated, emotion-aware sonification algorithms.

The successful performance achieved using physiological signals rather
than facial expressions has significant practical implications, as wearable
sensors are generally more suitable for real-world SSD applications than
camera-based systems. While MineCLIP-based visual feature extraction cur-
rently presents computational challenges for embedded systems, recent ad-
vances in model compression [129] and optimisation techniques suggest

feasible paths toward practical implementation.

Limitations and Future Directions Several limitations should be consid-
ered when interpreting our results. First, our study was conducted in a
controlled laboratory environment with a relatively young participant pool
(mean age 25.94 years) and gender imbalance (72.2% female). Second,
the limited number of video stimuli (4) may not fully represent the range
of possible emotional content. Future research should validate the sys-
tem in real-world environments [233], investigate individual differences
in emotional responses across diverse demographic groups [234], and de-
velop lightweight versions of visual feature extraction algorithms suitable
for embedded implementation [128]. Additionally, expanding the stimu-
lus set would strengthen the foundation for developing practical, emotion-
aware sensory substitution devices that can effectively maintain emotional

coherence in audio-visual translation.
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3.7 Music Therapy

3.7.1 Introduction

Music therapy is a clinical intervention that uses music experiences to
address individuals’ physical, emotional, cognitive, and social needs [235].
A qualified music therapist assesses the client’s needs and develops a com-
prehensive treatment plan involving creating, singing, moving to, and/or
listening to music [235]. This therapeutic approach systematically har-
nesses music’s inherent power to evoke, express, and regulate emotions
in a structured clinical environment.

A growing body of research has demonstrated music’s profound influ-
ence on emotional states, highlighting its potential as a non-pharmacological
intervention for enhancing well-being and quality of life across diverse pop-
ulations [232, 236]. Neuroimaging studies have shown that listening to mu-
sic activates brain regions associated with emotion processing and reward
pathways, including the amygdala, hippocampus, and nucleus accumbens,
leading to measurable physiological changes that correlate with subjective
emotional experiences [232]. These physiological responses include alter-
ations in heart rate, blood pressure, respiration, skin conductance, and hor-
monal secretions, which collectively contribute to the emotional impact of
music therapy interventions.

Musical elements like tempo, harmony, melodic structure, dynamic range,
and unexpected changes can heighten emotional responses and create ther-
apeutic opportunities [232], while contextual factors such as personal as-
sociations, cultural background, setting, and social context shape music’s
emotional impact and therapeutic efficacy [236]. The flexibility of music
as a therapeutic medium allows for personalized interventions that can be
tailored to individual preferences, clinical needs, and treatment goals.

Specialized techniques such as songwriting, lyric analysis, the iso princi-
ple (matching music to the client’s emotional state before gradually modify-

ing it), receptive listening, and clinical improvisation have been shown to ef-
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fectively elicit and regulate emotions, increasing positive affect and provid-
ing a structured outlet for emotional expression and processing [237, 236,
238]. These evidence-based approaches enable clients to explore, commu-
nicate, and transform emotional experiences in ways that may be difficult
to access through verbal therapy alone. Additionally, music therapy facil-
itates beneficial physiological changes that support healing processes and
may significantly reduce the need for pharmacological pain management in
certain clinical contexts [236].

The therapeutic relationship between the music therapist and client
serves as a fundamental element of the intervention, creating a safe space
for emotional exploration and expression through musical engagement. This
relationship is characterized by empathic attunement, clinical expertise,
and collaborative goal-setting that respects the client’s autonomy and pref-
erences within the therapeutic process.

This chapter will present three comprehensive music therapy projects
carried out by the music therapy team at Universitd Campus Bio-Medico
di Roma in different hospital wards, demonstrating the practical applica-
tion and emotional benefits of music therapy in diverse clinical settings.
These case studies will illustrate how theoretical principles are translated
into effective clinical practice, providing valuable insights for healthcare
professionals interested in integrating music therapy into multidisciplinary
treatment approaches.

3.7.2 Music Therapy Effects on Hemodynamics in Pain

Management during Hemodynamic Procedures

Introduction

Cardiac catheterization procedures can induce significant stress responses

in patients, potentially affecting their physiological parameters and proce-
dural outcomes. While pharmacological interventions are commonly used
to manage patient anxiety, there is growing interest in non-pharmacological
approaches such as music therapy. This study investigated the effects of per-
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sonalized music therapy on key physiological parameters during diagnostic
coronary angiography and percutaneous coronary intervention (PCI) proce-
dures. Previous studies have primarily focused on the psychological benefits
of preselected music during cardiac procedures, with limited quantitative
analysis of physiological responses. This investigation aimed to address this
gap by implementing a comprehensive analysis of vital parameters, includ-
ing Systolic Blood Pressure (SBP), Diastolic Blood Pressure (DBP), Heart
Rate (HR), Heart Rate Variability (HRV), and peripheral Oxygen Saturation
(Sp02). The study introduced several innovative elements in the experi-

mental design:

* Implementation of real-time shared music listening between patient

and music therapist

* Personalization of musical selections based on patient preferences
and emotional state

* Continuous monitoring and analysis of physiological parameters through-

out the procedure

* Integration of voice intervention by the music therapist during the

procedure

Materials and Methods

A prospective study was conducted on 101 patients undergoing cardiac
catheterization procedures at the Campus Bio-Medico University Hospital
of Rome between June 2022 and May 2023. The study population was di-
vided into an experimental group (n=51) receiving music therapy support
and a control group (n=50) undergoing standard procedures, with pharma-
cological sedation administered as clinically indicated. The protocol of this
study was reviewed and approved by the ethical committee of Fondazione
Policlinico Universitario Campus Bio-Medico on 1st December 2022 with
number of register 2021.232.
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Data Acquisition Throughout the entire catheterization procedure, a com-
prehensive set of physiological parameters was continuously recorded. The
monitoring system included seven-lead ECG for continuous cardiac mon-
itoring, invasive arterial blood pressure measurement through an arterial
introducer connected to a pressure transducer, and continuous peripheral
oxygen saturation monitoring via pulse oximetry. Additional non-invasive
blood pressure measurements were taken via sphygmomanometer before
and after the procedure. All procedural events were timestamped, includ-
ing introducer insertion and removal, and contrast medium administration
times, to enable subsequent temporal analysis.

Signal Processing and Analysis The analysis protocol involved several
stages of data processing. For ECG signals, the highest quality leads were
selected for subsequent analysis. Heart Rate Variability was computed us-
ing the Root Mean Square of Successive Differences (rMSSD) methodology.
From the continuous blood pressure recordings, mean systolic and dias-
tolic pressures were extracted. SpO2 analysis, given its characteristically
low variability, utilized representative values from the selected time peri-
ods. The raw data underwent quality assessment, leading to the exclusion
of measurements with standard deviation exceeding 20% of the relative
value for at least 5 measures. Additional exclusions were made based on
pre-analytical quality criteria. In the experimental group, patients who re-
quired pharmacological intervention were also excluded from the analysis.

Table 3.14. Study Population Distribution After Exclusions

Parameter Experimental Group Control Group
Initial Population 51 50
Hemodynamic Analysis 36 36
SpO2 Analysis 38 46
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Temporal Analysis From the continuous recordings, four temporal win-
dows were extracted for detailed analysis. The first window was defined
from the arterial introducer insertion to the first contrast medium adminis-
tration, extending slightly beyond in cases where this interval was too brief.
The second and third windows were selected from the central portion of the
recording based on signal quality optimisation. The fourth window spanned
from the final contrast medium administration to introducer removal (Fig-
ure 3.24.

Time windows identification

Final Contrast Medium Arterial Introducer
Administration Removal

Arterial Introducer First Contrast Medium
Insertion Administration

| | | |
[ I [ I

Phase 1 Phase 2 Phase 3 Phase 4

Figure 3.24. Time windows identification during the cardiac catheterization
procedure. Four windows were identified based on signal quality assess-
ment: Phase 1 (from arterial introducer insertion to first contrast medium
administration), Phases 2 and 3 (selected from the central portion of the
recording according to signal quality optimisation), and Phase 4 (from final
contrast medium administration to introducer removal). The exact timing
and duration of each window was adapted based on data quality criteria.

For each temporal window, mean values and standard deviations were
calculated using the first window as reference. Statistical analysis employed
ANOVA for between-group comparisons, with a significance threshold of
p < 0.05. The Pearson correlation coefficient was used to assess relation-
ships between variables, with correlations greater than 0.3 in absolute value
considered significant.

Musical Parameters Analysis The music therapy sessions were character-
ized through several musical dimensions. Agogics was measured through
beats per minute (BPM), with observed values ranging from 47 to 89.67
BPM. Musical genres encompassed Classical, Light-Pop, Jazz-Latin, New
Age-Celtic, Rock, and Film Music compositions. While time signatures in-
cluded 3/4, 2/4, and 12/8, the majority of pieces were in 4/4 time. Each
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piece was classified according to its tonality (Major or Minor), dynamics
(mezzo-piano or mezzo-forte), and register (Grave or Medium). Additional
parameters included the vocal or instrumental nature of each piece and the
presence or absence of music therapist’s voice intervention. The analysis
methodology examined correlations between these musical parameters and
the recorded physiological measurements using Pearson’s correlation co-
efficient. Initial evaluation considered correlations between each musical
parameter and the mean physiological values across all temporal windows.
Where significant correlations were identified (|r| > 0.3), subsequent anal-
ysis investigated relationships within individual temporal windows.

Statistical Analysis Continuous variables were expressed as mean and
standard error, while discrete variables were presented as number and per-
centage. Between-group differences in means were evaluated using ANOVA,
with statistical significance defined at p < 0.05. The assessment was con-
ducted in two distinct approaches. The first compared mean physiologi-
cal parameters between groups within each temporal window. The second
analysed relative variations by computing the changes in windows subse-
quent to the first window, using the first window as reference. For corre-
lation analysis between musical and physiological parameters, the Pearson
correlation coefficient was employed. Correlations exceeding 0.3 in abso-
lute value were considered significant. For parameters showing significant
overall correlation, additional analysis was performed examining relation-
ships within individual temporal windows. A superimposition test was con-
ducted between the music therapy and control groups to evaluate the reduc-
tion in sedation requirements. This analysis employed Wilson confidence
intervals and chi-square testing to assess statistical significance. A separate
analysis was performed on the subset of patients who underwent percu-
taneous coronary intervention (PCI) following diagnostic coronary angiog-
raphy. This subgroup analysis included 6 patients from the experimental
group and 18 from the control group, of whom 6 received sedation and
12 did not. The same statistical methodology was applied to this subset,
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with SpO2 analysis performed on 6 experimental and 22 control patients
(7 sedated, 15 non-sedated).

Results

A superiority test between groups demonstrated a statistically signifi-
cant reduction in sedation requirements. In the control group, 44% of pa-
tients (22/50) required sedation, compared to only 11.8% (6/51) in the
music therapy group (CI 95%: -11.6% to -43.3%, p=0.0000097).

Blood Pressure Analysis Analysis of mean Systolic Blood Pressure (SBP)
and Diastolic Blood Pressure (DBP) across the four temporal windows re-
vealed no significant differences between experimental and control groups,

indicating maintained hemodynamic stability throughout the procedure.

Heart Rate and Heart Rate Variability Analysis Heart Rate (HR) showed
significantly higher values in the experimental group compared to controls,
particularly evident when compared to sedated patients (p < 0.05). The
difference was most pronounced in phases 2 and 3 of the procedure.

Table 3.15. Statistical Analysis of Heart Rate (p-values from ANOVA test)

Groups Comparison Phase 1 Phase2 Phase3 Phase4

Sedated vs Non-sedated  0.581 0.721 0.364 0.127

Test vs Sedated 0.038 0.034 0.008 0.012
Test vs Non-sedated 0.109 0.065 0.059 0.120
All three groups 0.073 0.051 0.016 0.024
Test vs Control 0.027 0.016 0.007 0.016

Heart Rate Variability (HRV) analysis showed no significant differences
between groups when assessed either as absolute values or as relative changes

from baseline.
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(b) Delta values from baseline
Figure 3.25. Blood Pressure analysis in all patients

Oxygen Saturation Analysis Oxygen saturation (SpO2) analysis revealed
significantly higher values in the music therapy group compared to the con-
trol group, particularly when compared to non-sedated controls. This im-
provement in SpO2 was maintained throughout the procedure.
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Heart Rate in All Patients - Raw Data
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(b) Heart Rate relative changes from baseline
Figure 3.26. Heart Rate analysis in all patients

Angioplasty Subgroup Analysis A subset of patients who underwent per-
cutaneous coronary intervention following diagnostic catheterization was
analysed separately (6 experimental vs. 18 control patients, including 6
sedated and 12 non-sedated).

In this subgroup, systolic blood pressure was significantly higher in the

experimental group compared to non-sedated controls during phases 1 and
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Heart Rate Variability in All Patients - Raw Data
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(b) Heart Rate Variability relative changes
Figure 3.27. Heart Rate Variability analysis in all patients

2 (p < 0.05). Diastolic blood pressure showed similar patterns, with signif-
icant differences in phase 2. Heart rate analysis revealed higher values in
the experimental group compared to sedated controls during phases 3 and
4. Oxygen saturation showed significant differences in phase 1 between the
experimental group and non-sedated controls.
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Saturation in All Patients - Raw Data
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(b) Oxygen Saturation relative changes from baseline
Figure 3.28. Oxygen Saturation analysis in all patients

Musical Parameters Correlation Analysis of musical parameters revealed
several significant correlations with physiological responses. Music dynam-
ics showed a positive correlation with heart rate (Pearson’s r = 0.49), partic-
ularly evident during the central phases of the procedure. Beat per minute
(BPM) values demonstrated an inverse correlation with HRV (Pearson’s r =
-0.38), where higher BPM corresponded to lower HRV values. Additionally,
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Table 3.16. Statistical Analysis of SpO2 (p-values from ANOVA test)

Groups Comparison Phase 1 Phase2 Phase3 Phase4

Sedated vs Non-sedated  0.028 0.223 0.080 0.286

Test vs Sedated 0.945 0.115 0.662 0.871
Test vs Non-sedated 0.007 0.002 0.012 0.123
All three groups 0.016 0.008 0.034 0.289
Test vs Control 0.076 0.004 0.053 0.261

musical register settings showed a significant correlation with HRV (Pear-
son’s r = 0.37), with lower registers associated with increased HRV.

Table 3.17. Correlation Analysis Between Musical and Physiological Param-
eters

Musical Parameter Physiological Parameter Pearson’s r

Dynamics Heart Rate 0.49
BPM Heart Rate Variability -0.38
Register Heart Rate Variability 0.37

These correlations were most pronounced during phases 2 and 3 of the
procedure, suggesting a temporal component to the music therapy effec-

tiveness.

Discussion

The study provides significant evidence supporting the effectiveness of
music therapy during cardiac catheterization procedures. The most notable
finding was the substantial reduction in sedation requirements in the music
therapy group (11.8%) compared to the control group (44%), statistically
validated through superiority testing (p < 0.05). The analysis of physio-
logical parameters revealed several key findings. Blood pressure measure-
ments showed remarkable stability across all procedural phases in the music
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(b) Heart Rate measurements in angioplasty patients
Figure 3.29. Hemodynamic parameters in angioplasty subgroup

therapy group, comparable to controls, indicating effective hemodynamic
management without pharmacological intervention. Heart rate exhibited
higher values in the music therapy group compared to sedated controls,
while maintaining stable heart rate variability. This pattern suggests in-
creased arousal - a state of enhanced cognitive and emotional engagement
- rather than stress-induced tachycardia. A particularly significant finding
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Heart Rate Variability in Angioplasty Patients - Raw Data
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(a) Heart Rate Variability in angioplasty patients
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(b) Oxygen Saturation in angioplasty patients
Figure 3.30. Additional physiological parameters in angioplasty subgroup

was the improved oxygen saturation in the music therapy group compared
to non-sedated controls. This enhancement remained stable throughout the
procedure, suggesting more efficient respiratory patterns under music ther-
apy. The absence of the typical initial SpO2 decrease observed in sedated
patients further supports the benefits of this non-pharmacological approach.

Musical parameter analysis revealed meaningful correlations between spe-
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cific musical elements and physiological responses. The relationship be-
tween music dynamics and heart rate, and between tempo (BPM) and heart
rate variability, demonstrates the importance of careful music selection in
therapeutic applications. These correlations were most pronounced dur-
ing the central phases of the procedure, indicating an optimal therapeu-
tic window. In the angioplasty subgroup, despite the limited sample size,
observed trends suggest potential benefits of music therapy during more
complex procedures. The maintenance of stable hemodynamic parameters
without increased sedation requirements is particularly noteworthy in this

higher-risk context.

Conclusions

This investigation demonstrates that personalized music therapy repre-
sents an effective non-pharmacological support during cardiac catheteriza-
tion procedures. Key findings include:

* Significant reduction in sedation requirements

* Maintenance of hemodynamic stability

Enhanced oxygen saturation profiles

* Specific correlations between musical parameters and physiological

responses

The study introduces several innovative elements to the field, including
real-time shared music listening and continuous physiological monitoring.
These advances provide a foundation for further research into music ther-
apy applications in interventional cardiology. Future investigations should
focus on expanding the analysis to larger populations, particularly in com-
plex procedures, and developing standardized protocols for music selection
based on individual patient characteristics and procedural requirements.
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3.7.3 Musicin Dementia Assessment: The MiDAS Project

Introduction and Background

The Music in Dementia Assessment Scales (MiDAS) [239] represents a
significant advancement in evaluating music therapy’s impact on individ-
uals with moderate to advanced dementia. This observational assessment
tool measures observable musical engagement in patients with limited ver-
bal capabilities, enabling systematic evaluation of therapeutic outcomes.
The assessment protocol implements Visual Analogue Scales (VAS) without
anchor points, utilizing 100mm lines labelled from 'none at all’ to ’highest’,
where the maximum score represents each individual’s optimal achievable

level at their current stage of dementia.

Assessment Methodology

The study implemented a dual-perspective evaluation system involving
both music therapist and staff assessments. Music therapists conducted
evaluations at the session start and during the most clinically significant 5-
minute period, while staff members performed pre-session and post-session
assessments. This comprehensive approach allowed for evaluation of both
immediate and sustained therapeutic effects. The assessment framework
examined five key dimensions: Interest, Response, Initiative, Involvement,
and Enjoyment. Each dimension was evaluated on a VAS scale from O to 10,
providing quantitative metrics for patient engagement and response. Inter-
est assessment focused on attention to activities and environmental stimuli,
while Response evaluation measured awareness and interaction capabili-
ties. Initiative tracking captured communication attempts and activity ini-
tiation, Involvement measured participation levels, and Enjoyment assessed

emotional responses and relaxation states.
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Implementation and Data Analysis

The research protocol encompassed 11 patients across 12 sessions, gen-
erating a comprehensive dataset of temporal responses to music therapy
interventions. Data collection involved four evaluation points per session,

creating a robust framework for analysing therapeutic impact.

Trend of the 4 evaluations over time
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Figure 3.31. Temporal progression of mean values for each measure (Inter-
est, Response, Initiative, Involvement, and Enjoyment) across all evaluation
points during the 12-session period. The graph demonstrates overall posi-
tive trends with notable improvements in Interest and Involvement metrics.

Temporal analysis revealed consistent improvement patterns across all
measures, with particular enhancement in Interest and Involvement met-
rics. The data demonstrated higher response levels during therapy sessions
compared to pre- and post-session evaluations.

Hierarchical clustering analysis using Ward’s method identified two dis-
tinct patient response patterns, visualized in Figure 3.33. This classification
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Figure 3.32. Comparative analysis of mean scores across assessment mea-
sures for all four evaluation points. Higher scores are evident during music

therapy sessions, particularly in Involvement and Enjoyment dimensions.

&
&

<

enabled more targeted therapeutic approaches based on response charac-
teristics.

Clinical Implications and Future Directions

The analysis revealed significant implications for clinical practice, par-
ticularly in therapeutic approach customization. Strong responders (Cluster
1) demonstrated sustained improvement and higher baseline scores, while
moderate responders (Cluster 2) showed more variable outcomes, suggest-
ing the need for adapted intervention strategies. The study’s limitations,
including the modest sample size and data imputation requirements, in-
dicate opportunities for future research expansion. Recommendations in-
clude larger-scale validation studies, development of supplementary assess-
ment tools, and investigation of long-term benefit retention. The integra-
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Figure 3.33. Hierarchical clustering dendrogram illustrating patient re-
sponse patterns, identifying two distinct clusters with varying therapeutic
response characteristics.

tion of qualitative assessment methods could provide additional insights
into therapeutic outcomes. This pilot study establishes a foundation for
continued development in music therapy assessment for dementia patients,
emphasizing the importance of individualized approaches and systematic
monitoring in therapeutic interventions. The findings support the feasibil-
ity of structured assessment in music therapy while highlighting areas for
methodology refinement and protocol enhancement.

3.7.4 Music Therapy in Cardiothoracic Surgery

This section presents a study examining music therapy effects on car-
diothoracic surgery patients through analysis of physiological parameters.
The investigation involved 99 patients, with 59 receiving music therapy and
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40 serving as controls.

Figure 3.34. Trends in Music Therapy Assessments (Part 1). Each plot
shows measurements of Interest, Response, Initiative, Involvement, and
Pleasure for two clusters of patients (Cluster 1 in red, Cluster 2 in blue).
Shaded areas represent confidence intervals.
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Trend in measurements - Music therapist assessment during
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Figure 3.35. Trends in Music Therapy Assessments (Part 2). Each plot
shows measurements of Interest, Response, Initiative, Involvement, and
Pleasure for two clusters of patients (Cluster 1 in red, Cluster 2 in blue).
Shaded areas represent confidence intervals.

Study Design and Data Collection Patient monitoring included respira-
tory support assessment through nasal cannula, Venturi mask, non-rebreather
mask, and high-flow oxygen therapy. Cardiac parameters encompassed
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Figure 3.36. Comprehensive overview of cluster differences across eval-
uation points for each measured dimension, illustrating distinct response
characteristics and therapy effectiveness patterns.

sinus rhythm and pacemaker presence. Measurements occurred at rest,
during therapy, and post-intervention, tracking systolic and diastolic blood

pressure, heart rate, oxygen saturation, and respiratory rate.

Methodology Data preprocessing involved normalization relative to rest-

ing values using:

raw_value —resting value

normalized value = (3.3)

resting value

Patient stratification considered oxygen support requirements and therapy
exposure. Statistical analysis employed Lilliefors test for normality (p-value
= 0.05), followed by ANOVA or Kruskal-Wallis tests as appropriate.

Results

Analysis revealed distinct patterns across patient groups. Patients with-
out oxygen support showed no significant variations in physiological param-
eters. However, oxygen-dependent patients demonstrated a 10% decrease

AFFECTIVE COMPUTING AND EMOTION RECOGNITION

199



200

Table 3.18. Study Population Distribution

Group

Size

Music therapy - Total
Without oxygen support
With oxygen support
Control - Total

Without oxygen support
With oxygen support
Music therapy - Cluster 1
Music therapy - Cluster 2

59
53
6
40
40
0
32
18

Age Sex

15
F (31%)
10
Group 1
5
M (69%)
0

50 60 70 80 9 100

Age Sex

10 F (25%)
8
Group 2 6
4
2 M (75%)
)

50 60 70 80 90 100

Figure 3.37. Distribution characteristics of physiological parameters in

Clusters 1 and 2

in systolic pressure during therapy and 2% increase in oxygen saturation

post-therapy.

Cluster analysis identified two distinct response patterns. Cluster 1 ex-
hibited a 2.5% decrease in systolic pressure, 2% decrease in diastolic pres-
sure, and 0.3% increase in heart rate during therapy. Cluster 2 showed sim-

ilar pressure decreases with additional minor oxygen saturation changes.
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Figure 3.38. Physiological parameter variations during therapy phase for
Clusters 1 and 2
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Figure 3.39. Physiological parameter variations across therapy phases in
Cluster 1 compared to control group
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Figure 3.40. Physiological parameter variations across therapy phases in
Cluster 2 compared to control group

Discussion

The investigation revealed varying responses to music therapy across
patient groups. Non-oxygen-dependent patients maintained stable param-
eters, suggesting either limited physiological impact or beneficial homeo-
static maintenance. Oxygen-dependent patients demonstrated potentially
therapeutic responses through reduced systolic pressure and improved sat-
uration.

Conclusions

Music therapy demonstrated measurable physiological effects in cardio-
thoracic surgery patients, particularly those requiring respiratory support.
The varied responses between groups emphasize the importance of indi-
vidual patient characteristics in therapy outcomes. Future research should
address larger sample sizes, extended follow-up periods, and mechanism

investigation.
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3.7.5 Music Therapy and Affective Computing: Connec-

tions to Human-Centred Technology Design

The music therapy applications presented in this chapter illustrate the
practical implementation of the theoretical frameworks discussed through-
out this thesis, particularly demonstrating how affective computing can en-
hance human-centred approaches in healthcare contexts. These case stud-
ies embody the core principles outlined in Chapter 1, where we emphasized
the development of unobtrusive technological solutions that enhance qual-
ity of life while maintaining natural human interaction patterns.

The case studies presented in this section demonstrate the practical
realisation of the foundational objectives of this research: understanding
human perception and emotion, developing emotion-aware technologies,
and advancing non-invasive sensing solutions. While current music therapy
practice relies primarily on the therapist’s observational skills and clinical
experience, the integration of affective computing techniques offers several
promising avenues for advancing this field while adhering to the human-
centred design principles that guide this thesis.

The implementation of real-time emotion recognition systems, as illus-
trated in the cardiac catheterization study, exemplifies the practical appli-
cation of the non-intrusive sensing approaches discussed in Chapter 1. By
monitoring physiological parameters during music therapy interventions,
we were able to quantify therapeutic benefits while minimizing disruption
to the patient experience—directly addressing our research objective of de-
veloping sensing approaches that minimize user intervention. Similarly, the
MiIDAS project demonstrates how structured observational tools can com-
plement technological approaches in emotion assessment, creating a more
comprehensive understanding of emotional responses in individuals with
limited expressive capabilities.

These applications directly connect to the crossmodal perception re-
search presented in Chapter 2, as music therapy inherently leverages the
relationship between auditory stimuli and emotional responses. The im-
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provement in oxygen saturation observed in cardiac patients and the en-
hanced engagement noted in dementia patients highlight how emotionally
appropriate sensory experiences can positively impact physiological and be-
havioural responses, reinforcing our findings on emotional mediation in

crossmodal perception.

From a human-centred design perspective, these music therapy appli-
cations demonstrate several key principles outlined in our research frame-
work. First, they prioritize user comfort and natural experience over tech-
nological intrusion, as evidenced by the reduced need for pharmacological
interventions in the cardiac catheterization study. Second, they accommo-
date individual differences in response patterns, as demonstrated by the
cluster analysis in both the dementia and cardiothoracic surgery studies.
Third, they integrate emotional awareness into therapeutic interventions,
aligning with our objective of creating systems that adapt to and work with
human emotional processes.

Several practical considerations must be addressed for successful imple-
mentation in clinical environments. Non-intrusive sensing technologies are
essential to avoid disrupting the therapeutic relationship, with wearable de-
vices offering particular promise due to their minimal interference—a direct
application of the low-impact design approach advocated throughout this
thesis. The processing of emotional data must occur in real-time to support
therapeutic decision-making, requiring systems that balance computational
efficiency with clinical accuracy. Additionally, user interfaces must be de-
signed specifically for the therapy setting, providing relevant information
without distracting from patient interaction, reflecting the human-centred

design principles that inform our work.

The projects described here represent initial steps toward this integra-
tion, demonstrating how the theoretical frameworks of emotion recogni-
tion, physiological monitoring, and human-centred design can enhance clin-
ical practice in music therapy. Future developments might include adaptive
systems that suggest musical interventions based on detected emotional
states, longitudinal tracking tools that monitor emotional changes across
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multiple sessions, and multimodal platforms that integrate various emo-
tional assessment techniques for comprehensive evaluation—all guided by
the principle that technology should enhance human experience while min-
imizing its impact on natural behaviour.

By combining the humanistic foundations of music therapy with the
analytical capabilities of affective computing, these studies exemplify our
broader research goal: developing technologies that enhance human capa-
bilities while minimizing their impact on natural behaviour and experience.
They demonstrate that when technological solutions are designed with hu-
man emotional and perceptual processes at their centre, they can achieve

better outcomes while maintaining the natural flow of human interaction.
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4.1 Introduction to Sensing Technology in Health-

care

The landscape of healthcare monitoring and diagnostics has undergone
a transformative evolution, shifting from traditional invasive methodolo-
gies towards continuous, non-invasive approaches that prioritise both clin-
ical efficacy and patient experience [240]. This paradigm shift has been
driven by technological advancements in sensing technologies, data analyt-
ics, and artificial intelligence, enabling unprecedented capabilities in con-
tinuous health monitoring whilst minimising patient discomfort and inter-
vention requirements.

4.1.1 Evolution of Healthcare Sensing Technologies

The trajectory of healthcare sensing technologies reflects a fundamental
reconceptualisation of patient monitoring approaches. Traditional method-
ologies, characterised by discrete measurements and often invasive proce-
dures, have increasingly given way to continuous monitoring systems that
offer real-time insights into patient health status [241]. This evolution has
been particularly pronounced in the management of chronic conditions,
where continuous monitoring can provide early warning signs of deteri-
oration and enable more timely interventions [242]. The proliferation of
wearable technologies has been a crucial driver in this transformation. Con-
temporary wearable devices incorporate sophisticated sensor arrays capable
of monitoring multiple physiological parameters simultaneously, from ba-
sic vital signs to complex biomarkers. These developments have facilitated
a shift from reactive to proactive healthcare management, enabling pre-
dictive analytics and early intervention strategies [240]. Market analyses
indicate substantial growth in the remote patient monitoring (RPM) sec-
tor, with projections suggesting a compound annual growth rate of 8.74%
through 2030. This growth reflects both technological advancement and

increasing recognition of the value of continuous monitoring in improving
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patient outcomes and reducing healthcare costs [241].

4.1.2 Human-Centred Design Principles in Healthcare
Sensing

The effectiveness of healthcare sensing technologies is intrinsically linked
to their integration into patients’ daily lives and routines. User-centred de-
sign principles have emerged as critical factors in the development and im-
plementation of these technologies [243]. The challenge lies not merely
in creating technically capable devices, but in ensuring they are accessible,
comfortable, and minimally disruptive to normal activities. Research has
demonstrated that sensor design significantly influences patient compliance
and adherence to monitoring protocols [244]. Successful implementation

requires careful consideration of various factors:
* Ergonomic design and physical comfort during prolonged use
* Intuitive user interfaces that minimise cognitive load
* Clear and actionable feedback mechanisms
* Robust data privacy and security measures
* Integration with existing healthcare workflows

Recent advances in materials science and miniaturisation have enabled
the development of increasingly unobtrusive sensing solutions. For instance,
next-generation wearable sensors utilising flexible electronics and smart
textiles have demonstrated enhanced user acceptance while maintaining
measurement accuracy [245]. These developments represent significant
progress toward truly non-invasive monitoring solutions that can seamlessly
integrate into patients’ lives.
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4.1.3 Current Technological Landscape

The contemporary healthcare sensing ecosystem is characterised by the
convergence of multiple technological advances, particularly in the domains
of sensor miniaturisation, artificial intelligence, and Internet of Things (IoT)
integration. This convergence has enabled unprecedented capabilities in
continuous health monitoring and real-time data analytics [246].

Advanced Sensing Modalities

Modern healthcare sensors employ diverse sensing modalities, each of-
fering specific advantages for different monitoring applications:

* Electrochemical Sensors: Utilised in continuous glucose monitoring
and blood chemistry analysis

* Optical Sensors: Applied in pulse oximetry, photoplethysmography,
and spectroscopic analysis

* MEMS-based Sensors: Employed in motion detection, respiratory
monitoring, and cardiovascular assessment

* Biochemical Sensors: Used for monitoring biomarkers in various
bodily fluids

The integration of these sensing modalities with artificial intelligence
has significantly enhanced their capabilities. Machine learning algorithms
can now process complex sensor data in real-time, enabling more accurate
detection of physiological anomalies and reduction of false alarms [247].
This integration has been particularly transformative in applications requir-
ing continuous monitoring and rapid response, such as cardiac monitoring
and glucose level management.

Data Analytics and Decision Support

Advanced analytics platforms have become integral components of mod-
ern healthcare sensing systems. These platforms incorporate:
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1. Real-time data processing and feature extraction
2. Machine learning-based pattern recognition

3. Predictive analytics for early warning systems

4. Automated decision support algorithms

The implementation of these analytical capabilities has enabled more so-
phisticated approaches to patient monitoring. For instance, modern sys-
tems can now detect subtle patterns in physiological parameters that may
indicate impending clinical events, allowing for preventive interventions
[248].

4.1.4 Technical and Human Challenges

The advancement of healthcare sensing technologies faces several sig-
nificant challenges that span both technical limitations and human fac-
tors. From a technical perspective, sensor reliability and accuracy remain
paramount concerns in healthcare applications. The achievement of stable,
precise measurements in continuous monitoring scenarios is complicated by
various factors including signal drift, environmental interference, and mo-
tion artifacts. These issues are particularly pronounced in wearable devices,
where the dynamic nature of real-world usage introduces additional com-
plexities to the measurement process [249]. Sensor drift represents a par-
ticularly challenging aspect of continuous monitoring systems. Over time,
sensor performance can degrade due to various factors including material
ageing, biofouling, and environmental exposure. This degradation neces-
sitates regular calibration procedures, which must be carefully balanced
against user convenience and compliance considerations. The development
of robust drift compensation strategies remains an active area of research,
with particular emphasis on reducing calibration frequency while maintain-
ing measurement accuracy [250]. Power management presents another
critical technical challenge, especially in portable and wearable devices.
The requirement for continuous operation must be balanced against battery

SENSING TECHNOLOGY AND CALIBRATION

211



212

life and device size constraints. While advances in low-power electronics
and energy harvesting technologies offer promising solutions, the integra-
tion of these approaches while maintaining measurement performance re-
quires careful optimisation of system architecture and operation protocols.
Beyond technical considerations, the successful implementation of health-
care sensing technologies depends heavily on their integration into existing
healthcare systems and workflows. This integration must address not only
technical compatibility but also the human factors that influence technology
adoption and utilisation. Healthcare providers must be trained in the inter-
pretation of continuous monitoring data, and systems must be designed to
present information in a manner that facilitates clinical decision-making

without contributing to information overload [251].

4.1.5 Emerging Opportunities

The convergence of advanced sensing technologies with artificial intel-
ligence and data analytics presents transformative opportunities in health-
care monitoring. Artificial intelligence is enabling increasingly sophisti-
cated approaches to personalised healthcare monitoring, with systems ca-
pable of adapting to individual patient characteristics and circumstances
[252]. These adaptive systems can learn from patient-specific data pat-
terns, adjusting monitoring parameters and alarm thresholds to optimise
both clinical utility and user experience. The integration of multiple sens-
ing modalities represents another significant opportunity for advancement
in healthcare monitoring. By combining data from complementary sensors,
systems can achieve more robust measurements and comprehensive physio-
logical monitoring. This multi-modal approach enables cross-validation be-
tween different measurement techniques, enhancing reliability while poten-
tially reducing the frequency of calibration requirements [253]. Advances
in materials science and manufacturing technologies are enabling the de-
velopment of increasingly sophisticated sensor platforms. Novel materials
and fabrication techniques allow for the creation of flexible, biocompatible
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sensors that can conform to body contours while maintaining measurement
accuracy. These developments are particularly relevant for long-term mon-
itoring applications, where user comfort and device durability are critical

considerations.
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4.2 Research Objectives and Chapter Overview

This thesis addresses fundamental challenges in healthcare sensing tech-
nology through investigations in three interconnected areas. In the domain
of glucose sensor calibration, we explore novel approaches to drift compen-
sation and calibration optimisation, with particular emphasis on reducing
user intervention requirements while maintaining measurement accuracy.
This work encompasses both algorithmic developments in signal processing
and practical implementations in continuous glucose monitoring systems.

The investigation of breath analysis technologies presents unique op-
portunities for non-invasive disease monitoring. Our research in this area,
published on Sensors and Actuators: B. Chemical [254], focuses on the
development and validation of advanced sensor arrays for volatile organic
compound detection, with particular emphasis on standardization of mea-
surement protocols and integration with clinical decision support systems.
This work addresses both the technical challenges of sensor design and the
practical considerations of clinical implementation.

In the field of spectrophotometric analysis, our research explores the de-
velopment of compact, efficient systems for non-invasive diagnostics. This
work, presented with a poster at the European Association of Urology in
Paris, France, in 2024, encompasses both hardware optimisation for portable
spectrometers and the development of sophisticated algorithms for spectral
data analysis. The integration of machine learning techniques enables en-
hanced pattern recognition and classification capabilities, facilitating rapid
and accurate diagnostic assessments.

These research areas share common themes in the pursuit of non-invasive,
reliable monitoring solutions that can be integrated into clinical practice.
The subsequent chapters present detailed investigations into each of these
areas, including theoretical foundations, experimental methodologies, and
clinical validation studies. Through these investigations, this thesis con-
tributes to the advancement of healthcare sensing technology by addressing

fundamental challenges in sensor development and implementation.
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4.3 Glucose Sensor Calibration

4.3.1 Introduction

Diabetes represents one of the most formidable global health challenges
of our time, characterized by chronically elevated blood glucose levels that
can lead to severe complications including cardiovascular disease, kidney
dysfunction, retinal damage, and neuropathy [255]. Recent estimates re-
veal a staggering statistic: approximately 422 million people worldwide
suffer from this metabolic disorder, with projections indicating a surge to
578 million affected individuals by 2030 [256]. This epidemic is particu-
larly concerning in low- and middle-income countries, where approximately
79% of adults with diabetes reside [257].

Glucose Monitoring Technologies

The cornerstone of diabetes management lies in maintaining blood glu-
cose levels within a narrow therapeutic range, typically between 70 and
180 mg/dL [258]. This precise control is primarily achieved through in-
sulin therapy, whose effectiveness critically depends on accurate and timely
glucose monitoring. Two primary approaches exist for monitoring blood
glucose levels: Blood Glucose Monitoring (BGM) and Continuous Glucose
Monitoring (CGM) [259].

Traditional BGM methods, while providing precise readings through
finger-prick devices, present significant limitations. The invasive nature of
repeated finger-pricking not only causes patient discomfort but also pro-
vides only discrete measurements, making it challenging to identify impor-
tant glucose trends and patterns [260]. These limitations have driven the
development of CGM systems.

CGM technology represents a significant advancement in diabetes care,
offering continuous measurement of glucose levels in the interstitial fluid
through minimally invasive sensors. These systems provide real-time glu-

cose readings and trend information, enabling more proactive diabetes man-
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agement [261]. However, CGM technology faces several critical challenges
that impact its widespread adoption and effectiveness.

Challenges in CGM Technology

The accuracy of CGM systems is influenced by multiple factors that can
affect sensor performance and reliability. These include:

* Physiological variations, such as the lag time between blood and in-

terstitial glucose levels
* Environmental conditions, including temperature and humidity
* Sensor degradation over time
* Calibration accuracy and frequency

* Individual patient characteristics

Current commercial CGM sensors typically employ factory calibration,
often supplemented by periodic user calibration through traditional blood
glucose measurements. However, the complexity of interfering factors makes
maintaining consistent accuracy challenging throughout the sensor’s life-
time [262]. Understanding and compensating for these various influences
represents a critical challenge in improving CGM performance.

Recent Advances and Current Limitations

Recent technological advances, particularly in the fields of machine learn-
ing and edge computing, have opened new possibilities for enhancing CGM
accuracy. These technologies enable more sophisticated calibration approaches
that can adapt to individual patient characteristics and environmental con-
ditions. However, implementing such solutions on resource-constrained
devices presents additional challenges, requiring careful consideration of
computational efficiency and power consumption [263].

CHAPTER 4



The development of effective calibration strategies requires a deep un-
derstanding of how various factors affect sensor performance, along with
the ability to generate realistic data for algorithm development and test-
ing. Furthermore, any proposed solution must be computationally efficient
enough to run on the limited hardware typically available in CGM devices.

Research Focus Area

This thesis presents three interconnected contributions addressing the
fundamental challenges in CGM sensor calibration:

First, we present a comprehensive analysis of various interfering factors
affecting sensor accuracy, including physiological changes, environmental
conditions, and sensor-specific characteristics. This work, presented during
the 2024 IEEE International Instrumentation and Measurement Technology
Conference (I2MTC) [264], provides a mathematical framework for under-
standing and modelling the impact of these factors on sensor performance.

Building on this understanding, we then introduce a novel approach for
generating synthetic but realistic sensor response data. This model, pub-
lished in BioMedInformatics [265], incorporates both physiological vari-
ables and sensor characteristics, providing a robust foundation for devel-
oping and testing calibration algorithms. The synthetic data generation
approach enables the exploration of various scenarios and conditions that
might be difficult or impractical to reproduce in clinical settings.

Finally, we investigate the implementation of lightweight neural net-
work architectures for real-time sensor calibration. This work, published in
IEEE Sensors Letters and presented during IEEE Sensors Conference 2024
in Kobe, Japan [cenerini2024optimising], focuses on optimising both ac-
curacy and computational efficiency, exploring various neural network ar-
chitectures and their suitability for deployment on resource-constrained de-
vices.

Through these contributions, we aim to advance the field of CGM tech-
nology by improving sensor calibration methods and ultimately enhancing
the quality of diabetes care. Our work combines theoretical modelling with

SENSING TECHNOLOGY AND CALIBRATION

217



practical implementation considerations, focusing on solutions that can be
deployed in real-world devices while maintaining the stringent accuracy
requirements necessary for effective diabetes management.

4.3.2 Study on the Impact of Interfering Factors on a

Glucose Sensor Model

Background and Research Questions

Over the years, a series of studies have focused on modeling the inher-
ent errors associated with GCM sensors, shedding light on critical aspects
that impact their accuracy and reliability. In the early 2010s, Krouwer and
Cembrowski emphasized the need for standards and statistics to compre-
hensively describe blood glucose monitor performance [266]. This laid the
groundwork for a holistic approach to evaluating CGM sensors, consider-
ing not only analytical errors but also addressing medical errors that could
potentially harm patients. Building on this foundation, Facchinetti et al.
delved into modelling the glucose sensor error [267]. Their work high-
lighted the challenges faced by CGM sensors, citing distortions due to dif-
fusion processes, time-varying systematic under/overestimations from cal-
ibrations and sensor drifts, and the presence of measurement noise. This
study underscored the importance of a reliable model for CGM inaccuracies
in various applications, such as designing optimal digital filters, real-time
glucose prediction, and developing algorithms for artificial pancreas con-
trol.

The evolution of CGM sensor technology is evident in subsequent stud-
ies, particularly those focusing on Dexcom sensors. In another study, Facchinetti
identified and evaluated error models for the G4 Platinum (G4P) and ad-
vanced G4 for artificial pancreas studies [268]. The study demonstrated
technological advancements, with G4P outperforming its predecessor, the
SEVEN Plus, and G4AP showcasing further reliability due to sophisticated
data processing algorithms. Vettoretti et al. expanded the scope to self-
monitoring blood glucose (SMBG) measurements, proposing a novel method-
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ology to derive more realistic models of SMBG error probability density
functions (PDFs) [269]. The study divided the blood glucose range into
zones, each characterized by a constant standard deviation. This innovative
approach addressed the limitations of traditional Gaussian models, provid-
ing more accurate representations of experimental data.

The advent of factory-calibrated CGM sensors, exemplified by Dexcom
G6, prompted further investigation. Vettoretti developed a model dissect-
ing the error into BG-to-IG kinetics, calibration error, and measurement
noise [270]. This model extended the applicability to the entire sensor life-
time, a significant advancement considering the 10-day duration of these
sensors. In the realm of long-term glucose forecasting, Liu et al. proposed
an algorithm based on physiological models and deconvolution of CGM sig-
nals [271]. Their work addressed the challenge of accurate long-term pre-
dictions, a crucial aspect for applications such as precision insulin dosing
and artificial pancreas systems.

This work aims to examine the drift or measurement error in CGM sen-
sors that may arise from a variety of interfering variables. These variables,
which can be attributed to both external and internal factors, include the
patient’s behaviour, environmental fluctuations, and the intrinsic charac-
teristics of the sensors themselves. Each effect is modelled and analysed

individually. In detail, the focus is on:

* Alterations in the subject’s physiological state, induced by sweating
or physical exertion, correlate with fluctuations in the rate of glucose
change or variations in pH levels;

* Exposure of the sensor to elevated temperatures: this can lead to
potential malfunctions or deviations in sensor performance due to

thermal stress;

* Compromised adhesion of the sensor: the sensor may experience a
reduction in its adhesive properties, which can result in detachment
or positional instability.
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* Sensor ageing, induced by exogenous skin response, or sensor dam-
age during use

Sources of error and distortion

A CGM system is made up of subcomponents and systems that trans-
form biological information into shareable and meaningful information. In
that system, three layers can be found: physical, analogue, and digital layer
as shown in Figure 4.1. The glucose concentration in blood, that is the in-
formation of interest, must be transduced into a signal that can be acquired
and processed. Every sensor must present this typical structure in which the
first layer is composed of a transduction layer that can transform a physi-
cal variation in analogue information (electrical current/ voltage). In the
case of CGM sensors, the glucose transducer can be an electrochemical sen-
sor with glucose oxidase, or an optical sensor in the fluorescent domain
or a glucose-binding polymer. The interface circuitry depends on the de-
sign choices and can be used as transducer interfaces a current mirror, a
trans-impedance amplifier, a charge integrator or a switched capacitor cir-
cuit [272], then the signal must be conditioned (with an amplification block
and a filtering stage) to enhance signal quality and optimise it for quantiza-
tion. At this stage, the electrical signal is converted into a digital form and
can be transmitted to other systems.

Distorting Factor / Interfering Variables Corruption noise or errors can
potentially impact every component within the measurement chain, lead-
ing to false alarms or incorrect sensor readings. These measurement in-
accuracies may originate from the sensors themselves, the subject being
monitored, or environmental factors. Equation 4.1 describes the measured
value, y(t), as a combination of the true value, u(t), affected by distortion
and noise, capturing the realistic behaviour of the measurement system. In
the equation appears also the time dependency that affects the true value,
the distortion function and the noise.
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Figure 4.1. Measurement chain: from the physical to the digital domain

y(t) = g(u(t), t) +n(t) 4.1

In g(u(t),t) and n(t) it is possible to model the distorting factors and
the noise. After a literature review, it is possible to list some of the factors
to be considered when modelling the CGM sensor response.

1. Temperature can affect the transducer layer and the electronic layer.
The kinematics of reactions that occur at the enzymatic level can be
neglected because glucose oxidase denaturation occurs at 57.9°C and
the body, in a living condition cannot reach that temperature [273].
Otherwise, the overheating of the device transmitted for conduction
can lead to an error in reading due to the introduction of Johnson-
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Nyquist noise. This noise can be simulated using white noise with an
amplitude equal to the thermal noise power calculated using Nyquist’s
formula: P = kTB where P is the noise power in Watt, k is Boltz-
mann’s constant, T is the absolute temperature in Kelvin degrees,

and B is the bandwidth of the system in Hertz.

2. pH also affects the glucose oxidate; its optimal activity is at 6.5, and
when the pH is greater, the reaction speed decreases [274]. The signal
acquired at a pH differing from the optimal one can be derived by
multiplying the glucose concentration measured at the optimal pH
by the ratio of enzymatic activities between the pH of interest and
the optimal pH. Enzymatic activity can be deduced employing the

Hill equation.

3. Glucose rate of change: The concentration of blood glucose and inter-
stitial glucose, where CGM sensors take measurements, does not align
instantly. There is a lag between the two. Sensors may consistently
read higher or lower values depending on the rate at which glucose
changes. Specifically, when the glucose rate is increasing, the sensors
often report a lower value, and when it is decreasing, they report a
higher value [275].

4. Adhesion: Movement or impact involving the subject can stress the
needles or cause them to lose adhesion, leading to inaccurate signal
readings. The sensor impact could be modelled as a pulse that in-
terferes with only one sample belonging to the curve, whose value is
altered by a variable multiplicative factor.

5. Sensor Drift: Sensor response changes over time due to multiple fac-
tors such as the biological body response that causes, electrode oxi-
dation, and sensor degradation [276]. For these reasons, commercial
sensors can measure glucose concentrations for a duration of 8 — 14
days depending on device type [277]

The factors mentioned above are summarized in Table 4.1, where each
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is associated with one or more potential causes such as the subject, envi-
ronment, and sensor.

Table 4.1. Origin of type of error in CGM sensor

Type Error Subject Environment Sensor
Temperature enzyme - X -
Temperature transducer - X -
pH enzyme X - -
Drift electrodes - - X
Glucose rate of change  transducer X - -
Adhesion electrodes - X -
Fabrication offset all the parts - - X
Methods

This section focuses on two important tools used in the work: (i) the

UVA/PADOVA Type 1 Diabetes Simulator and (ii) the proposed Sensor Model.

Simulator The UVA/PADOVA Type 1 Diabetes Simulator is a sophisticated
simulation software designed to facilitate the development and evaluation
of treatment strategies for people with Type 1 Diabetes Mellitus (T1DM).
Developed through collaborative efforts between the University of Virginia
and the University of Padova, this simulator offers several notable features
and functionalities. It replicates meal challenges and boasts a diverse pop-
ulation of 300 in-silico subjects, including adults, adolescents, and chil-
dren, thereby enabling comprehensive research across different age groups.
Importantly, the simulator has undergone rigorous validation against data
from various T1DM experiments, successfully reproducing insulin correc-
tion distribution patterns. Continual improvement and evolution have been
a hallmark of this simulator, culminating in the submission of a new version,
S2013, to the FDA in 2013 [278].
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Sensor Model The sensor model is mathematically represented by two
main equations that describe the relationship between the sensor’s internal
state, the true Blood Glucose Level (BGL), and the sensor’s output mea-
surement. The model is described in [279] and [280]: it is composed of an
equation (Eq- 4.2) that describes the state dynamic:

Xg+1 =P1° Xt D2 Uy (4.2)

and a second equation (Eq- 4.3) that contains the output measurement for-

malization:

s (=) () s (o))

where s() is the sigmoid function, T is the observation time expressed in
seconds, and t; is measured in seconds.

The dynamics of the sensor model are based on the zero-order-hold
(ZOH) discretization of a continuous-time first-order stable transfer func-
tion from the true BG, u;, to the internal state, x;. This essentially means
that the sensor’s internal state is a discretized representation of the contin-
uous changes in BG. There is a non-linear relationship between the sensor’s
output and its internal state, as well as the elapsed time. The sensor model
also demonstrates the non-linear dependence of the output on the state
and the non-linear drift of sensitivity over time. This means that the sen-
sor’s measurement is influenced by both its current state and the time that
has passed since the start of measurements.

In the equation, some parameters appear, while in the reference litera-
ture, they are substituted by some specific value. The optimum parameters
are evaluated using the Nelder-Mead method, which is a popular algorithm
for multidimensional unconstrained optimisation without derivatives. The
cost function minimized the quadratic error between the blood glucose con-
centration and the signal obtained with the model. A vector of ones is the
starting point for the optimisation to find the minimum values. The simu-
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lator was developed by customizing simglucose [281].

The simulator output data, blood glucose, and concentration u; are
given as input to the model equation, and each parameter was varied within
a range of 5% from its nominal value. The results are presented as absolute
errors. Data are obtained by simulating the blood glucose concentration
of adult#001 given the same bolus for 10 consecutive days. The scenario
considered is reported in Table 4.2 and the optimal parameters are shown
in Table 4.3.

Table 4.2. Meal size simulated for adult#001
Time [hr] Meal Size

07:00 45
12:00 70
16:00 15
20:00 80
23:00 10

Table 4.3. Optimum parameters value

Parameter D1 D2 D1 D2 D1 D2 D1

Optimal value -0.033 1.003 0.785 0.999 1.540 1.152 1.327

Application of distortions The values used for the application of distor-
tion were obtained from literature or as a result of experimental tests. The
temperature values analysed are: 20°C, 30°C, 40°C, 45°C. The pH values
tested are: 4.5, 5.5, 6.5, 7. The glucose rate of change (GRC) tested are
1) : (—0.5,—-1), 2): (—1,—1.5), 3): (0.5,1), 4): (1,1.5) [275]. The per-
centages of adhesion due to movement or impact involve a variation of the
signal at the disturbance, affecting only one sample with a multiplicative
factor of 1.5, 2, 2.5, and 3.

The sensor drift was modelled after an experimental test on a device
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whose operating principle is based on amperometry, a technique that is
present in various CGM devices. A square wave that oscillates between 0
mV and 0.360 mV, a frequency of 0.01Hz and a duty cycle of 50% was ap-
plied to an electrochemical cell. This cell is made of a commercial electrode
Dropsense C110D with a 4 mm diameter working electrode in carbon, an
auxiliary electrode in carbon and a reference electrode in silver [282]. The
steady-state value was recorded for the various measurement cycles, and a
distortion of the measurement was observed, which was modelled with a
sixth-order polynomial. This effect was applied to the signal, and various
levels of distortion were simulated by acting on the amplitude of the distor-
tion, pre-multiplying it by a factor that specifically assumes values of 0.2,
0.5, 0.75, and 1.

Experimental Result

Model Characterization Taking into account Eq. 4.2, the parameters p;
and p, can mimic factors that can be directly related to the transduction
phase. With these parameters, it is possible to simulate the sensor calibra-
tion error, temperature and pH fluctuation, tissue differences, hydration,
sensor age, physical pressure on the sensor, and sensor placement. In the
parameter p, are mapped all the variables that directly influence the glu-
cose concentration reading, such as pH, adhesion, sensor placement, and
sensor manufacturing offset. Conversely, p; could capture the effects of
aging. Specifically, as observed in Fig. 4.2, for p,, a slight decrease in the
parameter value corresponds to an increase in the absolute error. The effect
induced by the variation of p, and p5 is more intricate (Fig. 4.3). Through-
out the day, the absolute error fluctuates, showing distinct patterns at dif-
ferent times. In the morning and afternoon, the absolute error tends to
decrease when there is a reduction in the parameter variation. Conversely,
in the evening, a decrease in parameter variation leads to an increase in the
absolute error.

Eq. 4.2, with its parameters, allows one to model the effects of distur-
bances in the electrical domain. Specifically, during this phase, it is possi-
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Figure 4.2. pl parameter variation in the range of 5% from its nominal
value
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Figure 4.3. p2 parameter variation in the range of 5% from its nominal
value

ble to consider all the disturbances that could interfere with the measured
signal. Among these, thermal noise is certainly a prominent factor. The
parameter p, appears as an exponent, it modulates the nonlinearity of the
relationship between x; and y;. If p, is greater than 1, the function grows
exponentially, this means that for increasing values of x; , the increase of y;
becomes progressively faster. When p, < 0 and x;. increases, y, approaches
zero. The greater the value of x; , the smaller y; becomes, although it never
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actually reaches zero ( Fig. 4.4).
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Figure 4.4. p4 parameter variation in the range of 5% from its nominal
value
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Figure 4.5. p5 parameter variation in the range of 5% from its nominal
value

The parameters ps and pg do not influence the absolute error (Fig. 4.5)
whereas p, exhibits behaviour analogueous to p,.

Model characterization for the case study In this section, for each in-
terfering substance, its response has been modelled, and the range of pa-

rameter variations within the model has been examined to establish a cor-
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responding dependency between the parameter and the case study. This
approach ensures that the influence of each interferent on the system’s ac-
curacy is not only identified but also quantitatively assessed.

Table 4.4. Model Parameters for the Considered Interferents

Interference Value D1 P2 P3 D4 Ds Ps D7 Error
Adh 1.5 -0.034 1.002 0.790 1.000 1.549 1.164 1.334 -0.042+3.134
Adh 2 -0.034 1.005 0.789 1.000 1.558 1.161 1.335 0.217+3.307
Adh 2.5 -0.033 1.007 0.795 0.998 1.554 1.180 1.333 0.117+6.485
Adh 3 -0.034 1.004 0.791 1.000 1.542 1.160 1.329 0.129+6.008
pH 4.5 -0.031 1.152 0.793 1.062 1.499 1.131 1.267 -0.024+0.278
pH 5.5 -0.033 1.013 0.790 1.001 1.542 1.167 1.337 -0.154%0.508
pH 6.5 -0.034 1.006 0.792 0.999 1.553 1.162 1.332 0.31+1.206
pH 7 -0.034 1.006 0.790 1.000 1.554 1.165 1.331 0.031+0.857
T [°C] 20 -0.034 1.006 0.792 0.999 1.553 1.162 1.332 0.31+1.206
T [°C] 30 -0.034 1.006 0.792 0.999 1.553 1.162 1.332 0.31+1.206
T [°C] 40  -0.034 1.006 0.792 0.999 1.553 1.162 1.332 0.31£1.206
T [°C] 45  -0.034 1.006 0.792 0.999 1.553 1.162 1.332 0.31+1.206
GRC 0 -0.033 1.009 0.791 0.999 1.568 1.169 1.324 -0.064+2.425
GRC 1 -0.033 1.006 0.789 1.000 1.565 1.168 1.327 -0.037%2.299
GRC 2 -0.034 1.005 0.789 0.999 1.550 1.161 1.336 -0.041+4.184
GRC 3 -0.034 1.006 0.785 0.999 1.554 1.163 1.342 -0.158+2.339
Drift 0.2 -0.034 1.005 0.791 0.999 1.553 1.162 1.332 0.219+1.213
Drift 0.5 -0.034 1.005 0.789 1.000 1.543 1.166 1.334 0.228+1.222
Drift 0.75 -0.034 1.007 0.787 1.000 1.548 1.165 1.332 0.081+1.26
Drift 1 -0.034 1.004 0.788 1.000 1.557 1.164 1.334 0.18+1.223

In Table 4.4 for each row is reported the interference taken into account
and its value. All values of interferents given in the table, excluding temper-
ature, are expressed as multiplicative factors and therefore dimensionless.
From columns p1 to p7 are reported the value of the model that better fitted
the signal affected by that interference. The last column shows the average
and the standard deviation of the error obtained as the difference between
the signal and the model curve.
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Discussion and Conclusion

The analysis demonstrates that the parameter variations observed fall
within the expected range of the analysed parameters, with several note-
worthy patterns emerging from the model’s performance. A particularly
significant finding is the consistent behaviour of parameter p4, which main-
tains stability across all case studies. The model’s effectiveness in repre-
senting adhesion processes is evidenced by the standard deviation error be-
tween the observed and modelled signals, with this divergence being most
pronounced in parameters p2 and p4. The model reveals important rela-
tionships between environmental factors and parameter behaviour. pH lev-
els demonstrate a clear influence, causing a reduction in parameters p2 and
p4 as pH increases. Conversely, temperature variations within the studied
range show minimal impact on these parameters, suggesting that temper-
ature plays a negligible role under the tested conditions. The model also
identifies an inverse correlation between glucose rate changes and parame-
ters p2, p5, and p6, with these values decreasing as glucose rates increase.
In scenarios involving sensor drift, all parameters except pl, p4, and p7
show variations, highlighting specific parameter sensitivity to drift condi-
tions. These findings have important implications for continuous glucose
monitoring (CGM) systems. The model equation’s parameters effectively
capture and represent the impact of interferents on blood glucose concen-
tration measurements. The observation that certain parameters display
similar values across different effects provides valuable insights for sen-
sor calibration and compensation strategies. This understanding is crucial
for maintaining CGM sensor accuracy and reliability across varying oper-
ational conditions. The identification and calibration of these parameters
emerge as critical factors in ensuring robust CGM sensor performance. By
accounting for these parameter behaviours, it becomes possible to main-
tain measurement accuracy despite the dynamic and potentially disruptive
external conditions that sensors may encounter during operation. This un-
derstanding provides a foundation for developing more resilient and accu-
rate glucose monitoring systems that can adapt to varying physiological and
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environmental conditions while maintaining measurement integrity.

4.3.3 A Stress Generation Model for Tiny ML Drift Com-

pensation

Background and Research Questions

Several studies have focused on modeling the inherent errors associ-
ated with GCM sensors, shedding light on critical aspects that impact their
accuracy and reliability.

Krouwer and Cembrowski emphasized the need for standards and statis-
tics to describe the performance of the blood glucose monitor [266] in a
comprehensive way. This laid the groundwork for a holistic approach to
the evaluation of CGM sensors, considering analytical errors and address-
ing medical errors that could potentially harm patients. Facchinetti et al.
delved into modeling the glucose sensor error [267]. Their work high-
lighted the challenges faced by CGM sensors, citing distortions due to dif-
fusion processes, time-varying systematic under/overestimations from cal-
ibrations and sensor drifts, and the presence of measurement noise. In
another study, Facchinetti identified and evaluated error models for the
G4 Platinum (G4P) and advanced G4 for artificial pancreas studies [268].
In their research, the authors highlighted the technological progress, with
the G4P surpassing its forerunner, the SEVEN Plus, in performance, and
the G4AP exhibiting enhanced reliability due to advanced data processing
algorithms. Vettoretti et al. broadened the examination to include self-
monitoring blood glucose (SMBG) measurements, introducing an innova-
tive method for developing more accurate models of SMBG error probability
density functions (PDFs). Their study segmented the blood glucose spec-
trum into zones, each defined by a consistent standard deviation. This novel
strategy overcame the shortcomings of conventional Gaussian models and
offered a more precise depiction of the experimental data.

With the diffusion of factory-calibrated CGM sensors, Vettoretti devel-
oped a model that dissects the error into BG-to-IG kinetics, calibration er-
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ror, and measurement noise [270]. This model extended the applicability
to the entire sensor lifetime, a significant advancement considering the 10-
day duration of these sensors. In long-term glucose forecasting, Liu et al.
proposed an algorithm based on physiological models and the deconvolu-
tion of CGM signals [271]. Their research tackled the difficult task of mak-
ing accurate long-term forecasts, an essential component for applications
like precision insulin dosing and artificial pancreas systems. Facchinetti
et al. (2013) utilized real data from multiple simultaneous CGM record-
ings of Dexcom SEVEN Plus sensors, alongside frequent BG references, to
propose a model describing CGM sensor errors without distinguishing be-
tween physiological and technological errors. They reported a Mean Abso-
lute Relative Difference (MARD) with an average global MARD of 14.2%,
including contributions from the BG-to-IG diffusion process (3.5%), cali-
bration errors (12.8%), and measurement noise (5.6%) [267]. Drecogna
et al. (2021) used real data from 167 adults with the Dexcom G6 sensor
to model data gaps in CGM sensor data due to temporary sensor errors or
disconnections, employing a two-state Markov model for parameter estima-
tion [283]. Talukder et al. (2022) utilized datasets from live rats and FDA-
approved virtual diabetic patient models to develop a Bayesian inference-
based nonlinear, non-causal dynamic calibration method for sensors with
nonlinear, time-drifting characteristics, achieving estimation errors within
9.83% of true BG values [280].

This work aims to develop a novel modelling approach for predicting
sensor calibration loss and implementing automated compensation strate-
gies. We propose a new database architecture that captures the complex
relationships between environmental factors, physical wear, and material
degradation to enable proactive calibration adjustments. Unlike previous
studies that rely on clinical data from commercial Continuous Glucose Mon-
itoring (CGM) sensors, our approach leverages simulated data from a public
simulator enhanced with specific interference effects. This allows us to sys-
tematically evaluate sensor behaviour across a comprehensive range of op-
erating conditions, with particular focus on modelling a sensor family that

CHAPTER 4



accurately reflects the error distribution patterns observed in commercial
devices. Our dataset incorporates multiple physiological and technological
effects to ensure realistic sensor response simulation. Our model integrates
commercial device characteristics with documented interference patterns
from literature to ensure real-world applicability. Additionally, we demon-
strate the practical value of our dataset by implementing a non-neural ma-
chine learning algorithm optimised for low-power microcontrollers (MCUs),
validating the feasibility of deploying ML-based compensation strategies in
resource-constrained environments.

Materials and Methods

Model Description In this study, the model processes input data derived
from 500 simulations of 10 adult individuals. For each subject, an interval
of 15 days glucose response was generated, in accordance with the lifetime
of CGM sensors, which varies between 8 and 14 days.

The generation of a daily meal plan mimics the dietary patterns of an
individual and it is called a scenario. It defines the probabilities for different
meals throughout the day (breakfast, two snacks, lunch, dinner, and a third
snack), along with their usual time ranges and nutritional amounts. For
each meal, a truncated normal distribution is used to determine the meal
time, ensuring that it falls within realistic bounds, while the amount of meal
is determined based on a normal distribution.

Upon the conclusion of each day, the scenario undergoes a reset to initi-
ate a new cycle, this approach enables the generation of several meal distri-
butions across different days, both in terms of quantity and timing. Based
on the scenario and the characteristics of the patient, the simulator gives
the response in terms of blood glucose concentration over time, BG(t), gen-
erating this value every 3 minutes.

The sensor response combines several contributions that mimic the real
effect of the measurement process on the analyte. It can be described by
the following equation:
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CGM(t) =1G(t)+n(BG(t))+ &E(t) +e(t) 4.9

where IG(t) captures the blood glucose-to-interstitial glucose (BG-to-IG)
kinetics, n(a) shows the measurement sensor error based on the data re-
ported from commercial sensors, £(t) represents the white noise affecting
the measure and e(t) is the sensor drift over the time. All these effects are
represented in a block diagram in Figure 4.6.

1{0]
h 4
Plasma Interstitium ) >
G
BG(t) 1G(1) n(BG()) g CGM(t)
&(t)

Figure 4.6. Graphical representation of the sensor response: BG(t) - blood
glucose concentration , I G(t) interstitial glucose concentration, n(a) - mea-
surement sensor error; £(t) - white noise and e(t) - sensor drift over the
time.

Going deeper into the specific elements of the equation:

* IG(t): this aspect was deeply studied in literature. It indicates the
diffusion of glucose from the blood to the measurement site of CGM:
the interstitium. This diffusion process causes an attenuation of the
amplitude and phase delay of the IG(T) compared to the BG(t) pro-
file. The time constant 7 that describes this process has a variability
within and between subjects and ranges from 6 to 15 minutes [284].
In this study, based on the equation reported in [285], it is calculated
considering also the previous value of estimated IG(t):

1G(t) = IG(t —1) - exp (—%) +BG(t—1)- (1 —exp (—%)) (4.5)

CHAPTER 4



* n(a): the measurement sensor error is introduced into the model
to characterize the commercial sensor response. Although the com-
monly used simulator employs global metrics to evaluate the behav-
ior of a specific sensor, this model has set its goal to achieve a re-
sponse that more accurately mimics the real signals obtained from
the sensors. As the technical user guides report, when the sensors are
used, they show an error compared to the reference measure obtained
from a gold standard blood glucose. Data obtained in a clinical study
were compared with the response of the Yellow Springs Instrument
2300 STAT PlusTM glucose analyse (YSI). In this way, from the sensor
datasheet it was possible to obtain the concurrency of the measure-
ment and measurement error on a group of adult subjects [286]:

Table 4.5. Concurrence of G7 sensor readings and YSI values by YSI glucose
range obtained from 308 adults expressed in % [286].

YSI value range [mg/dL] mg/dL>mg/dL
<40 40-60 61-80 81-120 121-160 161-200 201-250 251-300 301-350 351-400 >400

1.53 0.04

<40 61.54 4.71 0.06 0.00 0.00 0.00 0.00 0.00 0.00
40-60 34.62 63.56 14.85 0.99 0.04 0.00 0.00 0.00 0.00 0.00 0.00
61-80 3.85 2945 6502 9.44 0.21 0.10 0.00 0.00 0.00 0.00 0.00
81-120 0.00 220 1848 77.51 12.57 0.71 0.18 0.00 0.00 0.00 0.00
121-160 0.00 0.09 0.03 11.90 74.01 15.15 1.46 0.13 0.00 0.00 0.00
161-200 0.00 0.00 0.09 0.13 12.95 69.46 16.85 1.42 0.09 0.00 0.00
201-250 0.00 0.00 0.00 0.00 0.17 14.48 67.77 16.82 1.11 0.34 1.69
251-300 0.00 0.00 0.00 0.00 0.00 0.10 13.57 67.27 2591 4.37 0.00
301-350 0.00 0.00 0.00 0.00 0.00 0.00 0.18 14.13 61.01 33.90 3.37
351-400 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.23 11.57 53.29  26.97
>400 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.31 8.11 67.98

To simulate the sensor response, for each YSI interval of values re-
ported in the Table 4.5 as columns, based on the probabilities reported
in each row of the same column, the CGM upper limit in the interval
is calculated as

CGMl NfCGMi (.) Vl S {1, 2, ey 11}

where

SENSING TECHNOLOGY AND CALIBRATION

235



fCGM()—ZP x 2 (mCGM,;, MCGM; )

In the above equation, the values mCGM; and MCGM; represent the
minimum and maximum limits of the interval corresponding to row
j-

This operation is repeated for all intervals, ensuring an increasing re-
sponse in the extraction process. If {(CGM;,YSI;)} Vie{1,2,...,11}
is the set of points obtained above, the values between them are com-
puted based on linear interpolation as:

(CGM;, —CGM;)
(YSIj4 —YSI)

CGM(x) = CGM;+ (x—CGM;) Vx €[YSI;,YSI;1]

In Figure 4.7 there is a representation of how the sensor response
is obtained. The dotted lines represent the thresholds at which the
pairs of values are determined (CGM;, YSI;) while the red line gives
the complete sensor response resulting by the linear interpolation.
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Figure 4.7. Sensor response, the dotted lines represent the extracted values,
in red the linear interpolation between these points.
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To better describe this process, the algorithm is described with pseu-
docode (Algorithm 1). In the algorithm description bins represents
the number of intervals that can be defined in the YSI values, that in

this specific case is equal to 11.

Algorithm 1 Generate CGM Data Points with Adjusted Concentrations

Require: bins, YSI, mCGM, MCGM, P
Ensure: CGM, interpolator
1: Initialize CGM as an empty array
2: Initialize previousIndex as —1
3: fori =1 to bins do

4:

10:

11:
12:
13:

W RN T

currentIndex « Select a random index from 1 to 11 using column i

probabilities
if currentIndex < previousIndex then

currentIndex « previousIndex
end if
currentRange « [mCGMcurrentlndex’ MCGMcurrentIndex]
previousIndex < currentIndex
CGM « Generate random value within mCGM_y,rentindexs MCGM yurrentindex

Append CGM; to CGM

end for
interpolator « Create linear interpolator from YSI and CGM

14: return CGM, interpolator

e &(t): the noise that affects the measure is defined as white noise with

an amplitude included in 5% of the measure.

€(t) sensor response changes over time due to multiple factors, such
as the biological body response that causes electrode oxidation and
sensor degradation [287]. For these reasons, commercial sensors can
measure glucose concentrations for a duration of 8-14 days depend-
ing on the type of device [277]. In this paper, the drift is modeled as
a linear effect in which the slope of the line is obtained based on the
range of values on the first day of observation, to simulate the effect
reported in [288].
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Model Evaluation After producing the dataset as described in the previ-
ous section, the model is evaluated in terms of the distribution of obtained
error and problem complexity. Two classic machine learning (ML) algo-
rithms are presented, to understand the complexity of the problem: the
Random Forest Regressor (RFR) and the Support Vector Regressor (SVR).

The RFR is based on multiple decision trees to predict a continuous out-
come. It operates by constructing a multitude of decision trees at training
time whilst outputting the average prediction of the individual trees to form
a more accurate and robust prediction. It is widely used for various regres-
sion tasks due to its simplicity, ease of use, and ability to capture non-linear
relationships between features and the target variable.

The SVR is a type of Support Vector Machine (SVM) that is used for
regression tasks. It works by finding the hyperplane that best fits the data
in a high-dimensional space, trying to minimize the error within a certain
margin. It is capable of capturing complex, non-linear relationships by em-
ploying different kernel functions (linear, polynomial, radial basis function,
etc.) to map input features into higher-dimensional spaces.

The RFR is evaluated considering different maximum values of param-
eters, referred to within the paper as max depth, in the range of 1-9, while
SVR is evaluated using the linear kernel. For both the ML algorithms the
Root Mean Square Error (RMSE), the Mean Absolute Error (MAE) and the
R? are evaluated and compared.

All the analyses presented in this paper are performed considering the
dataset that is reshaped into one-dimension array. Results were obtained
on Google Colab using as runtime Python 3 on a A100 GPU accelerated
hardware.

Model on Specific Sensor To evaluate the specificity of each sensor re-
sponse, this section wants to analyse how the goodness of the sensor error
response can be predicted given a single sensor output. This analysis was
carried out using the RFR optimised in terms of MSE to get the number

of estimators and parameters. After optimising the model, it is applied to
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each record, which represents a sensor’s data collected over a 15-day pe-
riod. Each derived dataset, indeed, is composed of a 500x2 matrix where
the first column represents the time and the second column the sensor error,
while the ground truth is represented by the CGM value given by the simu-
lator. Specifically, the initial 80% of the data trace from the specific sensor
is employed to train the model. The remaining 20% of the data trace, which
corresponds to the latter part of the recording period, is then used to test the
model. This segment is particularly critical as it includes data where pre-
diction errors can have more significant consequences, possibly due to the
accumulation of small variances over time or abrupt changes in sensor be-
havior. This methodological approach of dividing the data is systematically
applied across all 500 sensors involved in the study. Training and testing
the model on these segmented portions of data from each sensor ensures
that the model is both robust and capable of handling real-world variabili-
ties in sensor outputs. Upon completion of the training and testing cycles,
the MAE and MSE are calculated for each sensor’s predictions. The results
are then aggregated to derive mean values and relative standard deviations
for these metrics across all sensors. This statistical analysis provides a clear
overview of the model’s overall accuracy and reliability in predicting sensor
responses, highlighting its strengths and areas for potential improvement.

Results

The model is used to generate a dataset of 500 sensor responses for
a duration of 15 days. The dataset has a final dimension of 500x7200.
In Figure 4.8 there are a bunch of sensor responses in the range of 0 -
500 mg/dL overlapped over an ideal sensor response (dashed red line).
Figure 4.9 shows a compact representation of all the 500 responses where
the blue line shows the average sensor response, and the area is the 1%
and 3™ quartile. It can be noticed that for low and high values of blood
glucose concentration, the majority of measures cover a range wider than
the region of interest (70 mg/dL - 180 mg/dL).

An example of a signal resulting from the model generated over the 15
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Figure 4.9. 500 sensors response,
the blue line shows the average sen-
sor response, while the area covers
the 1 and 3"¢ quartile.

days is shown in Figure 4.10, while a representation in terms of mean, 1°

and 3" quartile is reported in Figure 4.11. The absolute error grows over

time reflecting the degradation of the sensor.
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Figure 4.10. Example of a signal generated by the model for 15 days, in
orange the CGM sensor response and in blue the reference signal

The absolute error evaluated as the average of every sensor response is
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expressed as Cumulative Distribution of Frequency (CDF), Figure 4.12. This
graph shows that the error seems to be greater than zero. The distribution
has a mean value of 40.79 mg/dL, with the 25" percentile at 21.02 mg/dL

and the 75" percentile at 58.46 mg/dL.
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Figure 4.11. Absolute glucose con-
centration error, in blue the mean
value over time, while the area rep-
resents the measures that are within
the 25" and 75" percentile.
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Figure 4.12. Cumulative distribu-
tion of sensors error. Mean =
40.79 mg/dL, the 25" percentile is
at 21.02 mg/dL and the 75" per-
centile is at 58.46 mg/dL.

Model Evaluation The dataset is reshaped in a one-dimensional array
and it is split in train and test sets. The RFR model is trained using a max
depth of 3 and 100 trees, while the SVR is trained with a linear kernel.
Below the obtained results:

Table 4.6. Root Mean Square Error (RMSE), Mean Squared Error (MSE),
Mean Absolute Error (MAE), Coefficient of Determination (R?) for RFR and
SVR

Model RMSE [mg/dL] MSE [(mg/dL)?] MAE [mg/dL] R?[(mg/dL)?]
RFR 20.55 422.24 16.13 0.42
SVR 20.90 436.89 16.22 0.41

The results obtained with RFR are slightly better than SVR, although
still not satisfactory for the pre-set task.
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Regarding Table 4.6, the presented results may seem unusual, but this
analysis was conducted to grasp the complexity of the problem. Deriving
the relative value of blood glucose concentration from the sensor model
using traditional machine learning algorithms is challenging. This difficulty
highlights the complexity of the dataset and underscores the need for more
advanced artificial intelligence algorithms.

Model on Specific Sensor The last analysis made it possible to evaluate
the performance of the trained models on the responses of individual sen-
sors. The results obtained in terms of MSE is 223.93 + 234.11[(mg/dL)?]
and MAE 11.01 £5.12[mg/dL]. The latter result demonstrates the strong
variability of traces within the dataset, whereby some specific models on
some sensors perform very well, while others perform very poorly, as re-
ported by the high standard deviation on the MSE metric.

Deployability on MCU

Considering that the CGM task requires an implementation of algo-
rithms on a microcontroller (MCU) or a sensor itself, the definition of the
mandatory requirements for the applicability of a model on such devices
must be calculated. After choosing the max depth that results in less than
1% decrease in error, the portability of this model on the MCU is evaluated.
From the graph shown in Figure 4.13, it’s noticeable that by increasing max
depth, there are no great improvements in terms of RMSE. This suggests
that due to the complexity of the dataset, probably more complex algo-
rithms of regression are needed.

To assess the model’s portability on MCU, the STM32Cube.Al Developer
Cloud tool [289] is utilized. This tool, freely available on the website, en-
ables a machine learning developer to upload a pre-trained machine learn-
ing workload. Next, it allows to automatically profile its computational
complexity and memory requirement. Then it enables the automated ANSI
C code conversion of the imported model. The C code is transparently in-
tegrated into a built/in application which is then compiled and installed on
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Figure 4.13. RMSE evaluation for RF models with a variation of the model
max depth parameter

the MCU chip. Finally, the installed firmware will be executed and detailed
profiling (including the execution time) made available to the user. With
this solution it is possible to test the developed algorithm on the MCU chip.
This tool facilitated the estimation of the selected model’s requirements, in-
cluding the number of Multiply-Accumulate Operations (MACCs), as well as
the needed flash memory, RAM space, and the inference time. The board
U58551 is selected, due to its low power consumption (Arm Cortex-M33,
160MHz, 768KB of RAM for AI). The number of MACCs is 800, the flash
needed is 24 KiB, including 15.43 KiB for network weights and about 8 KiB
for libraries, and the total RAM is about 2KiB. Benchmark on the selected
board determined an inference time of 0.1920 ms.

The complete result is shown in Table 4.7:

Table 4.7. Details of algorithm implementation using the optimisation of
STM32Cube.Al Developer Cloud tool

Software optimisation Allocation Allocate MACC Flash size RAM size
version Inputs Output
Total: 24 KiB Total: 2 KiB
Weights: 15.43 KiB  Activation: 20 B
9.0.0 RAM TRUE TRUE 800 Library: 8 KiB Library: 2 KiB

In/Out: 0B/0B
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Discussion and Conclusion

Accurate monitoring of blood glucose is crucial for diabetes manage-
ment and can significantly influence treatment decisions and patient well-
being. A dataset that accurately mimics the behaviour of an array of sensor
types becomes an essential tool for progress. Such a dataset aids in develop-
ing robust machine-learning algorithms that can handle intrinsic variability
and potential sensor degradation. Traditional machine learning methods,
such as RFR and SVR show promise but also exhibit limitations, particularly
regarding systematic and random errors even when these are trained on
data from individual sensors reveal that the outcome is heavily dependent
on the quality of the initial signal. This is probably due to the complexity
of the task. One of the goals of this paper is to characterize the complex-
ity of the generated dataset. While the presented analysis aligns with the
model analyses presented in [267], which are based on real-world data, it
demonstrates greater complexity compared to [270]. Unlike the existing
literature, which primarily relies on real data, the presented approach is

novel in that it utilizes simulated data to perform stress tests.

4.3.4 optimising Glucose Sensor Calibration with Lightweight
Neural Networks: A Comparative Study

Background and Research Questions

Recent research endeavours have leveraged Machine Learning (ML) tech-
niques to enhance CGM accuracy. For instance, a study employed a stacked
long short-term memory (LSTM)-based deep recurrent neural network model
to predict blood glucose levels [290]. Another study utilized an LSTM-based
neural network to predict glucose levels for up to 60 minutes using contin-
uous glucose measurements [291]. Additionally, a study titled "Exploring
non-invasive features for continuous glucose monitoring" conducted at the
University of Memphis summarized various minimally invasive and non-

invasive sensors for accurate blood glucose measurement using different
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ML models such as Linear Regression, Support Vector Regression (SVR), k-
nearest Regression, Decision Tree Regression (DT), Bagging Trees Regres-
sor, Random Forest Regressor (RFR), Gaussian Process Regression, and Mul-
tilayer Perceptron (MLP) [292].

However, the accuracy of non-invasive blood glucose monitors (NIBGMs)
remains a challenge, particularly in measuring low glucose concentrations,
due to within- and between-patient variations. Thus, it is imperative to sci-
entifically partition the entire blood measurement range into smaller clus-
ters or groups and train ML models for each cluster separately to accurately
predict a non-invasive value.

This study aims to design and test a model capable of predicting the
time error in the blood glucose level reading of a CGM sensor with high ac-
curacy and minimal computational burden. The ultimate goal is to develop
a model that could potentially be embedded directly into the sensor itself
in the future, leveraging Tiny Machine Learning. A comprehensive investi-
gation into the performance of various neural network architectures on the
provided database was performed to achieve this objective. Subsequently,
two models based on their performance metrics were selected and the vari-
ation of their error in glucose level prediction over the frequency of sensor
calibration was evaluated. This analysis provides valuable insights into the

efficacy of different calibration strategies in improving prediction accuracy.

Blood Glucose Level Simulation and Database Creation

The first step in creating the model involved selecting the database for
blood glucose levels. This study used the dataset presented in the previous
section obtained through simulation methods rather than one composed of
real patient data [265].

Once the database was established, the predictive dataset was constructed
as follows. Two key features were selected: time, with a granularity of 3
minutes, and model accuracy, quantified as the deviation between the ac-
tual and predicted values of the initial element within each temporal series
for every sample. The ground truth comprised the temporal deviation be-
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tween actual and predicted values.

Model Comparison for Time Error Estimation

Once the database was created, four types of models were trained and
tested to predict the error in the sensor. All the models were designed for
sequential data handling and capable of capturing long-term dependencies
within sequences and were implemented using TensorFlow’s framework for
Deep Learning, Keras [293]. Specifically, the models implemented were:

1. Long Short-Term Memory (LSTM) [294]: it is a type of recurrent neu-
ral network (RNN) designed to handle sequence problems and store
long-term information. Compared to traditional RNNs, LSTMs can
address the vanishing or exploding gradient problem during training
on long sequences. This is achieved through "memory cells" within
LSTMs, which control the flow of information through the network

and enable the retention and updating of long-term information.

2. Gated Recurrent Unit (GRU) [295]: it is another variant of recurrent
neural network designed to address the vanishing gradient problem
in RNNs. Compared to LSTMs, GRUs have a simpler structure with
fewer parameters but are still capable of capturing long-term depen-
dencies in sequences. GRUs use an "update gate" mechanism to con-

trol the flow of information within the network.

3. Legendre Memory Unit (LMU)[296]: it is a type of neural network
that utilizes Legendre basis functions to capture and store long-term
information. Compared to traditional architectures like LSTM and
GRU, LMU offers advantages in terms of computational efficiency and
long-term information storage capacity. LMUs are particularly suit-
able for processing temporal sequences and have been successfully
used in a variety of applications, such as speech recognition and tem-
poral forecasting.
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4. Temporal Convolutional Network (TCN)[297]: it is a type of convo-
lutional neural network specifically designed for processing temporal
sequences. Unlike recurrent architectures like LSTM and GRU, TCN
utilizes convolutional operations along the temporal axis to capture
temporal dependencies in the data. TCNs have shown promising re-
sults in various sequence modeling tasks, offering advantages such as
parallelism, efficiency, and ease of implementation.

The exploration embarked on a comprehensive analysis of diverse model
architectures to scrutinize their configurations and performance across var-
ious types. These architectures were meticulously tailored to leverage the
unique strengths of each model while addressing specific challenges within
the dataset.

Each model was trained on time and initial error of device (simulating
one-time pricking) to predict the time error and underwent configuration,
employing MSE loss, Adam optimiser, and evaluation metrics encompass-
ing both Mean Absolute Error (MAE) and Mean Squared Error (MSE). The
training regimen spanned 150 epochs, ensuring thorough learning and op-
timisation. Subsequently, the models were trained on the dataset, with con-

tinuous assessment on validation data. Upon completion, the best-performing

weights were evaluated on a separate test dataset, yielding comprehensive
performance metrics as summarized in Table 4.8.

It is noteworthy that the TCN architecture consistently achieved lower
MAE and MSE values across several instances, despite requiring a consid-
erable number of parameters and occupying significant space. However,
its hardware-friendly nature makes it a viable candidate for on-device im-
plementation, potentially on a glucose sensor. Similarly, the LMU-based
model (model 1) demonstrated optimal results with a notably lower pa-
rameter count, rendering it an attractive choice for integration into glucose
sensors, minimizing energy consumption and spatial requirements.

Models such as model 11 and model 1 emerge as pivotal candidates for
sensor integration due to their efficient performance characteristics. Other
models, while demonstrating varying degrees of efficacy, may necessitate
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Table 4.8. Summary of model architectures and performance metrics.
Model 11 demonstrates superior performance in terms of MAE and MSE,
while Model 1 offers a balance with lower parameter count, suitable for
embedded systems. (Part 1)

Model Model  Number of Batch MSE MAE
Number  Category Parameters Size (mg?/dL?) (mg/dL)
model 1 LMU 296 65536 1044.44 25.34
model 2 LMU 94210 65536 1215.00 28.43
model 3 GRU 4421 65536 1326.46 29.22
model 4 GRU 5684 8192 1502.99 31.09
model 5 GRU 4400 32768 1796.95 34.43
model 6 GRU 4484 16384  2661.71 42.89
model 7 GRU 304718 4095 155748.55 106.47
model 8 LSTM 3429 65536 1170.32 27.16

model 9 LSTM 302734 4095 2584.02 41.13
model 10 LSTM 288386 1024 3592.58 52.16

model 11 TCN 1770 65536 974.54 24.44
model 12 TCN 819974 4096 1029.79 25.08
model 13 TCN 1242 65536 985.23 25.18
model 14 TCN 646014 4096 1010.20 2541
model 15 TCN 39250 32768  1044.16 25.44
model 16 TCN 307610 4096 1052.49 25.72
model 17 TCN 98470 4096 1070.20 26.18
model 18 TCN 560738 4096 1119.02 26.58
model 19 TCN 48049 65536 1139.71 26.89
model 20 TCN 1033257 4096 1157.78 27.13
model 21 TCN 1598 65536  1195.75 27.37
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Table 4.9.

Summary of model architectures and performance metrics.
Model 11 demonstrates superior performance in terms of MAE and MSE,
while Model 1 offers a balance with lower parameter count, suitable for

embedded systems. (Part 2)

Model Model = Number of Batch MSE MAE
Number  Category Parameters Size (mg?/dL?) (mg/dL)
model 22 TCN 141716 4096 1203.02 27.52
model 23 TCN 77496 32768 1228.10 27.61
model 24 TCN 56030 32768 1237.88 27.70
model 25 TCN 18014 65536  1307.52 29.28
model 26 TCN 12906 65536 1480.36 30.83
model 27 TCN 1586 65536 1539.88 31.26
model 28 TCN 82066 32768 1501.74 31.28
model 29 TCN 770 65536 1555.90 32.10
model 30 TCN 18150 65536 1609.55 32.10
model 31 TCN 294934 4096 1701.29 33.77
model 32 TCN 680730 4096 2184.94 36.48
model 33 TCN 131678 4096 2139.18 38.08
model 34 TCN 1770 65536  2323.57 39.32
model 35 TCN 8490 65536  2380.07 40.38
model 36 TCN 317050 4096 2494.26 40.89
model 37 TCN 3234 65536  2881.17 42.21
model 38 TCN 54 65536  2748.48 44.91
model 39 TCN 1024 65536  3710.99 51.09
model 40 TCN 76448 32768  4026.26 51.15
model 41 TCN 10698 65536  5863.49 54.12
model 42 TCN 3108 65536  6639.39 62.59
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further optimisation or consideration based on specific application require-
ments. The summarized performance metrics of the two most promising
models can be found in Table 4.10.

Table 4.10. Models that obtained the best Performance Metrics

Model Model =~ Number of MSE MAE
Number  Category Parameters (mg/dL) (mg?/dL?)
model 1 LMU 296 1,044.44 25.34
model 11 TCN 1,770 974.54 24.44

Evaluation of Performance Based on Sensor Calibration Frequency

In the previous section, our assessment of the models focused on their
accuracy computed on the initial sample of the time series, denoting the
first instance of device usage. This section delves into an examination of
model performance, centring on the frequency of sensor calibration. For
this investigation, two models are singled out: model 11, distinguished by
its superior performance in terms of minimal MAE and MSE in the prior
analysis, leveraging a TCN architecture with 1770 trainable parameters;
and model 1, an LMU-based architecture, which, despite marginally higher
MAE and MSE values, operates with substantially fewer parameters, total-
ing 296.

Each of the models underwent training for 150 epochs, mirroring the
approach adopted in the previous phase. Utilizing MSE loss, Adam opti-
miser, and evaluating both MSE and MAE, the models were trained across
a spectrum of 1 to 10 calibrations within the 15-day time series, ensuring
a homogeneous distribution of calibrations throughout the timeframe. Re-
sults are shown in Figure 4.14.

As anticipated, the highest values for both MAE and MSE are observed
with a single calibration, reflecting the expected trend. However, a notable
reduction in error, approximately 9.8 mg/dL for the LMU model and 8.31
mg/dL for the TCN model, is discerned with just three calibrations—equivalent
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to one calibration every five days. Interestingly, the error diminishes further
to a minimum at five calibrations, corresponding to one calibration every
three days. At this point, the models achieve errors of 14.42 mg/dL and
15.18 mg/dL, respectively.
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Figure 4.14. Error trends of LMU and TCN models with varying calibration
frequency. Plots depict Mean Absolute Error (MAE) and Mean Squared Er-
ror (MSE) for both models over 15 days. Error metrics evaluate glucose
concentration prediction accuracy, with MAE and MSE.

Assessment of Model Portability for Sensor Deployment

To assess deploying the optimal model on sensors, we used the STM32Cube.Al

Developer Cloud tool [289]. The model was compiled using RISC-GCC with
size optimisation flags (-Os) and IEEE floating-point format. We imple-
mented Model 11 using ST Al Unified Core Technology in the Intelligent
Sensor Processing Unit (ISPU), deploying it on a NUCLEO-F401RE board
via SWD interface at 4000 KHz.
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The layer-wise performance analysis showed that the third dense layer
consumed the majority of inference time (51.5%), followed by the second
dense layer (38.5%), while the non-linear activation and first dense layer
required only 4.1% and 3.5% respectively. The model achieved a 6.9%
reduction in weight memory compared to the original floating-point imple-
mentation. Table 4.11 summarizes the key performance metrics.

Table 4.11. Specifications for Model 11: MACCs, flash memory usage, RAM
space, and inference time.

MACCs Flashsize RAM Inference time

1673 6,47 KiB 320B 6 ms

Conclusion

In this study, we presented an analysis of the performance of differ-
ent neural network architectures in predicting the error between a patient’s
blood glucose level and the sensor reading. The database used to train the
model was generated by simulating the responses of 500 different sensors
to 15-day interval blood glucose trends of 10 adult patients using the UVA/-
Padova simulator.

The 42 models employed four types of architectures: GRU, LSTM, LU,
and TCN, with various numbers and types of layers. They were tasked with
predicting the time error in the blood glucose level after a single calibra-
tion. Two models were selected for their performance: model 11, based on
a TCN architecture, achieved the lowest value of MAE (24.22 mg/dL), and
model 1, based on LMU, achieved a slightly higher value of MAE (25.34
mg/dL), with a lower number of trainable parameters (only 296). This re-
sult is very promising, especially when compared to the error indicated in
the datasheets of sensors on the market, which can reach 80 mg/dL de-
pending on sensor usage and environmental conditions.

The performance of these models was then evaluated with different cal-
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ibration frequencies ranging from 1 to 10 times over the 15-day period of
usage. The results showed a substantial decrease in error when the sensor
was calibrated once every 5 days, and a minimum error with the frequency
of once every 3 days for both models.

These findings suggest promising applications for improving the accu-
racy of glucose monitoring systems, which are crucial for effective diabetes
management. Future research could explore further optimisation of the
selected models and investigate their integration into real-world glucose
monitoring devices. Additionally, expanding the dataset to include a more
diverse range of patient profiles and sensor types could enhance the gener-
alizability of the models and provide deeper insights into their performance

across different contexts.
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4.4 Breath Analysis

4.4.1 Background and Fundamentals

Exhaled breath volatile organic compounds (VOCs) consist of thousands
of low-weight molecules, some of which originate from cellular metabolism
and provide valuable insights into an individual’s health status [298]. These
compounds reflect biochemical processes occurring within the body and
can serve as potential biomarkers for various physiological and pathological
conditions. The ability to perform frequent and standardised collection of
exhaled breath could enable regular and ubiquitous disease monitoring,
significantly enhancing prevention effectiveness [299]. This is particularly
relevant in healthcare scenarios where continuous monitoring is crucial but
traditional approaches may be overly invasive or burdensome for patients,
such as in chronic respiratory conditions, metabolic disorders, and during
cancer treatment.

The breath fingerprint, obtained by analysing these VOCs through gas
sensor arrays (often called electronic noses), has demonstrated remarkable
capabilities, particularly in oncology. Studies have shown that these sys-
tems can effectively distinguish lung cancer patients from high-risk current
and former smokers with promising sensitivity and specificity [300, 301].
Moreover, recent evidence suggests their potential in monitoring the effec-
tiveness of both surgical and non-surgical therapies in lung cancer treat-
ment, offering a non-invasive approach to therapeutic response assessment
[302, 303].

However, the practical implementation of breath analysis technologies
faces several challenges that need to be systematically addressed. A critical
requirement is the development of user-friendly, standardised, and afford-
able methods for breath collection that can be deployed in various clinical
and home settings. The effectiveness of breath analysis heavily depends
on the quality and reproducibility of sample collection, making the sam-
pling methodology a crucial determinant of the technology’s success. Addi-
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tionally, standardization of analytical procedures and interpretation frame-
works is necessary to ensure reliable and comparable results across different

research and clinical contexts.

4.4.2 Device set up and pilot test in the longitudinal

study of lung cancer

Collection Devices and Methods

Traditional approaches to breath collection often involve complex pro-
cedures that can be challenging for both healthcare providers and patients.
These methods frequently require specialised equipment and controlled en-
vironments, limiting their applicability in routine clinical settings. To ad-
dress these limitations, recent technological advances have focused on de-
veloping more practical and user-friendly collection devices.
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Figure 4.15. Axonometric and longitudinal section view of the Pneumopipe
IT sampler. The device’s double-chamber structure enables continuous sam-
pling of exhaled air, even during inhalation. Key improvements over the
previous version include simplified valve configuration and enhanced ma-
terial compatibility with sterilisation processes.
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A significant advancement in this field is the Pneumopipe system (Euro-
pean patent EP2641537 2013), which has evolved into its second iteration,
Pneumopipe II. This device represents a crucial step forward in breath col-
lection technology, offering several key improvements over its predecessor:

Simplified design with reduced component count

Introduction of reusable silicone one-way valves

Enhanced material compatibility with hydrogen peroxide sterilisation

* Significant cost reduction in both production and operation

The effectiveness of the Pneumopipe II was validated through labora-
tory testing using isoprene as a reference compound. Isoprene represents
an ideal test candidate as it is one of the most abundant endogenous VOCs
in human breath and can serve as a biomarker in various conditions. De-
creased isoprene levels have been observed in lung cancer patients [304],
while increased levels can result from physical exercise [305], making it a
valuable compound for system validation.

Laboratory validation employed a sophisticated test setup incorporat-
ing mass flow controllers for both nitrogen and isoprene channels. The
system generated a controlled gas mixture comprising 90% nitrogen and
10% isoprene at a concentration of 100 ppm, resulting in a final isoprene
concentration of 10 ppm. Tests were conducted both with and without the
Pneumopipe II in the measurement chain to assess its impact on collection
efficiency.

Table 4.12. Peak Heights and Areas of GC-FID identification of isoprene in
comparative testing

Test Setup Peak Area  Peak Height
Setup without Pneumopipe 377,700,029 8,067,803
Setup with Pneumopipe 73,130,822 3,226,88
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Figure 4.16. Experimental setups for isoprene testing. Both configurations
utilize mass flow controllers for precise gas mixture generation. Setup (a)
provides baseline measurements while setup (b) validates Pneumopipe II
collection efficiency.

Sensing Technologies

The analysis of collected breath samples employs the BIONOTE-V sys-
tem, where 'V’ designates its specialisation in volatiles detection. This ad-
vanced sensing platform incorporates an array of eight quartz crystal mi-
crobalance (QMB) sensors, each operating at a fundamental frequency of
20 MHz. The sensors feature gold electrodes functionalised with different

anthocyanins, enabling selective detection of various volatile compounds.

The sensing mechanism relies on the interaction between VOCs and the
functionalised sensor surfaces, which induces measurable shifts in the crys-
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tals’ fundamental oscillation frequency. This frequency shift is not solely
correlated with individual compound concentrations but rather reflects the
complex combination of organic compounds present in the breath sample.
The system performs thermal desorption analysis at four distinct temper-
ature steps (50°C, 100°C, 150°C, 200°C), generating a comprehensive 32-
point response pattern—the breath fingerprint.

Clinical Applications

The integration of the Pneumopipe II collection system with BIONOTE-
V analysis has demonstrated particular promise in oncology, specifically in
monitoring lung cancer recurrence post-surgery. A pilot study involving 35
patients who underwent surgical treatment for non-small cell lung cancer
(NSCLC) provided compelling evidence of the system’s clinical utility.

The study protocol involved collecting breath samples at multiple time-

points:

* Pre-surgery: Three collections from thirty days to immediately before
surgery

* Post-surgery: Three collections within one month after lobectomy

Table 4.13. Study Population Characteristics

Characteristic Value
Age (years, mean + SD) 69 +8
Male sex 21 (60%)
Current smokers 7 (20%)
Former smokers 21 (60%)
Adenocarcinoma 29 (83%)
Squamous cell carcinoma 3 (9%)
Other histology 2 (8%)

Recurrence during follow-up 8 (23%)
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Clinical Validation and Results

The study population included 35 participants with a mean age of 69
years, predominantly male (60%) and with a history of smoking (80%).
Adenocarcinoma was the most common NSCLC type (83%). During the
one-year follow-up period, eight patients experienced cancer recurrence,
with a median time to recurrence of 11 months (range: 3.6-13.8 months).

Analysis of post-surgical breath fingerprints demonstrated remarkable
diagnostic capabilities. The system achieved:

Table 4.14. Detection Performance for Cancer Recurrence Based on Post-
Surgery Breath Analysis

Performance Metric Value
Accuracy 91%
Sensitivity 75%
Specificity 96%

Positive Predictive Value 86%

Negative Predictive Value  93%

Of particular interest was the analysis of longitudinal breath fingerprint
evolution. In a subset of fifteen patients who underwent multiple breath col-
lections both before and after surgery, Principal Component Analysis (PCA)
revealed distinct clustering patterns. The first two principal components ac-
counted for more than 75% of breath fingerprint variability, demonstrating
clear discrimination between pre- and post-operative states in most cases.

A detailed PCA analysis was performed on fifteen patients who had mul-
tiple measurements both before and after surgery. The analysis revealed
clear clustering patterns in most cases, with distinct separation between
pre- and post-operative measurements. However, in three cases involving
recurrence, the post-operative measurements did not form a distinct clus-
ter from the pre-operative ones, suggesting a potential return to cancer-
associated breath patterns. This observation further supports the system’s
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Figure 4.17. Representative radar plot of breath fingerprint patterns before
(blue) and after (orange) surgery, demonstrating distinct changes in VOC
profiles.

capability to detect disease recurrence through breath pattern analysis.

Future Directions

The integration of Pneumopipe II collection system with BIONOTE-V
analysis presents promising opportunities for reshaping post-surgical mon-
itoring protocols in lung cancer patients. The system’s ability to detect re-
currence with high accuracy, combined with its non-invasive nature and
relatively low cost (approximately 10 euros per measurement), makes it an
attractive complement to current follow-up methods.

Several areas warrant further investigation:
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* Validation in larger patient populations to confirm preliminary find-
ings

* Investigation of breath pattern variations across different cancer his-

totypes
* Development of standardised libraries for breath pattern comparison

* Integration with existing follow-up protocols to optimise early detec-
tion of recurrence

The technology’s potential extends beyond lung cancer surveillance.
Similar approaches could be valuable in monitoring response to non-surgical
treatments such as chemotherapy and radiotherapy. Furthermore, the temperature-
dependent VOC extraction process might enable identification of specific
sentinel molecules associated with disease recurrence.

While these results are promising, certain limitations must be acknowl-
edged. The current pilot study’s sample size, while sufficient for preliminary
validation, necessitates larger confirmatory studies. Additionally, findings
are specific to the BIONOTE-V system, and generalisability to other elec-
tronic nose technologies requires further investigation.
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4.5 Urine Culture Spectrophotometry

4.5.1 Background

Bladder cancer poses a substantial global health challenge [306, 307],
with significant impact on patients’ quality of life [308]. While various
screening methods exist for early detection of high-risk patients, there is
currently no standardised routine screening test [309]. The conventional
diagnostic approaches have significant limitations - cystoscopy is invasive,
while urinary cytology is characterised by a high percentage of false neg-
ative results [310]. The need for non-invasive diagnostic approaches is
particularly relevant given the global burden of bladder cancer, with over
573,278 new cases diagnosed worldwide in 2020 [307]. This number is ex-
pected to double by 2040 based on World Health organisation predictions
[311]. Early detection is crucial as it signifies better prognosis, highlight-
ing the importance of developing minimally invasive diagnostic options to
improve patient outcomes. Recent advances in optical sensing technologies
and our understanding of tissue-light interactions have enabled the devel-
opment of novel diagnostic approaches [310]. Spectrophotometric meth-
ods analyse the optical properties of urine samples using wavelengths be-
tween 340-850 nm, allowing for non-invasive detection of bladder cancer
markers. The underlying principle relies on the distinct spectral charac-
teristics that arise from alterations in cellular and molecular components
associated with malignant transformation. The development of compact
spectrometers represents a promising direction in diagnostic technology,
offering potential advantages in terms of speed, cost-effectiveness and ac-
cessibility compared to conventional methods [312]. However, optimal im-
plementation requires careful consideration of both technical performance
and clinical utility, particularly regarding sensitivity and specificity for early-
stage disease detection.
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4.5.2 Study on predicting urine culture outcome via spec-

trophotometry

Methods and Technical Principles

The development of this novel compact spectrometer for bladder cancer
detection was based on a systematic approach to non-invasive spectropho-
tometric diagnostics. Between January 2022 and July 2023, 300 patients
who underwent transurethral resection of the bladder (TURB) were en-
rolled in the study. A urine sample was collected from each patient before
surgery for spectrophotometric analysis. The measurement system com-
prises a compact spectrometer with an operating range between 340 and
850 nm. The device’s optical configuration includes:

* A miniaturised spectrometer unit
* An LED light source

* A standardised urine sample holder

From the original 288 features within the spectrogram data, the initial 256
features were selected, enabling the data to be processed as a 16 X 16 pixel
image. This feature selection process was designed to ensure that discarded
features contained negligible pertinent information while maintaining the
diagnostic value of the spectral data. The measurement protocol was stan-

dardised to ensure reproducible results:

1. Collection of urine samples in standardised vacutainers

2. Sample analysis using the compact spectrometer under controlled
conditions

3. Data acquisition and processing using standardised parameters

Data Processing and Analysis

The data analysis methodology incorporated multiple stages to ensure
robust classification of the spectrophotometric data. Key processing steps
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included feature extraction and machine learning classification. From the
urine spectrogram data, several analytical approaches were implemented:

* Extraction of histograms
* Computation of entropy and energy parameters
* Haralick feature extraction from spectral images

The dataset was divided into training and testing sets using Stratified K-Fold
cross-validation. For certain cases where class imbalance was present, un-
dersampling was applied. Sequential Forward Selection was employed for
feature selection, and hyperparameter optimisation was conducted via Grid
Search CV. Multiple machine learning algorithms were evaluated for classi-
fication performance, specifically kNN, Random Forest, SVM, and Gradient
Boosting Classifier. The evaluation metrics used to assess model perfor-
mance included Accuracy, Precision, Recall and F1-score.

Results

The spectrophotometric analysis demonstrated varying levels of diag-
nostic accuracy across different classification tasks. Performance evaluation
included receiver operating characteristic (ROC) curves analysis, accuracy
metrics, and precision-recall evaluations for each classification approach.

The best performance was achieved in histological grading, where the
Gradient Boosting Classifier demonstrated excellent discrimination (AUC
= 0.80, accuracy = 80%, precision = 0.81). This classifier proved par-
ticularly effective in distinguishing between high and low-grade samples,
suggesting robust capability for tumour grading. Cytological assessment
using the Random Forest model showed good discriminative ability (AUC
= 0.74) with moderate accuracy (67%) and precision (0.38). While less ac-
curate than histological grading, this performance level suggests potential
utility as a screening tool. The kNN model for urine culture classification
achieved modest results (AUC = 0.58, accuracy = 65%, precision = 0.27),
indicating limited discriminative power for this specific application. Basic
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Figure 4.18. ROC curves for different classification tasks using spectropho-

tometric analysis.

histological assessment using the Gradient Boosting Classifier showed in-
termediate performance (AUC = 0.63), though with notably high precision
(0.79) for positive cases. Table 4.15 summarises the key performance met-

rics across all classification tasks:

These results demonstrate that spectrophotometric analysis shows par-
ticular promise for histological grading, while its utility for urine culture
classification may require further optimisation or complementary diagnos-

tic approaches.
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Table 4.15. Performance metrics for different classification tasks

Classification Task Accuracy (%) Precision Fl-score AUC

Histological Grading 80 0.81 82 0.80

Cytological Assessment 67 0.38 47 0.74

Urine Culture 65 0.27 30 0.58

Basic Histological 70 0.79 67 0.63
Discussion

The results of this study demonstrate that spectrophotometric analysis
using a compact spectrometer can effectively detect bladder cancer in hu-
man urine samples, particularly for histological grading applications. The
varying performance across different classification tasks provides important
insights into both the capabilities and limitations of this technology. The
superior performance in histological grading (AUC = 0.80) suggests that
the spectral signatures captured by the system are particularly sensitive to
the morphological and biochemical changes associated with tumour grade
differentiation. This finding aligns with previous studies showing that op-
tical properties of tissue correlate strongly with histopathological features
[309]. While the cytological assessment showed moderate performance
(AUC = 0.74), it represents a significant advancement in automated urine
sample analysis. The lower precision (0.38) compared to conventional cy-
tology may be offset by the advantages of rapid, automated processing and
the elimination of inter-observer variability. However, this suggests that
the technology might be better positioned as a screening tool rather than a
definitive diagnostic test. The relatively modest performance in urine cul-
ture classification (AUC = 0.58) highlights current limitations in detecting
bacterial presence through spectrophotometric means alone. This may be

due to:

* The complexity of urine composition and its effects on spectral mea-

surements
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* Possible interference from non-bacterial elements in the samples

* The challenge of detecting low bacterial concentrations using current

spectral resolution

A notable finding is the high precision (0.79) achieved in basic histologi-
cal assessment for positive cases, despite a moderate overall AUC of 0.63.
This suggests that while the system may have a higher false-negative rate,
it demonstrates good reliability in positive case identification. The compact
nature of the spectrometer and its ability to analyse samples without com-
plex preparation represents a significant advancement toward more accessi-
ble diagnostic tools. However, several technical and clinical considerations

must be addressed:
1. Optimisation of the wavelength range for specific diagnostic tasks
2. Development of more robust classification algorithms
3. Validation in larger, multi-centre clinical trials

4. Integration into existing clinical workflows

Discussion and Conclusions

The results presented in this study demonstrate the feasibility and effi-
cacy of using a compact spectrophotometer for urine analysis to enable early
detection of bladder cancer. This novel non-invasive diagnostic tool has
shown particular promise in discriminating high-grade bladder tumours,
with performance metrics suggesting strong potential for clinical utility. The
spectrophotometric approach was able to achieve 80% accuracy in histo-
logical grading of tumours, with especially high precision of 0.81 for de-
tecting high-grade cancers. This indicates that the technology could offer
an effective way to rapidly and non-invasively screen for clinically signifi-
cant bladder tumours while maintaining good overall diagnostic accuracy.
Notably, in some cases the spectrophotometric system even outperformed
standard histopathological evaluation by human pathologists in predicting
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high-grade cancers. While these initial results are promising, further work is
needed to optimise and validate the technology before clinical implementa-
tion. From a technical perspective, next steps could include fine-tuning the
analysed wavelength range for specific diagnostic applications, enhancing
the signal processing algorithms to improve sensitivity and specificity, and
developing more robust feature extraction methods. Clinically, larger multi-
centre trials and longitudinal studies are necessary to rigorously assess the
long-term reliability and reproducibility of this diagnostic approach in di-
verse patient populations. The spectrophotometric method should also be
benchmarked against emerging molecular biomarker-based tests for blad-
der cancer to compare their relative performance, cost-effectiveness, and
clinical utility. Successful translation of this technology into clinical prac-
tice will require careful consideration of how to optimally integrate it into
existing diagnostic pathways for bladder cancer. This includes developing
standardized protocols for urine sample collection and spectrophotometric
analysis, as well as performing health economic evaluations to establish the
cost-effectiveness of this approach in various healthcare settings and popu-
lations. By reducing the need for invasive cystoscopy procedures, this new
technology could potentially decrease both patient burden and healthcare
costs while maintaining high diagnostic standards if implemented properly.
In conclusion, the compact spectrophotometer platform described here rep-
resents a promising step towards improving the accessibility, efficiency and
non-invasiveness of bladder cancer diagnostics. With further refinement
and validation, this novel technology could significantly enhance capabili-
ties for early detection and monitoring of bladder tumours, thereby facili-
tating more timely intervention and ultimately improving patient outcomes.
While technical and translational challenges remain, the successful devel-
opment and implementation of this spectrophotometric approach could rev-

olutionize the clinical pathway for bladder cancer diagnostics.
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4.6 Integration with Human-centred Design Prin-

ciples

The sensing technologies and calibration approaches presented in this
chapter fundamentally align with the human-centred design principles out-
lined in Chapter 1, where we emphasized the development of unobtrusive
technological solutions that enhance quality of life while maintaining natu-
ral human interaction patterns. This section explicitly examines how each
research area contributes to these principles and embodies the core philos-

ophy of user-centred healthcare monitoring.

4.6.1 Human-centred Aspects of Glucose Sensor Cali-

bration

The innovations in glucose sensor calibration directly address several
key human-centred design challenges identified in the introduction. By de-
veloping novel calibration strategies that reduce user intervention require-
ments, this research specifically tackles what Nthubu et al. [243] identified
as critical factors for technology adoption: minimal disruption to normal
activities and reduced cognitive load.

The optimisation of neural network architectures for glucose sensing
represents a concrete implementation of the ergonomic design principles
discussed by Pickham et al. [244]. By creating lightweight models capable

of running on resource-constrained devices, this research enables:

* Reduced Calibration Frequency: As demonstrated in our findings,
the optimised models can maintain acceptable accuracy with only
three calibrations over 15 days—equivalent to one calibration every
five days. This directly reduces the user burden compared to conven-
tional systems requiring daily calibration.

* Enhanced User Independence: The ability to implement these al-
gorithms directly on glucose sensors creates the potential for more
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autonomous systems that require less conscious attention from users,

addressing the core principle of minimizing cognitive load.

* Contextual Adaptability: By modelling various interfering factors
such as temperature, pH, and adhesion, our approach enables sen-
sors to automatically compensate for the diverse real-world condi-
tions users experience, rather than requiring users to adapt to the

technology’s limitations.

The shift from universally applied calibration schedules to personalized,
adaptive approaches represents a fundamental reorientation toward user-
centred design. Rather than imposing a technological routine on users,
these systems adapt to individual physiological characteristics and lifestyle
patterns—embodying what Ming et al. [240] described as the evolution

from technology-centred to human-centred healthcare monitoring.

4.6.2 User-centred Principles in Breath Analysis

The breath analysis technology presented in Section 4.4 exemplifies
human-centred design through its focus on creating accessible, non-invasive
monitoring solutions. The Pneumopipe II collection system specifically ad-
dresses several human factors identified as critical for successful implemen-

tation:

» Simplified User Interaction: The redesigned device reduces compo-
nent count and complexity, creating a more intuitive user experience
that requires minimal training—directly addressing the issue of cog-
nitive load highlighted by Nthubu et al. [243].

* Enhanced Affordability: By reducing production costs to approxi-
mately 10 euros per measurement, the system increases accessibility
across diverse socioeconomic contexts, addressing the socioeconomic
barriers to healthcare monitoring technologies identified in our intro-

duction.
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* Integration with Existing Clinical Workflows: The system’s design
enables seamless integration into established clinical protocols, mini-
mizing disruption to healthcare providers’ routines while maximizing

potential adoption.

The development of standardized collection protocols directly addresses
what Wang et al. [246] identified as a critical need for reproducible method-
ologies in healthcare sensing. By ensuring consistent sampling quality across
users and settings, the Pneumopipe II enhances result reliability without in-
creasing user burden.

The promising results in cancer recurrence detection (91% accuracy)
demonstrate the potential of this human-centred approach to positively im-
pact clinical outcomes. This aligns with our fundamental thesis objective
of developing technologies that enhance quality of life while maintaining

natural human interaction patterns.

4.6.3 Human-centred Aspects of Spectrophotometric Anal-

ysis

The spectrophotometric approach to urine analysis exemplifies several

core principles of human-centred sensing:

* Minimal User Intervention: By using standard urine samples with-
out complex preparation requirements, the system minimizes the pro-
cedural burden on both patients and healthcare providers—addressing
a key barrier to adoption identified by Ates et al. [245].

* Rapid Analysis: The system’s ability to provide immediate results
contrasts sharply with conventional pathology processing times, po-
tentially reducing patient anxiety and enabling more timely clinical
decision-making.

* Non-Invasive Monitoring: By potentially reducing the need for inva-
sive cystoscopy procedures, this approach directly addresses the prin-
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ciple of minimizing physical discomfort while maintaining diagnostic
effectiveness.

The spectrophotometric system’s compact design and operational sim-
plicity align with what Wasilewski et al. [248] identified as critical for suc-
cessful integration into clinical practice. By requiring minimal technical
expertise to operate, the system reduces implementation barriers and en-
hances potential adoption across diverse healthcare settings.

4.6.4 Cross-Cutting Human-centred Design Elements

Several human-centred design elements transcend individual applica-
tions and represent common threads throughout this chapter:

* Privacy-Preserving Processing: By implementing localized process-
ing (as in the glucose sensing application) or aggregated feature ex-
traction (in the spectrophotometric analysis), these approaches limit
the transmission of raw health data, addressing the privacy concerns
identified by Karalis et al. [251].

* User Autonomy Enhancement: Each technology reduces dependency
on specialized healthcare facilities for routine monitoring, potentially
enabling greater patient autonomy and self-management—a core prin-
ciple identified by Igbal et al. [252].

* Reduced Healthcare Burdens: By potentially decreasing the fre-
quency of clinical visits required for monitoring (glucose sensing),
providing early warning of recurrence (breath analysis), or eliminat-
ing the need for invasive procedures (spectrophotometry), these tech-
nologies directly address healthcare system burdens while improving

patient experience.
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4.6.5 Limitations and Future Human-centred Design Op-

portunities

While the technologies presented demonstrate significant progress to-
ward human-centred sensing, several limitations and future opportunities

merit consideration:

* Cultural and Contextual Adaptation: As noted by Bhaltadak et al.
[241], successful implementation of health technologies requires adap-
tation to diverse cultural contexts and user expectations. Future work
should examine how these technologies perform across more diverse

populations and contexts.

* Participatory Design Enhancement: While these technologies ad-
dress identified user needs, future iterations would benefit from more
systematic inclusion of end-users in the design process, as recom-
mended by Nthubu et al. [243].

* Long-Term Usage Considerations: As Spring et al. [249] note, health-
care sensing must consider not just initial adoption but sustainable
long-term usage patterns. Future research should investigate how
user experience evolves over extended periods of use for these tech-
nologies.

These considerations highlight the ongoing nature of human-centred
design as an iterative process rather than a fixed achievement. The tech-
nologies presented represent significant steps toward more human-centred
healthcare sensing, while acknowledging the need for continued refinement
based on real-world implementation experiences.

In summary, the sensing technologies and calibration approaches pre-
sented in this chapter demonstrate concrete implementations of the human-
centred design principles outlined in our introduction. By prioritizing user
needs, minimizing intervention requirements, and enhancing accessibility,
these approaches advance our fundamental research objective: developing
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technologies that enhance human capabilities while minimizing their im-
pact on natural behaviour and experience.
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5.1 Key Contributions

This thesis presents a series of interconnected contributions spanning
the domains of human-technology interaction, affective computing, and
healthcare sensing technologies. The work is unified by a fundamental fo-
cus on enhancing the integration of emotional awareness and human fac-
tors in healthcare technology development. This approach recognises that
successful technological innovation in healthcare requires not only tech-
nical excellence but also careful consideration of the human experience,
including emotional states, cognitive processes, and behavioural patterns
that influence technology adoption and efficacy.

Throughout the research presented, several unifying themes emerge.
First, the integration of emotional awareness into technological solutions
has proven crucial for improving both user acceptance and clinical out-
comes. This is evident across diverse applications, from sensory substitution
devices to music therapy systems, where emotional congruence significantly
enhances user engagement and therapeutic efficacy. Second, the impor-
tance of human-centred design principles has been demonstrated consis-
tently, particularly in the development of non-invasive monitoring solutions
that prioritise user comfort and natural interaction patterns, thereby re-
ducing the burden of healthcare monitoring while maintaining clinical util-
ity. Third, the value of quantitative validation approaches in emotionally-
aware technologies has been established, providing robust frameworks for
assessing both technical performance and emotional congruence, enabling
evidence-based refinement of these systems.

The research adopts a multidisciplinary approach, combining insights
from psychology, neuroscience, and engineering to address complex health-
care challenges. This integration of perspectives has enabled the develop-
ment of more comprehensive and effective solutions, as demonstrated in
the various studies presented. The collaborative methodology employed
throughout this work exemplifies how cross-disciplinary research can over-
come traditional barriers between technical and human-centred approaches.
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The following sections detail the specific contributions in each research
area, highlighting their immediate impact and broader implications for health-
care technology development.

5.1.1 Understanding Emotion in Human-Technology In-

teraction

In the domain of emotion-technology interaction, this thesis presents
several significant advances in understanding how emotional responses me-
diate human perception and interaction with technological systems. The
investigation into crossmodal perception, particularly focusing on audio-
visual associations, has yielded important insights for the development of
more intuitive and emotionally congruent interfaces that align with users’
natural sensory expectations.

The systematic study of colour-sound mapping in children and adults
(Chapter 2.4) revealed distinct patterns in how different age groups pro-
cess and associate sensory information across modalities. The research
demonstrated consistent mapping preferences between musical parameters
and colour properties, while also highlighting important developmental dif-
ferences in these associations that reflect cognitive maturation processes.
The methodology developed for this study provides a robust framework for
quantifying emotional responses in audiovisual interactions, with broader
applications in interface design and assistive technology development, par-
ticularly for age-appropriate technological interventions.

Building on these findings, the experimental validation of emotion-mediated

audiovisual associations (Chapter 2.5) provided quantitative evidence for
the role of emotions in crossmodal perception and multimodal integration.
This work established a comprehensive protocol for measuring emotional
mediation in sensory associations, supported by statistical validation of the
relationship between emotional responses and sensory parameter selection
across diverse stimuli. The resulting framework enables prediction of ap-
propriate sensory mappings based on emotional content, advancing our un-
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derstanding of how emotions influence human-technology interaction and
providing practical guidelines for designing more emotionally congruent
interfaces that resonate with users’ perceptual expectations.

5.1.2 Advances in Affective Computing

The research in affective computing has produced three major contri-
butions, each addressing critical challenges in the integration of emotional
awareness into healthcare technologies. The development of the Univer-
sal Validation Protocol for Facial Expression Recognition (FER) algorithms
and the creation of the FeelPix database (Chapter 3.5) represents a sig-
nificant methodological advance in the field. This work established stan-
dardised evaluation procedures for FER algorithms while creating a com-
prehensive database incorporating self-reported emotional states alongside
facial expression data. The emphasis on lightweight implementation strate-
gies ensures applicability across a range of devices, including resource-
constrained systems, thereby expanding the potential deployment scenarios
for emotion-aware healthcare applications.

The AFFECT-SENSE system (Chapter 3.6) explores the theoretical and
practical foundations for integrating emotional awareness into sensory sub-
stitution devices for individuals with sensory impairments. The research
investigates how emotional responses influence audiovisual associations
through extensive experimental studies and data analysis across different
user groups. The development of predictive models for emotional responses
in audiovisual mappings, coupled with the implementation of lightweight
neural architectures suitable for embedded systems, provides a framework
for future emotion-aware sensory substitution devices that enhance user ex-
perience. This work advances our understanding of how emotional congru-
ence can be maintained in sensory substitution while establishing practical
guidelines for implementing such systems in resource-constrained environ-

ments with minimal computational overhead.

Applications in music therapy have provided valuable insights into the
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clinical utility of affective computing in therapeutic contexts. The imple-
mentation of emotion recognition systems in therapeutic settings, combined
with validation of technology-enhanced music therapy interventions, has
demonstrated improved patient engagement and therapeutic outcomes across
various clinical populations. These findings have important implications for
the future development of technology-supported therapeutic interventions,
particularly in mental health and rehabilitation settings where emotional

awareness is central to treatment efficacy.

5.1.3 Innovations in Healthcare Sensing

The research presents significant advances in healthcare sensing tech-
nology, particularly in the areas of glucose monitoring, breath analysis,
and spectrophotometric diagnostics. In glucose sensor calibration (Chap-
ter 4.3), the development of a comprehensive model for sensor interfer-
ence effects, coupled with the creation of a synthetic dataset for algorithm
validation, has enabled more effective calibration strategies for continuous
monitoring systems. The implementation of efficient neural network ar-
chitectures for real-time calibration represents a practical solution for im-
proving continuous glucose monitoring accuracy while reducing calibration
requirements and patient burden, addressing key limitations in current di-
abetes management technologies.

The breath analysis research (Chapter 4.4) has advanced non-invasive
diagnostic capabilities through validation of the Pneumopipe II collection
system and its integration with the BIONOTE-V analysis platform for volatile
organic compound detection. Clinical validation studies in lung cancer
monitoring have demonstrated the technology’s potential for disease surveil-
lance and treatment monitoring, establishing a foundation for broader ap-
plications in respiratory diagnostics and personalized medicine approaches.
The standardized collection methodology developed addresses critical chal-
lenges in sample reproducibility that have limited previous breath analysis
technologies.
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Advances in spectrophotometric analysis (Chapter 4.5) have resulted in
the development of a compact spectrometer for urine analysis, supported
by sophisticated machine learning algorithms for diagnostic classification
and biomarker identification. Clinical validation in bladder cancer detec-
tion has demonstrated the potential for non-invasive diagnostic tools in
oncology, with promising implications for both screening and monitoring
applications in resource-limited settings. The portable nature of the devel-
oped system enables point-of-care diagnostics with minimal infrastructure
requirements, potentially expanding access to cancer screening in under-
served populations.
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5.2 Future Research Directions

The contributions presented in this thesis open several promising av-
enues for future research. Technical developments should focus on the
integration of multiple sensing modalities with affective computing sys-
tems, creating multimodal platforms that capture a more comprehensive
picture of human physiological and emotional states. Continued enhance-
ment of real-time processing capabilities for emotion-aware systems will be
necessary, particularly through edge computing approaches that minimize
latency in critical applications. Particular attention should be paid to devel-
oping more efficient algorithms suitable for resource-constrained devices,
enabling broader deployment of these technologies in clinical settings and
home healthcare environments where computational resources may be lim-
ited.

Clinical applications represent another crucial area for future research.
The expansion of validation studies across different patient populations and
healthcare contexts will be essential for establishing the robustness and
generalisability of these approaches in real-world settings. Investigation of
new therapeutic applications for emotion-aware technologies, particularly
in chronic disease management and mental health interventions, coupled
with the development of standardised protocols for technology-enhanced
interventions, will help realise the full potential of these innovations in
healthcare delivery. Longitudinal studies examining the long-term impact
of emotionally-aware technologies on patient outcomes and adherence will
provide valuable insights for healthcare implementation strategies.

Methodological advances will also be critical for future development.
Refinement of validation protocols for emotion-aware technologies, cou-
pled with improved metrics for measuring emotional congruence across di-
verse user groups, will enable more rigorous evaluation of these systems
throughout the development lifecycle. The development of standardised
frameworks for evaluating human-technology interaction in healthcare con-
texts, incorporating both objective performance measures and subjective

CONCLUSIONS

281



282

user experience, will support more effective translation of research findings
into clinical practice. Ethical considerations, particularly regarding privacy,
data ownership, and algorithmic bias in emotion recognition systems, will
require continued attention as these technologies become more pervasive
in healthcare settings.

The convergence of these research directions promises to further ad-
vance the integration of emotional awareness in healthcare technology, po-
tentially leading to more effective and user-centred healthcare solutions
that address both clinical and human needs. Successful pursuit of these
directions will require continued collaboration across disciplines and care-
ful attention to both technical excellence and human factors in healthcare
technology development, ultimately creating systems that not only monitor
and treat but also empathize and adapt to individual emotional states and
preferences.
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APPENDIX A

APPENDIX A - INTERFACES
PRESENTED IN THE ASSISI
EXPERIMENT



A.1 Form

In this section the form is reported in Italian as it was presented to the
trial subjects.
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1.

5.

6.

Informazioni di base

Rispondi a queste domande prima di iniziare il test.

Nome e Cognome

Data di nascita *
Esempio: 7 gennaio 2019

Sesso *

Contrassegna solo un ovale.

Uomo
Donna

Preferisco non rispondere

Nazionalita *

Con che mano utilizzi il mouse? *

Contrassegna solo un ovale.

Destra
Sinistra

Non uso sempre la stessa mano

Background musicale



7. In media, quanto tempo ascolti brani quotidianamente? *

Contrassegna solo un ovale.

() Meno di 20 minuti
()20 minuti-1ora
@ 1-3 ore

(D Piudi3ore

Indica su una scala da 1 a 10 il tuo gradimento nei confronti dei diversi generi musicali:

8. Classico *

Contrassegna solo un ovale.

9. Pop*

Contrassegna solo un ovale.

10. Rock*

Contrassegna solo un ovale.

11. Jazz e Blues *

Contrassegna solo un ovale.



12. Hiphoperap*

Contrassegna solo un ovale.

13.  Country-Western *

Contrassegna solo un ovale.

14. Elettronica *

Contrassegna solo un ovale.

15. Colonne sonore *

Contrassegna solo un ovale.

16. Hai mai partecipato a delle lezioni di musica? *

Contrassegna solo un ovale.

(_)Si  Passaalladomanda 17.
C) No Passa alla domanda 20.

Background musicale



17.  Per quanti anni hai studiato musica? *

Contrassegna solo un ovale.

Men Per 10 o piu anni

18. Qualeli strumento/i hai studiato? *

19. Quando hai partecipato all'ultima lezione? *

Contrassegna solo un ovale.

Q Meno di 1 anno fa
@ Meno di 2 anni fa
() Meno di 5annifa
C) Meno di 10 anni fa
() Pitdi 10 anni fa

Background artistico
In una scala da 1 a 10, indica quanto trovi emozionanti questi colori e forme:

20. Rosso*

Contrassegna solo un ovale.



21.

22.

23.

Giallo *

Contrassegna solo un ovale.

Blu *

Contrassegna solo un ovale.

Arancione *

Contrassegna solo un ovale.

10

10

10



24.

25.

26.

Verde *

Contrassegna solo un ovale.

Viola *

Contrassegna solo un ovale.

Bianco *

Contrassegna solo un ovale.

10

10

10



27.

28.

29.

Nero *

Contrassegna solo un ovale.

Grigio *

Contrassegna solo un ovale.

Esagono *

Contrassegna solo un ovale.

10

10

10



30.

31.

Triangolo *

Contrassegna solo un ovale.

Quadrato *

Contrassegna solo un ovale.

10

10



32.

33.

34.

Ellisse *

Contrassegna solo un ovale.

Cerchio *

Contrassegna solo un ovale.

Splash *

Contrassegna solo un ovale.

10

10

10



35. Hai mai partecipato a lezioni di storia dell'arte, pittura, disegno, scultura o simili? *

Contrassegna solo un ovale.

Si Passa alla domanda 36.

No Passa alla domanda 39.

Background artistico

36. Ache genere di lezioni hai partecipato? *

37. Per quanti anni? *

Contrassegna solo un ovale.

Men Da 10 o pit anni

38. Quando hai partecipato all'ultima lezione? *
Contrassegna solo un ovale.

Meno di 1 anno fa
Meno di 2 anni fa
Meno di 5 anni fa
Meno di 10 anni fa

Piu di 10 anni fa

Background medico

39. Tisono mai stati diagnosticati disturbi visivi? *
Contrassegna solo un ovale.
Si
No

Preferisco non rispondere



40. Se si, che tipo di disturbo visivo?

41. Tisono mai stati diagnosticati disturbi uditivi? *

Contrassegna solo un ovale.
C s
C I No

() Preferisco non rispondere

42. Se si, che tipo di disturbo uditivo?

43. Ha mai sperimentato I'esperienza della sinestesia (condizione per la quale quando si

subisce uno stimolo, se ne prova un secondo in contemporanea. Ad esempio: si vede un
colore quando si sente una musica, si vede una forma se si sente un sapore, ...)?

Questi contenuti non sono creati né avallati da Google.

Google Moduli






A.2 Pretest
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Test dell'orecchio assoluto

In questo test potrai ascoltare un tono. Cerca di capire che nota ¢ e premi il tasto corrispondente sulla tastiera.
Attenzione: potrai ascoltare ogni nota una sola volta!
Prima di iniziare regola il volume: premi Play per sentire un suono.

Inizia il test
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e AR T gy

X @ 1921681261293000/test o 4 X @ 165228424

o | 192.168.126.129:3000/ soluto/dist/

Test dell'orecchio a solg,lllt

0
Premi play per ascoltare Ia nota, poi clicca sulla casella corrispondente
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o

I m @ 30 © © % = L] A D 05/1):/320022@

Figure A.1. Perfect Pitch Test: subjects are shown the instructions, asked to
play a note and then identify it on the keyboard. They are not allowed to
play each note more than once.
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om0l X @ 192.168126.12930

o | 192.168.126.129:3000/test intc

Test di intonazione
In questo test potrai ascoltare lo stesso brano due volte: in un caso il cantante sara
intonato, nell'altro no. Dovrai scegliere quello in cui ¢ INTONATO. Attenzione: potrai
ascoltare ogni brano una volta sola.

Inizia il test

8 o0 n @7 EHOP®OH S @ H NemE@m I O

Test di intonazione

Premi play per ascoltare i brani, scegli quello che ti sembra intonato

Brano 1 Brano 2

LR RN BCRCRC R - NEmEE W g, O

Test di intonazione

Premi play per ascoltare i brani, scegli quello che ti sembra intonato

Brano 1 Brano 2
Seleziona Seleziona
CTR-T - R ) W00 H @A AameEm O

Figure A.2. Mistuning Perception Test: subjects are given instructions to
play the two songs in whichever order they prefer and then choose the one
where the singer is in tune. They are not allowed to play the songs again.
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192.168.126.129.3000/test

Test di Ishihara

In questo test ti verranno mostrate delle immagini e ti sara chiesto di
descrivere cio che vedi. Attenzione: le istruzioni cambiano a seconda
dell'immagine, quindi non dimenticare di leggerle.

inizia il test

@ 00 " @ EAOGOOH W W NamEE g, O

Test di Ishihara
Inserisci il numero di linee curve continue che vedi, se non vedi alcuna
linea scrivi '-'

[ Invia

@ 00 " @ EAOOOH a W W NEmeEE g, O

Test di Ishihara
Se vedi un numero nella figura sottostante, inseriscilo nella casella,
altrimenti scrivi: '-'

[ Invia

a o H W@ d O S muuwd NamEEm e, O

Figure A.3. Ishihara Test: subjects are given instructions and then asked
to write the digits or the number of continuous curved line they see in the
image.
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192.168.126.129:3000/test. melodia/dis

Test di discriminazione melodica

In questo test, ascolterai 3 brani. 2 di questi hanno la stessa melodia, I'altro ha una sola nota diversa.
Dovrai trovare il brano diverso. Attenzione: potrai ascoltare ogni brano una sola volta.
Qui sotto ¢'¢ un esempio: premi play ascoltare il brano corrispettivo, la melodia diversa ¢ la terza.

Inizia il test

ikl Play

- Play

®

Pich (WD e amber)
|
|

o " Play

73
Ao @
T o O

1 prova—Cloud Firstor X @ 1921681261293000 est melo X @ 165225424

€ C A Nonsicuro | 192.168.126.129:3000/test melodia/dist

Test di discriminazione melodica

Premi play per ascoltare i tre brani, poi seleziona quello con la melodia DIFFERENTE.

Brano 2 Brano 3

& o0 w @ C IR~ | NemeEm R O

x|+

Test di discriminazione melodica

Premi play per ascoltare i tre brani, poi seleziona quello con la melodia DIFFERENTE.

Brano 1 Brano 2 Brano 3
Seleziona Seleziona Seleziona
moHw @ @0 OO H m @ & NEmEE ™ e, O

Figure A.4. Melodic Discrimination Test: subjects are given instructions to
listen to all three songs once in whichever order they prefer and then select
the different melody.
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192.168.126.129:3000/test ritmo,

Test del ritmo
In questo test potrai ascoltare lo stesso brano due volte: in un caso il triangolo andra a
tempo, nell'altro no. Dovrai scegliere quello in cui ¢ A TEMPO. Attenzione: potrai
ascoltare ogni brano una volta sola.

Inizia il test

O OO % uE & NamEFm o, O

X @ 192168126.12930000est 11 % X @ 165224247 pagina iniioe/ci- X

192.168.126.129:3000/test ritmo,

Test del ritmo
Premi play per ascoltare i due brani, poi seleziona quello che va A TEMPO.

Brano 2

o0 mO O OO % uE & NEmEEm e, O

X @ 1921681261293000 st 1 4 X @ 1652284247

192.168.126.129:3000/test ritm

Test del ritmo

Premi play per ascoltare i due brani, poi seleziona quello che va A TEMPO.

Brano 1 Brano 2
Seleziona Seleziona
= 735
O R TR o U] GG O L AT L] NEmEE T, O

Figure A.5. Beat Alignment Test: subjects are given instructions to listen to
the songs once and select the one with the correctly aligned beat.
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B.1 Art Turing Test

Introduction

Artificial intelligence (AI) has been increasingly encroaching on creative
territories traditionally dominated by humans. Its applications span a mul-
titude of creative fields, and the art world experiences significant transfor-
mations due to Al interventions [313, 314]. One remarkable domain where
Al has made substantial inroads is generative art: a practice where artists
use algorithms and Al to co-create or generate unique works [315, 316].

Generative art has been around for several decades, but the advent of
Al has dramatically expanded its possibilities. Al can generate intricate
designs, novel patterns, and complex compositions, sometimes achieving
levels of creativity that rival human artists [317, 318, 319]. The history of
Al art can be traced back to the 1960s, when pioneers such as Harold Cohen
and Vera Molnar began exploring the potential of computers for artistic cre-
ation [320, 321]. Cohen’s AARON and Molnar’s Generative Compositions,
both algorithm-based art generators, marked the dawn of Al-assisted art.
During the 1980s and 1990s, advances in Al technology, particularly the
emergence of neural networks and machine learning, opened new avenues
for artistic expression. Artists began using these technologies to create more
complex and sophisticated artworks. For example, Cohen’s AARON was
enhanced with machine learning capabilities, leading to more diverse and
realistic artworks [322].

The landscape of Al art witnessed a seismic shift with the introduction
of deep learning in the past decade. This advanced subset of machine learn-
ing, which deploys multilayered neural networks for data analysis and in-
terpretation, has revolutionized a variety of sectors, including the art of
AI [323, 324]. Pioneering projects like Google DeepDream and "The Next
Rembrandt" exemplify the transformative power of deep learning, facilitat-
ing the creation of intricate and lifelike AI art [325, 326]. These projects
showecase the ability of deep learning algorithms to interpret and reimagine



visual data in creative and innovative ways. The development of Generative
Adversarial Networks (GANs) in 2014 marked another significant milestone
in the evolution of AI art [327]. Conceived by Ian Goodfellow, GANs have
inaugurated a new epoch in art generation, with their potential most no-
tably demonstrated in the creation of the "Portrait de Edmond de Belamy".
This Al-produced artwork, a product of the French art collective Obvious,
fetched a staggering $432,000 at a Christie’s auction in 2018 [328]. Such
developments underscore the growing acceptance and fascination with Al’s

capabilities within the world of art.

Early GANs faced challenges such as high computational cost and lim-
ited output control. The advent of new algorithms and technologies ad-
dressed these limitations, leading to a surge in Al art popularity. One such
breakthrough was the introduction of CLIP by OpenAl in 2020, which signif-

icantly impacted Al art by allowing the generation of art from text prompts [329].

Artists like Katherine Crowson, Mario Klingemann, and Robbie Barrat were
instrumental in the popularization and development of these technologies,
making Al art accessible to a wider audience [330, 331, 332, 333, 334].
The year 2022 marked the rise of diffusion models, offering a promising
alternative to GANs to generate Al art [335]. These models, including La-
tent Diffusion and Stable Diffusion, provided more stability and diversity in
the generated artworks. OpenAl’s Dall-e and Stability Al’s diffusion model
played significant roles in popularizing this approach, helping Al art gain
mainstream recognition [336, 337, 338].

As ATl's ability to generate art progresses, an important question sur-
faces: Can Al produce art that is indistinguishable from that created by
humans? This critical question forms the central focus of our research.
Through a unique experimental setup, this study delves into the indistin-
guishability of Al-generated art from human-created art, specifically art cre-
ated by children. Using child-created artwork as the basis for Al-generated
pieces, the study aims to examine the depth of Al’s creative capabilities and
its ability to replicate the spontaneous creativity inherent in art.The paper
unfolds as follows. We begin by providing an in-depth background on the
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evolution of Al’s involvement in art, with a particular focus on generative
art. We trace the journey from early algorithmic approaches to the current
state of Al-driven creations. Section B.1 outlines the materials and methods
used in our study, detailing our unique experimental design. Following this,
the results section presents a comprehensive analysis of the experiment’s re-
sults, with an emphasis on the evaluation of Al-generated art pieces. The
discussion section unpacks these findings, interrogating their implications
on our understanding of AI's role in art. Finally, we conclude the article by
identifying potential avenues for future research and the challenges that lie
ahead.

Related Work

The notion of a machine emulating human intellect was first critically
proposed by the British mathematician Alan Turing through the famous Tur-
ing test [339]. This method was intended to assess the behavior of an Al in
a text-based conversation; if its responses could not be distinguished from
those of a human, the machine was deemed intelligent.

Since Turing’s original proposal, the test has evolved significantly. A
plethora of variations have emerged that refine, reinterpret, and expand on
Turing’s original ideas [ 340, 341, 342]. One prominent derivative is the To-
tal Turing Test (TTT), which takes into consideration more complex facets
of human-like behavior. It not only involves a natural language conversa-
tion but also includes other forms of human-like behavior, such as gestures,
facial expressions, and even physical movements. The idea is that a ma-
chine that can pass the Total Turing Test would be able to seamlessly in-
teract with humans in a wide range of situations and would be virtually
indistinguishable from a human being [343]. Moreover, the Turing Test has
found prominence in annual competitions such as the Loebner Prize. Here,
the machine that most convincingly imitates human-like conversational ca-
pabilities is awarded, encouraging developers around the world to design
more sophisticated conversational agents [344].

A specific offshoot of the Turing Test is increasingly applicable to the



realm of Al art, the Artistic Turing Test. This test poses the question: can
Al-produced artwork be indistinguishable from human-created art? [345,
346]. In a notable instance of this, Elgammal et al. generated art using
a Generative Adversarial Network (GAN). The artwork was exhibited and
sold alongside human-created art, often unbeknownst to the viewers of its
Al origin, thus passing the Artistic Turing Test in a real-world setting [347].
The field of Al literature has also explored the application of the Turing Test.
Kobis and Mossink, for example, investigated the ability of Al to generate
poetry that could be mistaken for human-created content. Their work fur-
ther underscores the growth of Al capabilities within creative domains [348,
349]. Recently, work by Li, in which an Al system was tasked with gener-
ating creative dance choreography, further expanded the boundaries of the
Artistic Turing Test. The Al system was trained using motion capture data
from human dancers and produced choreography. This application of the
Turing Test underscores the potential of Al in a wide range of creative en-
deavors [350].

The Turing Test, initially postulated in the context of conversational Al,
is gradually becoming a critical yardstick in the Al art domain. This evo-
lution raises intriguing questions about the innovation and creativity capa-
bilities of Al within the creative sphere. Such questions are at the core of
this research, which aims to empirically examine the human-like quality of

Al-generated artwork.

Materials and Methods

The work presented in this section is currently under review in Comput-
ers in Human Behavior: Artificial Humans.

Participants

Participants: Eighty-seven participants were enrolled in the study. Prior
to participation, they were provided with all necessary information regard-
ing the test and data handling procedures. No personally identifiable in-
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formation was collected; all responses were saved anonymously using a
Google Form, ensuring the privacy and anonymity of the subjects involved.
Sampling Procedures: Participants were recruited through online ad-
vertisements and word-of-mouth. Inclusion criteria required participants to
be over 18 years old and to provide informed consent.
Sample Size: The sample size of 87 participants was chosen to ensure
sufficient power for detecting differences in the ability to distinguish be-

tween human and Al-generated artworks.

Materials

Primary and Secondary Measures: The primary measure was the abil-
ity of participants to distinguish between human and Al-generated artworks.
Secondary measures included the analysis of participants’ preferences and
the qualitative feedback provided.

Quality of Measurements: The quality of measurements was ensured
by standardizing the presentation of artworks and randomizing their order.
Reliability checks were performed to ensure consistency in the data collec-

tion process.

Procedure

Data Collection Methods: Data were collected through a pairwise com-
parison method. In each pair, the human artifact and the corresponding
Al-generated artifact were presented with random placement order to the
participants. Participants were asked to identify which of the two images
they believed was created by a human.

Research Design: This study used a descriptive and experimental re-
search design. The descriptive component involved analysing the charac-
teristics of the human and Al-generated artworks. The experimental com-
ponent involved assessing participants’ ability to distinguish between the
two types of artworks.

Data Processing and Diagnostics: The main statistical characteristics



of the two collections of images were first analysed to understand possible
biases in the compositions. Data were then processed to remove any in-
complete or inconsistent responses. Qutliers were identified and removed

based on predefined criteria.

Data Analysis Strategy: Two types of analysis were conducted: a global
analysis and a per-picture analysis. The global analysis assessed the overall
ability of the participants to distinguish between human and Al-produced
artwork. The per-picture analysis provided granular insights on a picture-
by-picture basis, identifying specific attributes or patterns influencing par-
ticipants’ decisions. Statistical tests included accuracy, precision, recall, F1-
score, and the Area Under the ROC Curve.

Al Art Generation

Model Description: For Al art generation, we used Dall-E 2, an ad-
vanced generative model developed by OpenAl. Dall-E 2 builds on the learn-
ing capabilities of contrastive models such as CLIB which are known for
their ability to learn robust image representations encapsulating both se-
mantics and style [351]. The model architecture consists of two stages: a
prior that generates a CLIP image embedding from a provided text caption,
and a decoder that generates an image based on the image embedding.

Generation Process: To generate the images, three steps were fol-

lowed:

1. Formulating a text prompt based on the description of the human-
created artifact. Each prompt contained specific information about
the age of the child artist and the painting technique used in the hu-
man artifact.

2. Using the Dall-E 2 API to input the prompt.

3. Collecting the image generated based on the given prompt.
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Al Classification

Model Description: For the Al classification, we employed an algorithm
based on the deep resilient neural architecture ResNet-18 [352]. The algo-
rithm, initially trained on ImageNet [353], was modified so that the final
layer of the network had a binary output and was then fine-tuned with our
image dataset.

Training and Evaluation: The training configuration consisted of 5
epochs and a batch size of 5. The optimiser employed was Adam with a
learning rate of 0.01. Leave-One-Out Cross-Validation was performed to
ensure meticulous evaluation, iteratively training the model on each image,
thus enhancing performance robustness. Performance metrics computed
included accuracy, precision, recall, F1-score, and the Area Under the ROC
Curve.

Results

Figure B.1 shows the 17 artworks produced by the child using oil paint.
The collection of artworks displays a wide diversity of subjects, vividness of
colours, and a range of complexity. Human creativity shines through, each
piece offering a unique glimpse into imagination and the way the world is
perceived. Each piece presents a unique subject matter that depicts a myr-
iad of scenes from everyday life, fantastical scenes, and vibrant landscapes.
The breadth of themes suggests an expansive and explorative creative mind.
The child is not limited to the mundane or real, delving fearlessly into the
realm of the imagined, challenging the viewers’ perception and expecta-
tions. The use of colours is strikingly vivid, with bold hues setting a strong
visual impact. The colour palette ranges from bright, saturated colours to
more subdued, earthy tones, creating a vibrant tapestry of artwork. Each
chosen colour, whether purposefully or instinctively, adds a new dimen-
sion to the artwork, encapsulating the emotional state, mood, or whimsy at
the time of creation. The complexity of the artwork is equally impressive.
There are simple designs with clear and straightforward narratives, while



(@
Figure B.1. Matrix of child produced artworks.

others have layers of complexity that invite deeper introspection. This com-
bination of simplicity and complexity not only reflects the child developing
artistic skills but also their willingness to experiment and push their cre-
ative boundaries. Overall, these 17 artworks speak volumes about the child
inherent creativity and growing technical ability. They remind us of the
limitless potential of a young mind given the freedom to express itself.

Prompt Engineering and Image Generation

The prompts for image generation were designed based on the guide-
lines of [354]. Each prompt highlights key aspects of the corresponding
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work of art, being devised to encapsulate not only the subject of the paint-
ing but also its main elements, predominant colours when significant, the
style of art, and the notable detail that it has been drawn by a child. The
first aspect addressed in the prompt is the subject of the painting. This could
be anything from a simple object to a complex scene, an abstract design, or
even a fantastical creature. The goal is to provide a concise but accurate
description that can guide the Al model. The main elements of the artwork
are then detailed; this includes the notable features and components that
make up the artwork, and could range from the individual characters in the
scene to the intricate patterns in an abstract design. When applicable, the
main colours used in the artwork are mentioned. This is especially crucial
for pieces where colour plays a significant role in conveying the mood or
theme. The paint technique, which is always oil paint, is also indicated.
This provides further context for the Al model, helping it to generate art-
work that aligns with the same technique. Finally, each prompt emphasizes
that the artwork is the work of a child. This is a crucial detail, as it sets the
context for the child-like creativity and unbridled imagination that the Al
model should strive to emulate. This rigorous and methodical process of
prompt creation helps to ensure that the Al model is equipped with a com-
prehensive and nuanced understanding of each artwork, thereby increasing
the chances of generating comparable Al-created artworks.

The complete list of prompts is shown in Table B.1, while the images
generated by DALL-E 2 are reported in Figure B.2. It is worth observing
that, by sending the same prompt to DALL-E, the generated image(s) may
vary as a result of generation-noise. As a working method, we decided to
take for each prompt the first creation, thus avoiding to introduce a bias
related to an arbitrary choice made by a human user on a set of generated

images.

Al-Based Generation Consistency

The primary objective of using the DALL-E 2 model in our study is
not to precisely duplicate the child’s artwork, but to construct an image



Table B.1. Image labels and corresponding prompts.

Image Prompt

label

(a) Portrait of a poppy field, blue sky and flock of white birds as a child would draw it
using oil paint

(b) Portrait of a night sky, a child under a flowering cherry tree above a cliff as a child
would draw it using oil paint

(c) Portrait of a pair of colourful houses, with a courtyard with a red apple tree and
many pots filled with green plants as drawn by a child in oil paints

(d) Portrait of a lone tree on a yellow ground covered with red leaves, behind the sky is
gray as drawn by a child with oil paints

(e) Portrait of a country driveway with two houses on either side and peach blossom
trees as drawn by a child in oil paints

® Portrait of a palm tree on a rocky background and under blue sky as drawn by a
child with oil paints

(2 Portrait of a man with umbrella against the sunset in the midst of trees as drawn by
a child in oil paints

h) Portrait of a man with red umbrella walking among trees with red leaves planted on
red earth as drawn by a child with oil paints

(0] Portrait of a leafless tree under the moon at night with fireflies as drawn by a child
with oil paints

Q)] Portrait of a willow tree on a lake and a tree with purple flowers as drawn by a child
with oil paints

&) Portrait of a dancer on a poppy meadow under the moon at night as drawn by a
child in oil paints

(0] Portrait of a country road to a group of houses and cypress trees as drawn by a child
with oil paints

(m) Portrait of a love proposal under a flowering tree at night as drawn by a child in oil
paints

(n) Portrait of two nineteenth-century women walking along a beach under the sun as
drawn by a child in oil paints

(0) Portrait of red tree at night with fireflies as drawn by a child with oil paints

p) Portrait of sailing ship with two masts in the middle of the sea as drawn by a child
with oil paints

@ Portrait of village with church from above a hill as drawn by a child in oil paints
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@) (@
Figure B.2. Matrix of DALL-E 2 produced artworks.

that exhibits coherence and plausibility given the provided prompts. These
prompts were designed to serve as guiding principles for the Al model, not
as a rigid blueprint. The effectiveness of Al image generation should not be
gauged on its ability to mirror the original artwork in an exact pixel-to-pixel
manner. Instead, we sought a certain degree of likeness in terms of context,
style, technique, and evoked emotions. The expectation is for the Al model
to create artwork that shares thematic, stylistic, and emotional resonance
with the original child art while maintaining its unique Al-influenced in-
terpretation. The inherent variability of DALL-E 2 facilitates this creative
divergence. The model, although guided by the prompts, is capable of inter-
preting the input in a myriad of ways, which aligns with the unpredictable,
yet inspiring nature of artistic creation. By comparing the human and Al-



generated artwork, we observed that DALL-E 2 was able to generate pieces
that, while not identical to the originals, mirrored the child’s art in interest-
ing and often surprisingly creative ways. It embodies the critical elements
described in the prompts, thereby demonstrating a certain consistency in
its generative capability, whilst adding its unique nuances.

Test on humans
The experiment on human’s results can be seen in Figure B.2. Results

Table B.2. Human test results.

Accuracy Precision Recall F1-Score

49.76%  51.79% 52.45% 52.12%

show that human ability to discern human generated images from Al gen-
erated images is very low: accuracy is close to 50%, indicating that they

choose the image almost randomly.

Test on Al

Classification results can be seen in table B.3. Results demonstrate a

Table B.3. Al classification results.

Metric Accuracy Precision Recall F1-Score
Global Metrics  97.06%  97.22%  97.06%  97.06%
AUC-ROC 99.65%

high level of accuracy, with an overall accuracy rate of 97.06%. Preci-
sion and recall metrics are equally impressive, indicating that the model
is adept at correctly identifying both human and Ai generated instances.
The F1l-score, a harmonic mean of precision and recall, further validates
the model’s balanced performance. The Area Under the ROC Curve (AUC-
ROCQ) attaining 99.65% underscores the model’s exceptional ability to dis-
criminate between the two classes.
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Discussion

The results of this study highlight the significant advancements in AI’s
ability to generate art that closely mimics human creativity, specifically that
of a child. The experimental design and subsequent analysis provide valu-
able insights into the nuanced capabilities and limitations of Al in the cre-
ative domain.

The human participants’ performance, with an accuracy close to 50%,
indicates their difficulty in distinguishing between Al-generated and child-
created artworks, consistently with the findings in [355, 356]. This result
is particularly compelling as it suggests that Al-generated art has reached a
level of sophistication and authenticity that can deceive even the human
eye. The precision, recall, and F1-score metrics further underscore this
point, as the values hover around the mid-50% range, reflecting the ran-
dom nature of the participants’ choices. These findings align with previous
research on the Artistic Turing Test, where Al-generated art successfully
passed as human-created in several instances [347, 346].

In stark contrast to human participants, the Al classifier exhibited re-
markable proficiency in distinguishing between human and Al-generated
art. With an overall accuracy of 97.06%, the Al model demonstrated its
ability to effectively identify subtle differences between the two types of
artworks. The high precision and recall values indicate that the model
is adept at correctly identifying both true positives (correctly identifying
Al-generated art) and true negatives (correctly identifying human-created
art). The Fl-score of 97.06% further validates the model’s balanced per-
formance, while the AUC-ROC value of 99.65% highlights its exceptional
discriminative power. These results suggest that Al, when trained appro-
priately, can develop a keen sense of artistic style and origin, surpassing
human capabilities in specific tasks [352, 353].

The findings of this study have several profound implications for the
future of Al in the creative industries. First, the ability of Al to generate art
that is nearly indistinguishable from human-created art opens new possibil-
ities for collaborative art creation, where Al can act as a co-creator rather



than merely a tool. This shift could lead to novel forms of artistic expres-
sion and innovation [319, 318]. Second, the study underscores the impor-
tance of developing robust methods for detecting Al-generated content. As
Al-generated art becomes more prevalent, ensuring the authenticity and
provenance of artworks will be crucial. This necessitates the development
of advanced Al detection algorithms, similar to the classifier used in this
study, to maintain integrity in the art market and other creative fields [329,
335]. Finally, this research highlights the potential of Al to enhance our
understanding of human creativity. By analysing the characteristics that
Al uses to distinguish between human and Al-generated art, we can gain
deeper insights into the elements that define artistic creativity and expres-
sion. This could lead to new theories and models of creativity that integrate
both human and machine perspectives [345, 350].

Conclusion

This study provides compelling evidence that Al has achieved a level of
artistic sophistication that allows it to produce art indistinguishable from
human-created works, particularly those by children. The difficulty faced
by human participants in identifying Al-generated art, contrasted with the
high accuracy of the Al classifier, underscores the advancements in Al ca-
pabilities. These findings open new horizons for the integration of Al in
the creative industries, presenting both opportunities and challenges that
warrant further exploration.
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B.2 Mathematics As A Crossroads Between Vi-

sual Arts And Music

The link between science and art emerges throughout history as a man-
ifestation of abstract and symbolic thinking by homo sapiens in an attempt
to provide a rational representation of the world around him. The same
spirit of observation and curiosity that unites artists and scientists leads to
the intuition that underlies creativity. In science, intuition is validated using
Galileo’s experimental or hypothetical-deductive method, which follows a
mathematical logic, linked to principles of harmony and proportion. This
concept, known since the origin of abstract thought, when our ancestors
started to paint cave walls and carve figures in stone, was later elaborated
by the Greeks and taken up by the Renaissance. The sculptor Polyclitus,
who lived in Athens in the second half of the 5th century BC, collected in
a treatise, the Canon, the basic rules of artistic creation capable of ensur-
ing rhythm, proportion and harmony. In music, too, it has been known
since the time of Pythagoras that harmony, which is based on numerical
ratios identifying the intervals between notes, is, as in other forms of art,
the basis of beauty that arouses pleasure. For example, Pythagoras discov-
ered, by playing strings of different lengths together, that the interval of
a perfect fifth (ratio of 2:3 in length) elicits a pleasurable experience of
consonance. More generally, Pythagoras argued that intervals that can be
expressed as ratios of small integers are perceived as consonant and pleas-
ant, while other intervals are perceived as dissonant and unpleasant. This
is compatible with a modern theory that considers these ratios as easier to
process by the ear-brain system.

Since antiquity, man has assumed that the laws governing musical phe-
nomena and its very proportions can be found in the harmony of the cosmos.
Pythagoras and his followers thought that the relationships that generate
harmony in music also occurred in the celestial sphere, in the distances be-
tween celestial bodies and the centre of the world. In the 17th century,
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Figﬁre B.3. Representation of the notes played by each planet in its orbit
around the sun, from Kepler’s Harmonices mundi.

Kepler, in the fifth book of his work Harmonices Mundi, expounded his the-
ory on the “music of the celestial spheres”, accompanied by numerical tables
and musical scores, with the “notes” played by each planet. For Kepler, it
is evident that, if planets are moving on a circular orbit at constant speed,
they would only produce monochords. If, on the other hand, they move
on an elliptical orbit with variable speed, each planet generates a melody!
Only Venus generates a monochord as its orbit is almost circular (Figure
B.3).

Interestingly, at a certain point in the treatise, Kepler interrupts his spec-
ulations on the music of the planets to introduce what is now known as
Kepler’s third law of planetary motion. In this regard, great scientists of the
past (Kepler, Darwin) did not hesitate to include aesthetic considerations
in their scientific works. This is an attitude that has been completely lost
today, perhaps due to the mechanistic tendency of modern science.

Thus, the microcosm (the world in which we live and, in particular,
man) and macrocosm (the entire universe) appear to be linked by com-
mon mathematical and aesthetic rules. Medieval philosophers thought this
as a logical consequence of man and the universe having been created by
the same Creator. Kepler, when investigating the laws of planetary mo-
tion, wanted to discover nothing less than the thoughts that God himself
had when creating the universe. The idea of the profound relationships

existing between the micro- and macrocosm, which derives from Platonic
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philosophy on the perfection of the world of ideas, as opposed to the imper-
fection and contingency of the concrete world, was particularly developed
in the medieval period by Neo-Platonic philosophers, and some historians
of science argue that it led to the decline of the sciences in the medieval pe-
riod because, when interpreted in an extreme form, it pushes us to seek at
all costs relationships between the micro- and macrocosm that are fanciful
and arbitrary. However, as pointed out above, it is undeniable that Neo-
Platonism provided the inspiration for Kepler for his experimental research
on the motion of the planets and the discovery of their laws.

In the Sententia Libri de sensu et sensato (1268), St. Thomas Aquinas
wrote: “The senses delight in things that have the right proportions”. Fol-
lowing the translation of the manuscripts of Euclid, Ptolemy and Archimedes,
Euclidean geometry was considered, as suggested in the Opus Maius (1267)
of Roger Bacon, a Franciscan friar and philosopher who lived in the 13th
century, to be the point of convergence of objective truth not only in figu-
rative arts but also in sciences. These theories certainly contributed to the
development of perspective as “the creation of concrete bodies perceptible
to our eyes”, which Giotto certainly made use of in his frescoes on the life of
St. Francis in the Basilica of Assisi. Furthermore, geometry and its numer-
ical ratios had a crucial importance in sculpture, considered the means of
artistic expression that in the Renaissance led to the consideration of “man
as the measure of all things”. This led to the concept of beauty (in nature,
in a painting, in a statue or in an architectural element) as harmony be-
tween the parts realised through the so-called golden ratio, developed in
particular by Luca Pacioli, a Franciscan friar and mathematician who lived
at the time of Leonardo, of whom he was a friend, who in De Divina Propor-
tione (1509) theorized the application to all arts of the golden ratio of the
radius, which is the proportional average between the entire segment and
the remaining part. The algebraic expression of the golden ratio is equal
to:

(a+b):b=b:a (B.1)

where a represents the smaller side of a rectangle and b the longer side.



This number is denoted by & because it is not possible to write its exact
value as it is an irrational number, slightly greater than 1 but consisting of

an infinite number of decimal places.

(B.2)

Such proportion was considered divine in that it reflects divine perfec-
tion and harmony and allows one to understand the world through the law
according to which it was created. Pacioli advocated the application of Eu-
clidean geometry to all forms of activity, which he even extended to the
letters of the alphabet (Figure B.4).

Figure B.4. Renaissance “capital” letters, from De divina proportione by
Luca Pacioli.

This theory was to be put into practice by artists such as Leon Battista
Alberti, Piero della Francesca and Leonardo himself. In particular, Leonardo
not only sought to determine how the golden ratio is capable of determining
ideal beauty in the forms of the human body, but was firmly convinced that
natural phenomena including the motion of water and the flight of birds
were also subject to the laws of geometry, further fostering that privileged
relationship linking mathematics to art. This confirmed Plato’s theory that
aesthetic canons are present in the very object of perception and are in-
dependent of social and cultural factors and are therefore invariable over
time. In recent times, the architect Le Corbusier (1887- 1965) used the
golden ratio in the Modulor system he developed, to calculate the size of
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ideal human body parts, considering different postures, taking a man of
height 182.9 cm as a reference (Figure B.5).
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Figure B.5. Modulor system. The dimensions that are in exact golden ratio
to the human height of 182.9 cm are 113.0 cm; 69.8 cm; 43.2 cm; 26.7 cm
(Skyamal - Own work).

Le Corbusier later used the Modulor system in the facade of several
buildings (Figure B.6).

The same numerical relationships underlying the harmony between the
parts can be found in nature, for example in the shell of Nautilus pompilius
(Figure B.7), in the growth of plants, in a cyclone, in the galaxy, which
reflect to some extent the mathematical concepts underlying the logarithmic
spiral and the Fibonacci sequence. The latter consists of a succession of
numbers, each of which is the sum of the previous two: 0, 1, 2, 3, 5, 8, 13...
The relationship between the golden number and the Fibonacci sequence,
which remained unknown even to Luca Pacioli, was discovered by Kepler
in 1611, who realised that the ratio between two consecutive numbers in
the Fibonacci sequence gradually approximate the golden number .

In accordance with Plato’s view, the demonstration that beauty has its
own objective biological basis, independent of experience, was provided a
few years ago by Cinzia Di Dio and Giacomo Rizzolatti of the University of
Parma in collaboration with Emiliano Macaluso of the Fondazione St. Lucia

in Rome (Di Dio et al., 2007). Using proportion as an independent vari-



Figure B.6. RLe Corbusier, Unité d’ h
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Figure B.7. Nautilus pompilius shell (Chris 73/Wikimedia Commons).

able and neuroimaging techniques such as Functional Magnetic Resonance
Imaging (fMRI), these authors subjected 18-20 year-old fellows, who were
not art experts, to two types of stimuli: one consisting of the image of the
statue of the Doryphoros (spear bearer) by Polyclitus, universally consid-
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ered a masterpiece of harmony between the different parts of the body, and
the other, a modified version of the same image, in which the golden pro-
portion between certain parts of the body (back and limbs) was altered.
The subjects also had to indicate whether they considered the image beau-
tiful or ugly. Whereas in the latter case only the brain areas associated with
visual perception were activated, in the former, in addition to the visual
areas, areas involved in emotions and pleasure such as the insula, amyg-
dala and hippocampus were activated. Furthermore, the canonical images
were evaluated positively by the observers while the modified images were
evaluated negatively. It is therefore clear from these results that the objec-
tive parameters intrinsic to works of art are able to evoke a specific neural
pattern that determines the sense of beauty in the observer. The key to the
change in the perception of a sculpture from “ugly” to “beautiful” seems
to be linked to the joint activation of cortical neuronal populations that re-
spond to specific features present in works of art and of neurons located in
emotional control centres. It is therefore plausible that reading a text whose
letters follow the “golden” canons described by Pacioli also leads to the ac-
tivation not only of the visual and language centres, but also of those of
pleasure with the consequent enhancement of the mental representation of
concepts and images generated by reading. The aesthetic parameters gen-
erated by the mathematical ratio underlying ®, associated with standards of
beauty, found in various natural and biological systems, suggest that these
have played a fundamental role in the course of evolution. In particular,
the golden ratio has led to an optimisation of structure, as in phyllotaxis
(from the Greek: phyllon = leaf and taxis = order) of plants in which the
arrangement of leaves on a stem follows a circular component that traces
an imaginary helix around the stem. Starting from any leaf, after one, two,
three or five turns, depending on the different plants, one always finds a
leaf aligned with the first. As we move upwards, the number of turns made
to find the leaf aligned with the first one corresponds to the Fibonacci suc-
cession, which can be approximated to the golden number 1.618... This

succession favors optimal exposure of the leaves to air, rain and light for



the benefit of photosynthesis.

A recent study of the architecture of the skull in humans has shown
how, over millennia, it has followed an elegant harmonization between
structure and function expressed in the golden ratio especially in the so-
called neurocranium, the portion that protects the brain and the four sense
organs, called the calvarium. As highlighted in Figure B.8, the ratio be-
tween the length of the nasion-inion and bregma-inion arch is equal to &
and this coincides with the ratio between the bregma-inion and nasion-
bregma arch (Tamargo and Pindrik, 2019). As in humans also in anthro-
poid apes (orangutans, gorillas, chimpanzees), the nasion-bregma frontal
arch is more developed as it reflects the growth of the frontal lobes. In
other mammals, a convergence towards ® would correlate with increasing
species complexity. Therefore, the conservation of  throughout evolution
would suggest that it is somehow related to the survival of the species.

Bregma (B)

Nasion (N) \31

®

Figure B.8. In the human skull, the geometric ratio between parieto-
occipital arch (between bregma and inion, BI) and frontal arch (between
nasion and bregma, NB) coincides with the relationship between nasion-
inion (NI) and bregma-inion (BI). Both correspond to the golden ratio of
1.618... (modified from Tamargo RJ et al. 2019).

According to the commonly accepted view of natural selection, for a
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character to evolve it must be adaptive, i.e. it must increase the individual’s
probability of survival. Therefore, the importance of the aesthetic factor,
present not only in humans but also in many animal species, in the evolution
of species is difficult to explain. In The Origin of Species Darwin put it this
way: “How the sense of beauty in its simplest form — that is, the reception of
a particular pleasure derived from certain colors, shapes and sounds — first
developed in man and the lower animals, is a question that is by no means
clear”. Nonetheless, in The Descent of man, Darwin traced the sense of
beauty back to the courtship between the two sexes, regulated by sexual
selection for the purpose of reproduction. To seduce females, males make
use of aesthetic means such as sounds, colors and shapes. According to
Darwin, the conspicuous beauty of the upper part of the wings of male
butterflies is the result of the females’ preference for the more beautiful
males. Over time, the choice of females increased the likelihood of beautiful
wings in their offspring, thus contributing to the large number of colors and
shapes in butterfly wings that we can still appreciate today.

Therefore, the sense of beauty constitutes an adaptation useful for our
survival and directly shaped by natural selection. This concept has recently
been taken up by Richard Prum who, in the Evolution of Beauty (2020),
revisits the theory of evolution showing how it is based not only on the
principle of adaptation through natural selection but also on sexual attrac-
tion in which the shape of the object of desire plays a significant role. A
species would express a preference for a certain character judged to be
beautiful, and based on that preference one of the two sexes, usually the

female, would make the choice of partner.

Ranging between evolutionary biology, philosophy and sociology, Prum
rewrites the theory of evolution, redeeming the role of beauty and desire,
and offers us a new, fascinating natural history centreed on female arbi-
trariness and the sense of beauty as opposed to the law of struggle and the
domination of the strongest. However, it should be noted that such an ap-
proach, if unduly transferred to social policies, opens the door to eugenics
and selection on the basis of physical appearance, examples of which we



unfortunately also have in recent times.

Turning now to the consideration of the relationships between figurative
arts and music, one can point to strong analogies between the two fields:
for example, many authors have pointed out the relationships between the
various musical forms (sonata, fugue, symphony etc.) and architectural
forms, so much so that it is common to speak of “architecture” or “support-
ing lines” of a musical piece. Conversely, it is also common to speak of
“rhythm” in architecture, understood as the repetition of the same motif at

regular intervals.

If we consider more closely the role of numerical ratios in music, we
see that here too there is a clear relationship between numerical ratios and
aesthetic perception. We can start with the simple difference, obvious to all,
between a musical note and a noise. Both acoustic phenomena lie within
the range of audible frequencies, but whereas a note — more precisely a
tone — can be assigned a defined pitch within a musical scale (e.g., A3, E5
etc.), noise cannot be assigned a pitch. What is the difference between tone
and noise from a physical-mathematical point of view? The difference is
demonstrated in the Figure B.9. If we subject both acoustic phenomena to a
frequency spectrum analysis (Fourier analysis), we can recognise in the tone
a fundamental frequency, which defines its pitch, and other frequencies,
called harmonics, which are in precise geometric ratios (2:1, 5:4 etc.) with
the fundamental frequency, whereas in noise we can recognise neither a
fundamental frequency nor harmonics (Figure B.9).

Mathematics is also fundamental to the division of tonal intervals. In
the diatonic scale of Western music, based on the octave ratio 2:1, two tones
whose fundamental frequencies are in the ratio of 2:1, 4:1 etc., although
perceived at different pitches, are perceived as equivalent, and are therefore
named in the same way (C, D etc.) despite belonging to different octaves.
In general, two notes a and b belong to the same equivalence class if their
frequency ratio a/b = 2n. We recognise the same sequence of notes played
at different octaves as identical. Each successive octave covers twice the
frequency range of the one below it. Octave intervals are the same if they
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Figure B.9. Frequency analysis of a musical tone (A4 from a piano, left)
and a noise (wooden hammer banging on a table, right). Vertical axis =
frequency. Horizontal axis = time. A fundamental frequency (arrow) and
harmonics at higher frequencies can be recognised on the left. Image gen-
erated with WavePad software.

are on a logarithmic scale. Modern instruments are generally tuned to A 440
Hz, but other tunings are possible (e.g., 415 Hz for baroque instruments).

A musical scale is a regular sequence of successive pitches that repeat
at cyclic intervals. The subject of the division of musical intervals has been
a widely debated topic since ancient Greece. It is a fundamental issue for
musical composition, as it is functional to transpose any musical interval
into any key without altering the relationship between notes. Such a sub-
division allows the transposition of any note, or chord, or melody, from a
given scale (e.g., C major) to another scale (e.g., G major) while maintain-
ing the intervals between the notes and thus also the harmonic and melodic
characteristics unchanged, so that a melody performed in the C or G scale
appears musically identical, at least to most people (with the exception of
those with absolute pitch). Simplifying greatly, two completely different
principles have historically been considered for generating musical scales.
The first principle is called just temperament and it is based on the intro-
duction of two more intervals that are consonant and therefore pleasing to
the human ear, in addition to the unison and octave interval, namely the
intervals of exact fifth (frequency ratio 3/2) and exact fourth (frequency
ratio 4/3). The use of the ratios 3/2 and 4/3 derives from the Pythagorean



principle that only ratios of small numbers generate consonances. By using
a cyclic principle of alternating ascending fifths and descending fourths, all
semitones covering the octave interval (Pythagorean chromatic scale, see
Figure B.10) can be generated. In this way, the frequency ratio between
two tones separated by an integer interval, e.g. between Eb and E or F and
Gis 3/2*3/4 = 32 /23 = 9/8, while the semitone, e.g. between Eb and E,
is 3/2*%3/4%3/4*3/4 = 37 /211 = 2187/2048.

3/4 3/4 3/4 3/4 3/4 3/4
oY ¥
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Figure B.10. Pythagorean chromatic scale.

This process can be expressed on a circle, called the circle of fifths. The

scale shown above can be represented as follows (Figure B.11).
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6561:4096 i 81:64
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Figure B.11. Circle of fifths.
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In essence, in the Pythagorean chromatic scale, semitones are obtained
by multiplying the fundamental frequency by rational numbers. The prob-
lem with this type of scale is that, at the end of the cycle of fifths and fourths,
after twelve semitones, we do not return to the same starting note (Eb in
the example) but to a note that is slightly higher (D} in the example). This
stems from the fact that the ratio between the starting note and the ending

note is
312 531441

218 262144

~ 2.027,

which is not exactly 2, but slightly greater. The difference is called the
Pythagorean comma. The fundamental reason for this discrepancy is that no
natural number can simultaneously be an integer power of 3 and an integer

power of 2.

To overcome this problem, the so-called equal temperament was in-
troduced for the first time by Simon Stevin (1548-1620) and by Vincenzo
Galilei (1520- 1591), father of Galileo, and is still in use today in western
music. Here, the octave interval is subdivided into twelve identical sub-
intervals, called semitones. The value of a semitone is obtained by consid-

ering the scale as a geometric progression
— n
ap=0ap-q,

in which the octave ratio is known a;5 = 2a,. Consequently, one can cal-
culate the ratio
g= ¥V2~1.059...

corresponding to the value sought. On a logarithmic scale, the intervals sep-
arating adjacent semitones are equal, which is in agreement with the gen-
eral Weber-Fechner law of perception. Note that the semitone in equal tem-
perament has a slightly lower value than in the Pythagorean scale (2187/2048
0 1.067...).

Since the definition of a semitone contains +/2, the ratio of frequen-
cies is an irrational number. The octave is related to the tonic by 212/12,
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i.e., 2:1, the right fourth (5 semitones above the tonic) in 25/12 ratio, the
right fifth (7 semitones above the tonic) in 27/12 ratio. The Well-Tempered
Clavier is a series of preludes and fugues composed by Johann Sebastian
Bach (1685-1750) to demonstrate the harmonic possibilities of the tem-
pered scale, although the type of temperament used by Bach is still debated
today.

Up to this point, we have treated consonance and dissonance between
two sounds as depending solely on the sharing of harmonics physically
present in the sounds. The more harmonics shared, the greater the de-
gree of consonance and pleasantness of a chord. In reality, things are more
complicated: the ear-brain system does not function according to simple
physical-mathematical rules; an example of this is the phenomenon of the
“missing fundamental frequency”: if we eliminate the fundamental fre-
quency from a musical tone, we continue to perceive the tone at the same
pitch! So, it is clear that the ear uses the entire spectrum of frequencies
present to define the pitch of a tone. Furthermore, when we hear two
notes simultaneously, we hear a third sound, not present in the original
sounds, also known as the combination sound. The first to describe this
phenomenon was the 18th century violinist Giuseppe Tartini (Caselli et al.,
2018). Where does this combination sound come from? Research in re-
cent decades shows that the cochlea does not simply behave as a passive
receiver, but it is able to generate sounds by means of positive feedback
from the outer hair cells: these cochlear-derived sounds are the origin of

otoacoustic emissions.

Is it possible to imagine musical scales that are based on a fundamental
ratio different from the octave ratio? The answer is yes: a well-known
example is the Bohlen- Pierce scale, which is based on a fundamental ratio
of 3:1 (one octave above a perfect fifth). In this type of scale, each note is

unique and is never repeated.

Is it possible to imagine a musical scale based on the golden ratio? If
one were to construct a new scale based on the fundamental ratio with ®:1,
and keeping twelve semitones in the scale, they would obtain a new value
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of

§| 1+ /5
g= Vo=" T‘/_ ~ 1.040916... (B.3)

This value poses a problem for consonance: in the tones generated by
all non-electronic musical instruments and the human voice, there are har-
monics, which respect diatonic ratios. Since consonance in an interval be-
tween two notes is given by the presence of one note in the harmonics of
the other, it is clear that changing the ratios breaks traditional consonances.
Synthesizing a tone and summing its harmonics according to the new ratios
is expected to re-establish consonant intervals.

Similarly, to what was done by Houtsma in the Auditory demonstrations
CD, the authors of the present contribution simulated a scale respecting
these new ratios. The simulation was created according to the following
criteria: Each tone is composed of the sum of sine waves with a frequency
equal to the fundamental frequency and its harmonics. Each sound contains
up to its own seventh harmonic.

* The amplitude of each harmonic is inversely proportional to the har-

monic number.

* The amplitude trend over time is exponentially decreasing.

We can summarise the following points in the formula:

7
cos(2mf - coef; - t)
s=y sl o)
i=1

In which:

28 31 2 34

st st°* -cent® st

coef = 1,st'2,st'7 - cent?,st?*, , , ,
centl4’ cent3! ° cent3!

st= ¥®, and cent=st/100.



Using this sound library, Colonel Bogey March and Bach’s Chorale No 1
were simulated.

These brief outlines of music theory led us to consider that geometric
ratios also play a fundamental role in music, although in Western classical
music they do not correspond to ®.

In conclusion, although @ is a privileged relationship as far as the canons
of harmony in the figurative arts are con-cerned, the canons of harmony in
music follow rules that are somewhat different. It therefore seems appro-
priate to recall the quote from St. Thomas Aquinas quoted at the begin-
ning: “The senses delight in things that have the right proportions”. What
the “right proportions” are, depends on the sensory modality and what the
artist intends to express.
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