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Prologue

Throughout the course of their studies, the author encountered a wealth of knowledge across diverse yet
interconnected domains. However, it was the discovery of Machine Learning that truly ignited their
intellectual curiosity and motivated a deeper commitment to learning. From that moment, it became
clear that this was the field the author wished to pursue. Among the many captivating aspects of Machine
Learning, the concept of multimodal fusion stood out, both in its technical complexity and its potential
for meaningful real-world application. The feasibility of emotion recognition through wearable sensors,
coupled with the broader vision of developing systems that could assist individuals in managing anxiety
or support healthcare environments, became the central inspiration for this thesis. If this work
contributes even in a small way to that vision, by advancing understanding or sparking further research,
the author considers it a success. This thesis will remain a personal and academic milestone, continually
reminding the author that the ultimate purpose of scientific advancement is to serve society and improve
human well-being.



Abstract (EN)

The current thesis explores machine learning methods for emotion recognition through the multimodal
fusion of wearable biometric sensor data. It leverages a dataset comprising physiological signals coupled
with emotional tags, collected using an EmotiBit wearable device equipped with three-wavelength
photoplethysmograph, galvanic skin response, and body temperature sensors. The research investigates
how integrating heterogeneous sensor modalities can enhance the detection and monitoring of emotional
states.

In the initial phase of the thesis, a comprehensive literature review will be conducted to understand the
unique characteristics of each distinct physiological signal type, as well as to evaluate techniques for
their processing and extracting pertinent features. The insights gathered also inform the fusion strategies
to be used.

The study systematically tackles challenges in data preprocessing, feature extraction and selection,
model development, and both feature-level and decision-level fusion. Through rigorous evaluation, it
assesses the robustness and accuracy of various multimodal fusion strategies and classification
algorithms applied to the emotion recognition task.

Ultimately, this work aims to demonstrate that the strategic integration of wearable biometric sensor
data can significantly improve the performance of emotion recognition systems. In these frameworks,
fusion is used to exploit the distinct characteristics of each sensor, showcasing their unique advantages
while mitigating individual weaknesses. It is anticipated that the insights derived from this research will
contribute to the development of reliable affective technologies -with applications in healthcare, stress
management, and diagnostic support for emotional well-being- all achieved using only readily available
wearable devices.
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Abstract (EL)

H mapovoco Amiopotiky Epyacio digpgovd pebddovg unyoaviknig pébnong yo v oavayvopion
cuvaenuaTeV HEcm T oHVINENC TOATPOTIKOV dE00UEVMV 0O POPETONG PLOUETPIKOVE OGO TAPEG.
A&lomotel pio Paomn 6edopéVeV OTOTEAOVIEV OO CMLOTO PUCIOAOYIOG GE GUVOLOOUO UE ETIKETEG
ocuvaucOnudtov, o omoic GVAAEYOMKav omd pio @opet) ovokevr) EmotiBit efomAcuévn pe
QOTOTANOVGUOYPAPO TPIOV HAKOV KOUOTOG, owcntipa yoAPaviking omoKplong OEPUATOS Kot
alcOnmpo Oeppokpaciog codpatog. Avti 1 épevva eEeTGlEl TOG 1| EVOOUATMGCT ETEPOYEVOV TOTWOV
acOnmpowv umopel vo PEATIOCEL TNV Oaviyvevon Kol TNy TopakoAoLONon cuvaicOnupatikodv
KOTOAGTAGEMV.

Yy apyikn eaon g epyaciog, Oa tpayuatorombei pia extevig BipAtoypapikn épevva, pe oKomo TV
KOTOVONGT] TOV LOVASTKMY YOPUKTNPIOTIKOV KAOe EEXMPIGTOD TOTOL PLGIOAOYIKOD GNUATOC, KAUOMC
Kot yioo ™V oSoAdynon texvikav yio v emefepyaciocn Toug kol TNV €0y@Yyn TOV GYETIKMV
YOPOKTNPIGTIKAOV TOVG. O1 YVMDGEIS TOL GLAAEYOVTOL TTOPEYOVY ETIONG TANPOPOPIES Y10l TIC GTPATNYIKES
ovvtnéng mov Ba ypnoiomombovy.

H épevva avtipetonilel cvotuotikd tig mpoxincelg oty apoenetepyocio dedouévav, Ty eEaymyn
KOl EMAOYN  YOPOKTNPIOTIK®V, TV ovAmtuoén poviédov kot ™ ovvinén tdco o€ emimedo
YOPOKTNPIOTIKOV 0G0 Kol 0€ eminedo amopdcewv. Méow &voereyoic a&loAdynong, eKTILaToL M
EVPWOTIO, Kol 1) akPiPelo SLPOPOV GTPATIYIKOV TOAVTPOTIKNG GUVINENG Kot aAyopiOumy Ta&ivounong
oV €PaprdlovTal GTNV EPYUTio TNG AVayVAOPIoNS CLVOICONUATWOV.

Tehkd, n epyacio avth €xel @G o100 Vo KATASEIEEL OTL 1| OTPATIYIKY CUVINEN TOV OEGOUEVOV TV
QOPETAOV PlOpeTpIKdV ouctntipov umopel va PEATIOCEL SNUOVTIKE TNV 0dd00T T®V GLGTHUATOV
avayvoplong cvvorstnudtov. e autd to TAaicto, 1 6OvInEn ¥PNOILOTOELTAL Y10 TNV EKUETAAAEVON
TOV EEYOPIOTOV  YOPOKTNPIOTIKOV TOv KAEOe oaicOnTipa, ovadelkvoovTag To  HOVOSIKG TOLG
TAEOVEKTAOTO Kol TavTdypova mepropiloviag T empuépovg advvopieg tovg. Avapéveror OTL ot
mAnpopopieg mov Ba TpokLYOLV Ao TNV TaPovsa Epevva Ba cupPdrovy oty avamrtuén aSdmotov
TEYVOLOYIDV -LLE EQPAPUOYES otV Yyeia, Tn dlayelpion Tov dyyovg Kot T SyVOoTIKY VTOGTAPEN TNG
cuvausOnuoTikng gve&iag- ot omoieg B vAOTOLOVVTAL LOVO LLE T YPNOT) EVKOAN TPOGPAGIL®V QPOPETDV
GLGKELMV.
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Literature Review

Introduction

We are moving towards an era where computers become an irreplaceable part of our society. Our field
develops rapidly and new technologies emerge at an unprecedented pace. The advancement of Artificial
Intelligence in particular already shows its vast and diverse capabilities, and its potential to enrich our
lives and evolve the human potential.

One long-standing puzzle for scientists and Al has been the task of Emotion Recognition. It’s the process
of predicting the emotional state of a person, by using Machine Learning pipelines, and data derived
from a diverse group of sensors, either on-body, or out-of-body. Its importance mostly lies in human-
computer interaction and healthcare, such as stress management.

Sensors are becoming more robust, better documented and well built. This allows for better
representation of the data derived from them, thus increasing our ability to extract meaningful features
from them for usage in ML pipelines. The emergence of commercially available and well-integrated
multi-sensors in particular, opens the door to the processing of different types (modes) of data
simultaneously, aligned on the time axis. On top of that, most sensors are howadays built compact, and
could be integrated into uniform wearable devices, thus enabling the deployment of ML-driven systems
on the go.

One of the technologies that makes such processing of different types of data possible, is called
Multimodal Fusion. Multimodal Fusion pipelines aim to align and fuse the data derived from these
multi-sensors, and use the combined inputs or features to train a ML model. Compared to unimodally
trained models, it is used to exploit the distinct characteristics of each sensor, showcasing their unique
advantages while mitigating their individual weaknesses.

This thesis aims to show that Multimodal Fusion systems outperform conventional models when
evaluated on the task of ER. This insight makes the use of wearable biometric sensors more feasible
than before for the task, which in turn opens the door to the development of consumer-grade, readily
available and reliable affective technologies.

The dataset used for the thesis was created and kindly provided to me by CERTH, and contained
different modalities of real physiological data derived from a wearable multi-sensor, such as PPG, GSR,
and skin temperature readings, accompanied with the ground truth responses of the emotional state of
25 subjects.

Besides a comprehensive literature review, the presentation of the methodology, results, figures and
tables, the deliverables of this thesis include the full Python scripts used for the processing of the data,
feature extraction, visualization of graphs, and training of the models.

In Chapter 1, a literature review is conducted, where foundational concepts such as Emotion
Recognition, Multimodal Fusion, Physiological Signals and common ML pipelines are explained and
analysed.

In Chapter 2, the data processing pipeline is showcased, the different methods of fusion that were used,
ranging from classical feature-based approaches to a CNN-based multimodal fusion architecture, the
manual feature extraction pipeline, and the different models that were trained and their hyperparameters,
as well as the decisions that were made during each part.



Literature Review

In Chapter 3, the results are presented, including performance comparisons and visualizations that
highlight the details and the contributions of each approach, as well as the interpretation and justification
of the aforementioned results.

In Chapter 4, a discussion regarding the findings is provided, along with the implications and limitations
of both this thesis and the task in general, followed by proposed directions for future research.

The Appendices contain supporting materials, such as seed and DL model implementation code, as well
as code usage instructions.



Literature Review

Chapter 1: Literature Review

1.1 Introduction to Literature Review

In this chapter, the foundational concepts of this thesis are reviewed and analysed. Emotion Recognition
is introduced along with its definition, its importance in human-computer interaction, healthcare,
affective computing, and stress management, as well as the common emotion models used in research.

The chapter then examines the groups of modalities often used for ER tasks, such as visual-based, audio-
based, text-based, and physiological, and compares their respective strengths and limitations, with a
focus on physiological modalities due to their relevance in this work. Physiological signals such as PPG,
GSR, respiration, and skin temperature are described, as well as their connection to the autonomic
nervous system and emotional states.

Multimodal Fusion is defined, along with its motivations, and fusion strategies such as feature-level and
decision-level fusion are discussed. Finally, the chapter presents machine learning approaches used for
ER, including both classical and deep learning models, and compares feature engineering with feature
learning. Challenges associated with data acquisition for ER, such as inter-subject variability, sensor
noise and artifacts, data scarcity and real-time processing constraints, are also highlighted.

The goal of this review is to provide the necessary theoretical background to motivate and contextualize
the methodological choices presented in Chapter 2.

1.2 Emotion Recognition

1.2.1 Introduction to Emotion Recognition

Emotion Recognition is the field in which the representation and the interpretation of human emotions
by computers is studied. It is the task where we use and manipulate affective data and apply
computations to it, in order to predict the emotional state of an individual.

It’s a complex classification problem that often requires advanced pattern recognition, since the
boundaries between emotion labels are often obscured, and the relationships between raw sensor data
and emotions are non-linear [1], [2]. This makes non-deterministic solutions, such as Machine Learning
models, promising candidates for the task.

ER is considered a stepping stone toward advanced human-computer interaction, as humans interact
naturally and socially with computers, making affective recognition necessary for understanding user
intent [3]. Furthermore, understanding intent and connecting it with a measurable emotion could open
the door for greater understanding of human emotions in general, and provide insights in neuroscience

[4].

A variety of modalities can be used for this pattern recognition task, including visual-based, text-based,
audio-based, and physiological signals [1]. What makes ER a particularly complex problem is the
difficulty of reliably expressing, differentiating, and labeling emotions and their nuances [5], further
complicated by inter-subject variability, both in how individuals express emotions and in how consistent
such expressions are over time. These factors also introduce challenges in data acquisition.
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1.2.2 Definition of Emotion Recognition

Emotion Recognition is the computational task of detecting and interpreting human emotional states
from various types of data, often derived from sensors. It involves mapping inputs, such as physiological
signals, facial expressions, speech, or text, to either predefined emotion labels for classification tasks or
continuous affective values, such as Valence and Arousal, for regression tasks [1].

As a pattern recognition problem, ER typically includes signal acquisition, preprocessing, feature
extraction, and the training and inference of machine learning models [2]. Originating from the broader
field of affective computing [3], ER aims to enable the development of emotionally intelligent systems
that can perceive and respond to user affect.

While implementations may vary depending on the application, goal or modalities used, the core
objective remains to algorithmically bridge the gap between measurable input signals and the affective
states they reflect.

1.2.3 Importance in HCI, healthcare, affective computing

As stated, Emotion Recognitions stems from the broader field of affective computing, which seeks to
bridge the gap between the user’s affective state and the computer’s response to it [3]. There are three
theoretical levels: computers that detect emotion, computers that express emotion in a human-like
manner, and computers that have emotions, comparable to humans [2], [3]. ER is only one part of the
process, but even standing alone it has many uses, such as in human-computer interaction and healthcare.

Emotions have computational value because they are a form of expression, based on neuroscience.
Findings suggest that when emotions occur, specific regions of the conscious brain show increased
activity, and directly influence cognition, perception and decision-making [4]. Therefore, measurable
emotions are strong indicators to the user’s intent [3], [4].

This lays the foundation for advanced HCIs, where systems use ER to detect precise intent, interpret the
user’s goals effectively, and respond with a complex, human-like nature. Example applications include
intelligent robotics, uses in entertainment industry, such as adaptive gaming and VR implementations
[6], uses in education systems, where affect-aware systems identify confusion or frustration in learners
and detect complications in current educational methods, uses in work environments, where affective
feedback surfaces hidden problems in productivity and well-being, and uses in websites and apps, where
targeted solutions or suggestions are given based on the intention of the user [7], [8]. In summary,
implementation of ER in HCIs has the potential to enhance the quality of the user’s experience and
streamline their work flow.

More importantly, ER could be used in healthcare, since emotions alter bodily functions, such as
metabolism, body temperature, heart rate, and blood pressure. Moreover, information on the emotional
state of the patient could give crucial information to their caregivers, as to the direction of the treatment
or rehabilitation. However, it should be stated that since ML models are probabilistic, more research is
required for them to be reliably deployed in healthcare systems, and the development of Explainable Al
for such systems is important, for trust and interpretability [5], [9]. ER could nowadays be used for non-
diagnostic, but nonetheless information-rich tasks, such as early stress recognition, for people who suffer
from chronic or acute stress syndromes.
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In summary, ER is a versatile tool with applications across domains. Its ability to transform the
emotional state into a digital input has the potential to enhance the quality of the interaction and
possibilities of computers, focusing on intelligent and human-centric technologies.

1.2.4 Challenges in Emotion Recognition

Despite its growing importance, emotion recognition faces numerous technical, conceptual, and ethical
challenges. A core issue lies in the inherent ambiguity and subjectivity of emotions. Individuals often
struggle to accurately express or even self-identify their emotional states, making ground truth labeling
difficult and noisy [2], [3], [5]. Furthermore, many existing datasets are skewed toward discrete and
intense emotional categories, like anger, fear, joy, leaving subtler or mixed affective states, like mild
anxiety and discomfort, or more complex ones, like love and guilt, underrepresented, thus limiting the
validity of trained models [3]. In data acquisition, ground truth emotion annotations are prone to
variability and subjectivity, especially near the regions of ambiguous emotional states, where
classification is inherently harder.

The computational burden also grows with the number of emotional categories subject to classification,
requiring more data and larger models to capture fine-grained distinctions between emotional nuances
[2], [3]. This is further complicated by inter-subject variability, as individuals express the same emotion
differently, and physiological responses are highly personalized, influenced by factors such as age,
gender, baseline physiology, and even cultural background [10]. This variability poses a major challenge
for building well generalizable models.

Additionally, sensor inconsistencies, such as electrode placement, environmental noise, and signal
corruption, introduce further unpredictability in data acquisition. Lastly, ethical concerns must be
addressed. Emotions are deeply private and context-dependent, and the use of physiological or
behavioral data for ER raises issues of consent, surveillance, and emotional manipulation. As Rosalind
Picard notably argued, affective computing systems must be designed with a strong emphasis on
transparency, user control, and ethical safeguards [5].

1.3 Emotion models

1.3.1 Definition of emotion models

In order to predict an emotional state using supervised ML, it is first necessary to define the target labels
for classification models or the axes of measurement for regression models. This requires a formalized
model of emotion, which is a framework used to interpret, and quantify emotional states. Over the years,
psychologists have proposed several theories for the definition of emotion, for the number of emotions
that exist, and whether we can interpret emotions in discrete and separate states, or a more complex,
continuous way is required. They fall into two main categories: discrete, or categorical models, and
dimensional models [11 - 14].

1.3.2 Discrete models

In discrete or categorical emotion models, emotional states are represented using class tags. One of the
most influential models in this category is Paul Ekman’s six basics emotions model, namely happiness,
anger, sadness, fear, surprise and disgust [12]. These emotions are considered distinct, and each is linked
to a specific set of behaviors, facial expressions, and unique physiological signatures. Other researchers
expanded on this idea, and added more nuanced emotional states on the existing list, such as love,
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anticipation, or guilt. Robert Plutchik proposed a wheel emotion model, with categorical labels, but
accounting for polarity and similarity in their placement on the wheel [15].

Discrete models have the advantage that they are easy to understand, and fit particularly well in
classification tasks in ML, as they map directly to fixed output labels. However, they don’t account for
the nuances of emotions, they can’t quantify the strength of the emotion, they overlook the influence of
concept, culture and individual differences [13].

1.3.3 Dimensional models

Dimensional models, in contrast, aim to interpret emotions as points in a continuous space, rather than
as distinct categories. The most widely adopted dimensional framework is the Valence-Arousal model,
attributed to James Russell’s Circumplex Model of Affect [11]. In this model, Valence describes the
positivity or negativity of the emotional state, ranging from pure happiness to total displeasure, while
Arousal describes the intensity of the emotion, ranging from pure stimulation to complete dullness.
Albert Mehrabian proposed a model that introduces a third axis on this schema, called Dominance axis,
thus creating the PAD model [16]. The Dominance axis describes the control of the individual over the
emotion and vice-versa, ranging from total to complete lack of control.

Dimensional models are particularly useful for regression-based tasks, as they better capture the
gradations of emotional states. They suggest that any emotion can be described as a combination of
Valence and Arousal points. A particular advantage also lies in data collection, as it is easier for the
participants to provide ground truth responses in a schema-like manner, rather than having to choose
one label out of a set of distinct, widely variable ones. Their downside is the interpretability of the
results, especially in applications requiring classification [13].

This thesis uses the Valence-Arousal model, with responses given between a fixed space of negative
and positive integer values for each axis. These values are then encoded to labels, based on their position
on the schema.
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Figure 1.1: Valence-Arousal schema. Regions shown counter-clockwise: High Valence - High Arousal, Low
Valence - High Arousal, Low Valence - Low Arousal, High Valence - Low Arousal.

1.4 Modalities for Emotion Recognition

1.4.1 Overview of Modalities used for ER

With the term modality, we refer to a distinct type of data than can be used as input for a ML task. In
Emotion Recognition, several modalities can be used depending on the goal and restrictions, as each
one captures a different facet of emotional expression, or a combination of them [1]. Commonly used
modalities in ER include visual-based, which capture visual behavioral cues from facial movements and
body language, text-based, which extract affective value from written text, audio-based, which detect
affective states from changes in vocal tones in speech, and physiological-based, which consist of
physiological data derived from sensors, such as ECG, and use signal variations over a period of time
to detect an emotional state [14].

Visual emotion recognition primarily relies on facial expressions, body gestures, and eye movement.
The most common visual method is facial expression analysis, since certain emotional expressions are
universal, as suggested by Ekman and which led to the creation of the Facial Action Coding System
[17]. Facial expression analysis methods often fall into either the geometry-based, or the appearance-
based category. Limitations include noise, artifacts, insufficient lighting and obstructions [14].
Furthermore, these methods raise privacy-related concerns.

Audio-based emotion recognition analyses speech prosody, including pitch, tempo, and rhythm.
Emotional states modulate features like vocal fundamental frequency and speech rate, thus making them
detectable through signal processing and ML methods [18], [19]. Audio data is non-invasive, and occurs
naturally in a conversation, however it is prone to noise, it is language-dependent, and raise privacy
issues.



Literature Review

Text-based emotion recognition uses natural language processing, to infer emotion from word usage,
syntax choices, and semantics of language. One approach relies on the usage of lexicons, which contains
pre-defined affective word dictionaries, which map a certain word to an affective state [14], [20].
However, this method does not account for word placement in a sentence and overall context. More
sophisticated approaches include the utilization of DL models and advanced architectures, such as the
transformer, to extract contextual emotion cues [20]. Text-based methods are effective in digital
communication, but they lack the physiological or acoustic depth present in biosignals and speech.

Physiological signals reflect autonomic nervous system activity, making them suitable for objective
affect detection, particularly in contexts where verbal or facial cues are unreliable. They are commonly
referred as biosignals, since they are directly related with vital functions of the body [10]. Common
signals include:

e Electrodermal Activity (EDA): Measures changes in skin conductance due to sympathetic
nervous system activation. Associated with sweat gland activity, which correlates with
emotional Arousal and is frequently used in stress and affective state detection [10].

e Electrocardiography (ECG): Records the electrical activity of the heart via electrodes placed on
the skin. It allows measurement of heart rate and heart rate variability, both of which provide
information to emotional stress, cognitive load, and affective Valence [10], [21].

e Photoplethysmography (PPG): Uses varying light wavelengths to detect blood volume changes
in peripheral tissues through the skin, typically on the finger or the wrist [22]. It is less invasive
than ECG, easily integrated into wearables because of compact sensor size, and while slightly
less accurate, it effectively estimates heart rate and HRV [23]. PPG works by emitting light into
the skin and measuring the amount reflected back to the sensor or absorbed, which varies with
blood flow.

e Skin Temperature: Emotionally driven autonomic responses, such as vasoconstriction under
stress and vasodilation in calm settings, lead to measurable changes in peripheral skin
temperature, typically decreasing during negative Arousal states and increasing in positive ones
[71.

o Electroencephalography (EEG): Captures electrical brain activity through electrodes placed on
the scalp. EEG is used to link cognitive and emotional processes with specific patterns in
frequency bands of the brain, like alpha, beta, and theta [10], [21]. Though effective, it is
considered an invasive method, mainly due to the large number of electrodes required for data
acquisition and the difficulty associated with applying it and debugging it in non-laboratory
settings.

These modalities often require specialized equipment and careful calibration but offer insights that are
not possible with visual or audio data alone, mainly because they are objective, and less susceptible to
masking or deception [3].

This thesis uses Physiological Signals, namely PPG in three wavelengths, EDA, and a THERM signal.
Below, a more comprehensive review of these signals is conducted.

1.5 Physiological Signals in Emotion Recognition

1.5.1 Description of Physiological Signals

Physiological signals focus on the internal states of the human body and offer insights into the
functioning of the autonomic nervous system, which plays a critical role in emotional processing. Unlike
behavioral modalities like facial expressions and speech, physiological responses are involuntary and
less susceptible to conscious control, making them particularly valuable for emotion recognition tasks
where authenticity and consistency are essential.
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These signals provide deep computational value, because they are generated by complex physiological
processes, such as cardiovascular, electrodermal, and thermoregulatory activity, that are modulated by
affective stimuli. By capturing and analysing these biosignals, we aim to infer emotional states with
higher objectivity and reliability. Additionally, the use of physiological data, when combined with
machine learning models, enables real-time, continuous, and non-invasive assessment of affective states.

In this thesis, five such modalities were used for the Emotion Recognition task: photoplethysmography
in three wavelengths (PPG), electrodermal activity (EDA), and skin temperature (THERM). Each of
these signals offers a unique physiological perspective, reflecting sympathetic and/or parasympathetic
activity, and will be discussed in detail in the following sections.

1.5.2 Photoplethysmography (PPG)

Photoplethysmography (PPG) is an optical measurement technique used to capture blood volume
changes in the microvascular bed of tissue. It operates by emitting light, typically in the green, red and
infrared spectrum, into the skin and measuring the variations in light absorption or reflection caused by
pulsatile changes in blood flow [24].

These fluctuations correspond to cardiac cycles, making PPG a non-invasive proxy for heart activity.
Unlike electrocardiography, PPG does not require direct electrical contact and can be implemented with
compact wearable sensors, making it more practical for deployment in non-laboratory settings [23]. PPG
reflects both sympathetic and parasympathetic modulation of heart rate, which are known to vary with
emotional Arousal and stress.

The signal typically consists of its pulsatile (AC) and baseline (DC) components, and each pulse has a
form of a sharp peak, followed by the dicrotic notch [7], [23], [25]. From the PPG waveform, several
time-domain features can be extracted, such as heart rate, inter-beat intervals, and pulse rate variability,
which approximate heart rate variability, a key biomarker of autonomic activity [10], [26]. Frequency-
domain features can also be derived through the usage of filters or transforms to assess low-frequency
and high-frequency bands, associated with sympathetic and parasympathetic balance.

Preprocessing of PPG usually involves band-pass filtering (such as 0.5 - 5 Hz) to isolate the cardiac
component, followed by normalization techniques, and peak detection algorithms to identify systolic
peaks [26]. However, PPG is susceptible to motion artifacts, poor skin contact, and ambient light
interference, which necessitates robust filtering and signal quality assessment. Despite these limitations,
PPG remains a core signal in emotion recognition systems due to its practicality, physiological
relevance, and rich feature space.
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Figure 1.2: A PPG signal with detected peaks.

1.5.3 Electrodermal Activity (EDA)

Electrodermal Activity (EDA), also referred to as Galvanic Skin Response (GSR), reflects changes in
the electrical conductance of the skin, which is modulated by sweat gland activity under the control of
the sympathetic branch of the autonomic nervous system. As such, it serves as a direct and robust
physiological correlate of Arousal [7].

EDA is typically acquired using surface electrodes placed on areas with high sweat gland density, such
as the fingers or palms. The signal is composed of two components: the tonic component, or Skin
Conductance Level (SCL), which reflects slow, baseline-related changes, and the phasic component, or
Skin Conductance Response (SCR), which captures rapid, transient changes in conductance related to
spontaneous Arousal fluctuations. To effectively analyse EDA, the signal is often decomposed into its
tonic and phasic components, as these carry different types of information [27]. Decomposition
enhances the interpretability of the signal and allows for the extraction of more meaningful features such
as SCR amplitude, latency, and frequency, which are closely tied to emotional and cognitive states.

The EDA signal is commonly low-pass filtered, normalized to reduce inter-subject variability,
decomposed, and then subjected to feature extraction. Common features include statistical features, such
as mean and standard deviation, peak analysis for the phasic component, such as number and amplitude
of SCR, and signal derivatives [10], [27].

Despite its high sensitivity to Arousal-related emotional states, EDA is prone to motion artifacts and
environmental influences, and inter-subject variability remains a significant challenge [7]. Nonetheless,
its high temporal resolution and direct link to sympathetic activation make it a valuable signal in emotion
recognition tasks, especially when fused with complementary modalities.

10
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Figure 1.3: An EDA signal.
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Figure 1.5: The phasic component (SCR) of the signal, with the detected peaks.

1.5.4 Skin Temperature (THERM)

Skin Temperature is a slow-varying physiological signal that reflects thermoregulatory processes
governed by the autonomic nervous system, particularly via sympathetic vasoconstriction and
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vasodilation of peripheral blood vessels [10]. Emotional states, especially those linked to stress or
Arousal, can subtly influence skin temperature due to changes in blood flow. For instance, anxiety or
fear may lead to peripheral vasoconstriction, reducing skin temperature at extremities. In this work,
derived skin temperature features include simple statistical features, like mean and standard deviation,
and first derivatives to capture low-frequency trends. Regarding preprocessing, no filtering steps were
required, as the produced THERM signals were stable and did not suffer from motion artifacts or
disruption like PPG, making normalization the only processing method that was applied.

Although skin temperature alone does not offer strong temporal resolution and is affected by ambient
conditions, like room temperature or sensor placement, it can serve as a complementary modality in
multimodal emotion recognition when combined with higher-resolution signals like PPG or EDA.
Recent literature supports its inclusion in affective recognition [7], [10], and lists skin temperature
among the viable biosignals for emotion-related state inference, particularly in wearable systems.
However, due to its low reactivity, skin temperature is generally not used as a standalone predictor but
contributes valuable context during fusion in multimodal setups.
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Figure 1.6: A THERM signal.

1.5.5 Summary of Physiological Signals, Importance and Challenges

Physiological signals offer a robust and objective approach to emotion recognition, as they reflect
autonomic nervous system activity that often precedes or bypasses conscious control. Unlike facial
expressions, speech, or behavioral cues, which can be voluntarily masked, culturally biased, or
dependent on environmental context, physiological signals such as PPG, EDA, and skin temperature
provide continuous, real-time insights into internal affective states [2], [7], [10]. Modern physiological
sensors are typically small, wearable, and mostly non-invasive, enabling unobtrusive data acquisition
even in real-world settings. This makes them particularly valuable in applications requiring passive
monitoring, such as mental health assessment, stress detection, or adaptive human-computer interaction.

However, these signals also introduce significant challenges. These include low signal-to-noise ratios,
susceptibility to motion artifacts, inter-subject variability, skin properties, ambient temperature, and
electrode placement. Moreover, there are modality-specific limitations, since no single physiological
signal provides a complete representation of an individual’s emotional state. For example, PPG
primarily reflects cardiovascular reactivity, EDA is closely tied to sympathetic Arousal but lacks
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Valence specificity, and skin temperature reflects thermoregulatory processes that evolve over longer
time scales.

To mitigate these limitations and increase generalizability, researchers have increasingly turned to
multimodal fusion [1], [2], [7], [14], which leverages complementary information across signals to
enhance robustness, accuracy, and resilience against sensor-specific constraints, noise or signal dropout.
The following section addresses the rationale, techniques, and implementation strategies for
physiological signal fusion in the context of emotion recognition.

1.6 Multimodal Fusion

1.6.1 Introduction to Multimodal Fusion

Emotion recognition systems increasingly leverage multimodal data sources to improve their robustness,
generalizability, and accuracy. Traditional unimodal approaches, relying on a single source of input such
as facial expression, speech, or physiological signals, are often limited by noise, modality-specific
shortcomings, or situational constraints. For instance, facial recognition can be compromised by
occlusion or lighting, while speech-based systems may fail in noisy environments. These limitations
have led to the growing adoption of multimodal fusion, which integrates complementary information
from multiple channels, such as physiological signals, audio, video, or text, to create a more holistic and
resilient method for predicting affective states [2], [7], [14].

The central idea is that by combining different modalities, a system can compensate for the weaknesses
of individual signals while amplifying their strengths. This approach is especially relevant in affective
computing, where emotions manifest through diverse and complex physiological and behavioral
pathways. Importantly, this principle aligns with how humans naturally perceive and interpret emotions,
through an inherently multimodal process that integrates visual, auditory, and physiological cues [14].
Since human affect perception relies on the fusion of multiple sensory channels, multimodal systems
are not only more robust but also more biologically and cognitively suitable. Fusion techniques are thus
increasingly seen as essential for reliable emotion recognition, particularly in real-world applications
involving variability in users, contexts, and environments [28].

In recent years, advances in machine learning and deep learning have further propelled interest in
multimodal systems, enabling sophisticated architectures capable of learning cross-modal relationships
via feature engineering or feature learning and fusion methods. These developments have made
multimodal fusion not only feasible but also practical for domains such as healthcare, education, human-
computer interaction, and adaptive systems [14].

1.6.2 Definition and Motivations of Multimodal Fusion

Multimodal fusion refers to the integration of information from multiple heterogeneous data sources,
often referred as modalities, to improve the performance and robustness of ML systems, such as for
emotion recognition tasks. In affective computing, these modalities typically include physiological
signals, like PPG, EDA, skin temperature, visual inputs, like facial expressions, body language and
gesture recognition, audio, like vocal prosody in speech, and textual data. The aim is to combine these
complementary modes in a way that maximizes their informative value and minimizes individual
weaknesses, leading to more reliable and generalizable predictions of emotional states [7].

The motivation for multimodal fusion is both empirical and theoretical. From a theoretical standpoint,
emotional experiences are inherently multimodal, involving simultaneous changes in physiology,
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expression, and behavior. Relying on a single modality often results in incomplete or ambiguous
representations of affective states due to noise, occlusion, voluntary control, or modality-specific
limitations. For example, facial expressions may be masked or culturally modulated, while physiological
signals may be susceptible to noise or individual variability. Multimodal systems can cross-validate
affective information across modalities, increasing the reliability of emotion detection [14].

From a machine learning perspective, multimodal fusion enhances feature diversity and enables models
to learn richer, more abstract representations. It allows learning algorithms to detect associations
between modalities, which can lead to better generalization, especially in complex tasks or noisy
environments. Deep learning models, such as convolutional or recurrent neural networks, are
particularly well-suited for multimodal learning, as they can learn nonlinear relationships across diverse
feature sets. Moreover, fusion allows flexible adaptation to missing or degraded input channels, a
common scenario in real-world deployments [28]. This suggests that in the case of a sensor failure
during deployment, the system can continue functioning.

Multimodal fusion is also crucial for user-centric and context-aware affective systems, where robustness
across individuals and environmental conditions is necessary. Systems that integrate distinct
physiological signal modalities, for instance, are more resilient to voluntary masking of affect, while
also being more sensitive to subtle or internalized emotional states that may manifest in one
physiological channel but not others, thus accounting for inter-subject variability [5], [10].

Ultimately, multimodal fusion represents a biologically inspired and practically necessary strategy to
approach the complexity of human emotions in computational systems. Below, an overview of the
methods used for multimodal fusion is presented.

1.6.3 Fusion Levels

1.6.3.1 Introduction to Fusion Levels

Multimodal fusion strategies are commonly categorized based on the stage at which data integration
occurs within the processing pipeline. Commonly referred levels are early (feature-level) fusion, late
(decision-level) fusion, and hybrid fusion. They represent distinct approaches to combining information
from multiple modalities, each with its own advantages and limitations. Early fusion involves combining
engineered or learned features extracted from each modality into a unified representation before
classification, allowing the model to exploit complementary information while maintaining modality-
specific representations. Late fusion integrates the outputs of modality-specific classifiers trained
separately, offering robustness to missing or noisy modalities. Hybrid fusion strategies combine both
feature-level and decision-level methods, to leverage the advantages of both approaches. Understanding
these levels is essential for selecting a fusion strategy that aligns with the characteristics of the modalities
involved, the goals of the emotion recognition task, and the constraints of real-world deployment
scenarios.

1.6.3.2 Early Fusion

Feature-level fusion, commonly referred to as early fusion, involves the integration of multiple
modalities by concatenating or combining their extracted features into a single, unified feature set before
the learning phase. This approach enables the model to learn cross-modal relations directly, allowing
the network to capture subtle interactions between modalities such as photoplethysmography (PPG),
electrodermal activity (EDA), and skin temperature (THERM). These interactions can be especially
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informative in emotion recognition, where different physiological pathways may respond
complimentarily to affective stimuli.

Early fusion offers several advantages. By allowing the model to consider the full context of multimodal
information simultaneously, it becomes fitting for capturing subtle patterns that may only emerge
through the interaction of different physiological signals. This strategy has been shown to improve the
robustness and accuracy of emotion recognition systems, particularly when modalities provide
complementary information [2], [14]. This fusion method preserves intra-modality specificity while
enabling inter-modality integration. Such an approach is particularly suitable for deep learning models,
which benefit from having access to the full multimodal context during feature learning and
classification [29], [30], [31].

Nevertheless, early fusion also presents specific challenges. These include issues related to the different
nature of features for each modality, time synchronization, dimensionality mismatches, differences in
sampling rates, missing or noisy data, and the risk of overfitting due to the high dimensionality of
concatenated feature sets. These issues must be carefully addressed during preprocessing and model
design, such as architecture choices and hyperparameter values. Despite these drawbacks, early fusion
remains one of the most widely adopted strategies in affective computing due to its superior ability to
model shared representations across physiological signals [7], [14], [30].

In some works, data (signal-level) fusion is proposed as an additional category. Data fusion involves the
direct integration of raw or processed signals, typically through operations such as averaging time-series
data. While conceptually straightforward, this approach introduces significant practical challenges,
including mismatched sampling rates across modalities and distortion of the physiological
characteristics inherent to each signal type. Moreover, data fusion is inherently limited, as it cannot be
feasibly applied to modalities such as video and text [2].

In this thesis, early fusion was chosen for the implementation of multimodal fusion in the emotion
recognition task, both for the classical ML models, as well as the CNN-based approach.
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Figure 1.7: Early Fusion pipeline.
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1.6.3.3 Late Fusion

Late fusion, also known as decision-level fusion, refers to the integration of predictions from multiple
unimodal models, each independently trained on a distinct modality. In this approach, the outputs,
typically class probabilities or confidence scores from each modality-specific classifier are combined
using rule-based strategies, like majority voting and weighted averaging, or by training a meta-classifier
model that uses the modality-specific predictions as inputs to make a final judgment. Unlike early fusion,
where features are fused before learning, late fusion enables each modality to be modeled independently,
allowing for modality-specific architectures and preprocessing techniques to be optimized without
cross-modality constraints.

One of the main advantages of late fusion lies in its modularity and robustness to missing data. If one
modality is unavailable or corrupted at test time, the system can still rely on other available modalities.
Additionally, decision-level fusion reduces the risk of cross-modal interference that can occur in early
fusion, such as noise from a particular sensor, or when signal characteristics differ greatly in temporal
or spatial resolution. However, it also comes with limitations. Since the integration occurs after the
individual learning stages, the model cannot learn shared representations or exploit complementary low-
level features across modalities. This often results in suboptimal synergy, particularly when the
emotional expression is subtle and distributed across multiple physiological channels.

In emotion recognition systems, late fusion may be preferable when modalities are highly
heterogeneous, such as when combining physiological, visual, and audio data, when dataset
completeness varies, or when flexibility, modular testing and interpretability are more important than
maximal performance [2], [14], [28], [29], [30], [31].
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Figure 1.8: Late Fusion pipeline.

1.6.3.4 Hybrid Fusion

Hybrid fusion strategies combine elements of both early and late fusion, aiming to exploit their
respective advantages while mitigating their limitations. For example, certain modalities may be fused
at the feature level to capture joint representations, while others are integrated later at the decision level
to preserve modality-specific insights or maintain robustness to missing data. This layered approach
allows for greater flexibility in handling multimodal heterogeneity, and can be tailored to the nature of
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each modality and its contribution to the affective state. While potentially more powerful, hybrid fusion
typically involves increased system complexity and requires careful architectural design to ensure
effective integration [14], [29], [30].

1.6.4 Summary of Multimodal Fusion

In summary, multimodal fusion is a cornerstone of modern affective computing, enabling systems to
capture the multifaceted nature of emotional expression across diverse input channels. By integrating
information at various levels, from raw signals to final decisions, fusion strategies enhance robustness,
sensitivity, and adaptability to real-world variability. These benefits, however, are only fully acquired
when paired with machine learning models, capable of capturing complex, nonlinear relationships
across modalities. The following section outlines how such models are employed in the context of
emotion recognition.

1.7 Machine Learning for Emotion Recognition

1.7.1 Introduction to Machine Learning for ER

Machine learning has become an essential component of emotion recognition systems, enabling the
transformation of raw signals into meaningful predictions of emotional states. This process is
particularly challenging due to the complex, nonlinear, and often subtle relationships between
physiological or behavioral data and the emotional states they depict. In classical approaches, models
such as Support Vector Machines (SVM), Random Forests (RF), and k-Nearest Neighbors (KNN) rely
on handcrafted features, such as statistical and frequency-based features extracted from physiological
signals, to perform classification or regression tasks [32], [33]. These models tend to work effectively
with smaller datasets, but their performance is limited by the quality of feature engineering and their
inability to capture complex, nonlinear dependencies.

With the rise of deep learning, architectures like Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNs), and Transformer models, have become prominent. Such models perform
feature learning by automatically extracting temporal patterns from raw or minimally preprocessed data,
that may not be captured through manual feature engineering. CNNs are particularly adept at capturing
local spatial or temporal structures, RNNs excel at modeling sequential dependencies, and Transformers
leverage attention mechanisms to capture both local and global contextual relationships [32 - 35]. Their
ability to achieve end-to-end learning makes them especially powerful for large, multimodal datasets,
and complex classification tasks.

However, deep learning models often require significant amounts of labeled data and have higher
computational demands. A growing trend in emotion recognition tasks is the application of deep learning
techniques in order to overcome the limitations posed by scarce labeled data, particularly in
physiological modalities, such as transfer learning [36]. Deep architectures can automatically learn
discriminative and abstract representations from raw sensor inputs, making them well-suited for
wearable physiological data that are complex, noisy, and temporally structured. As a result, deep
learning has emerged as a powerful tool in building robust, scalable ER systems capable of capturing
subtle affective cues across individuals and contexts.

17



Literature Review

1.7.2 Classical Machine Learning Models

1.7.2.1 Overview of Classical ML for ER

Classical machine learning models have been extensively employed in emotion recognition tasks,
particularly when working with physiological signals. These approaches rely heavily on the use of
handcrafted features derived from domain knowledge in physiology and medicine. Features such as
heart rate variability, skin conductance level, temperature gradients, and frequency-domain
characteristics are often selected for their established clinical relevance and interpretability. However,
the extraction of such features requires careful signal preprocessing, including filtering, detrending,
normalization, and artifact removal, to ensure that they accurately reflect underlying physiological
Processes.

Preprocessing is therefore a critical step, as improperly treated signals can result in misleading feature
values, ultimately degrading model performance. Given the need for clearly defined and well-
understood input data, classical models such as Support Vector Machines, Random Forests, and k-
Nearest Neighbors remain popular choices [33]. These algorithms are capable of handling relatively
small datasets and offer strong performance when the input features are appropriately engineered and
noise is minimized. Nonetheless, their reliance on manual feature design can limit both scalability and
performance across users and contexts, as handcrafted features often fail to capture the deeper, more
nuanced patterns that can only be learned directly by the model.

In addition to exploring deep learning-based feature learning approaches, this work also incorporates
manually engineered features rooted in physiological domain knowledge. Initially, physiological signals
were preprocessed, through filtering and normalization. Subsequently, physiological features were
extracted from the processed signals and were used to train classical machine learning models such as
SVM, Random Forest, and KNN. This dual approach allows for a comparative evaluation of traditional
handcrafted pipelines against model-derived features, providing insights into their respective strengths
in physiological emotion recognition tasks.

1.7.2.2 Support Vector Machines

Support Vector Machines are widely used in emotion recognition due to their robustness in handling
small datasets with moderately high-dimensional feature spaces, conditions commonly encountered in
physiological data. SVMSs aim to find an optimal hyperplane that maximizes the margin between data
classes, and their flexibility stems from the use of kernel functions, such as polynomial, which enable
non-linear separation in transformed feature spaces [37].

In ER, SVMs have shown reliable performance for both binary and multiclass classification tasks,
particularly for Valence-Arousal recognition, where emotional states are mapped onto a two-
dimensional space. They are especially effective when paired with well-engineered features derived
from various physiological signals [32].

1.7.2.3 Random Forest

Random Forest, a classical ML model based on multiple decision trees, is known for its interpretability,
robustness to noise and outliers, and relatively low risk of overfitting. It works by training multiple
decision trees on bootstrapped subsets of data and features, and aggregating their outputs, typically via
majority voting for classification [33].
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In ER, RF have been particularly effective in stress detection, as it can handle complex feature
interactions without requiring heavy preprocessing or strict assumptions about data distributions. Their
interpretability also makes them attractive in domains where feature importance is a critical concern,
such as in medical-grade affective assessments [10], [32], [33].

1.7.24 K-Nearest Neighbors

KNN is a lazy learning algorithm that assigns class labels based on the majority vote among the k closest
data points in feature space, using a chosen distance metric, commonly Euclidean distance. Its simplicity
makes it appealing for baseline comparisons or low-resource systems, and it doesn’t require an explicit
training phase.

However, it can be computationally expensive at inference time, since it the entire dataset must be
retained, and is sensitive to the choice of distance metric and feature scaling, which is especially crucial
in physiological signals with different units and dynamics.

In ER, KNN is often used as a benchmark to compare the performance of more sophisticated classifiers
[14], [37].

1.7.3 Deep Learning Models

1.7.3.1 Overview of Deep Learning for ER

Deep learning has become a powerful framework in emotion recognition, particularly for handling
complex, high-dimensional, and heterogeneous data like physiological signals. Unlike classical models
that depend on handcrafted features, deep neural networks can perform feature learning during the
training phase, uncovering intricate patterns and non-linear relationships directly from raw data, that
may not be prominent with manual feature extraction.

This is especially advantageous in ER, where emotional states are often encoded in subtle and distributed
temporal patterns across various modalities. Architectures such as Convolutional Neural Networks,
Recurrent Neural Networks, and Transformers, have demonstrated superior performance in various ER
tasks across modalities, from physiological signals, to speech, video, and text [32 - 35].

These models are particularly well-suited to wearable and applications taking advantage of
physiological signals, where the data are sequential and often noisy, but rich in affective cues. As such,
deep learning continues to enable increasingly robust and scalable emotion recognition systems by
bypassing the limitations of manual feature engineering and adapting flexibly to diverse user contexts
and signal types.

1.7.3.2 CNN

Convolutional Neural Networks are a class of deep learning models originally developed for visual data
processing, but they have since found widespread use across a variety of domains, including speech,
text, and physiological signal analysis. Their fundamental building block, the convolutional layer,
applies a set of learnable filters (or mask) across the input data to detect local patterns. This local
connectivity allows CNNs to automatically extract hierarchical features, capturing low-level patterns
like frequency fluctuations or local trends in earlier layers, and more abstract representations, like
combinations of signal events and trends, in deeper layers [38], [39], [40].

CNNs are particularly well-suited for emotion recognition tasks due to their ability to model spatial or
temporal correlations in structured input data. In the context of physiological signals, local patterns such
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as sudden changes in heart rate, increases in skin conductance, or variations in temperature can carry
affective significance. By leveraging weight sharing, which means that the same filter is applied across
the entire input, CNNSs generalize these local patterns regardless of their position in the signal, which is
crucial when signal alignment varies between individuals or sessions. Furthermore, CNNs are
computationally efficient due to this weight sharing and localized computation compared to fully-
connected layers, making them attractive for real-time or wearable implementations [38].

1.7.3.3 1D-CNN

While 2D-CNNs are conventionally used for image data, 1D-CNNs are particularly effective for
temporal signals like those acquired from wearable physiological sensors. Ina 1D-CNN, the convolution
operation is performed across a single temporal dimension, enabling the model to learn sequential
dependencies and localized temporal features directly from time-series data such as electrodermal
activity, photoplethysmography, or skin temperature [39 - 41].

A key strength of 1D-CNNs lies in their ability to capture temporal structures, such as peaks, notches,
trends, and rhythms, that are often indicative of emotional responses. Unlike classical feature
engineering methods that require domain expertise to define relevant features, 1D-CNNs learn
discriminative patterns from the data itself during the training process. This removes the need for manual
feature selection and allows the model to discover subtle, complex characteristics that may otherwise
go unnoticed.

Moreover, the weight-sharing property of convolution ensures that a learned feature, such as a stress-
related spike in EDA, can be recognized regardless of its position within the signal segment. This makes
1D-CNNs both powerful and robust for processing physiological data, which often exhibit inter-subject
and intra-subject variability in temporal dynamics and signal morphology.

These advantages make 1D-CNNs a compelling choice for emotion recognition pipelines using raw or
lightly preprocessed physiological signals, especially when real-time performance and adaptability are
required, such as in wearable applications.

For these reasons, this thesis adopts a multimodal fusion approach based on 1D-CNNs.

1.7.3.4 RNN

Recurrent Neural Networks are another deep learning architecture commonly applied to emotion
recognition, particularly in tasks involving sequential data. Unlike feedforward models, RNNs are
designed to capture temporal dependencies by maintaining a form of memory across time steps, making
them suitable for analysing time-series signals such as physiological data, speech, or video frames [38].
Their ability to model the dynamic evolution of emotional responses has made them popular in affective
computing, especially for detecting changes in emotional state over time [32], [33], [39], [41]. Variants
such as Long Short-Term Memory have been especially effective due to their capacity to handle longer
temporal dependencies and mitigate issues like vanishing gradients [38]. While not the focus of this
work, RNNs represent an important class of models for understanding how emotions unfold across time
and have contributed significantly to advancing emotion recognition tasks.

1.7.3.5 Transformer

Transformers have emerged as powerful architectures for emotion recognition, particularly in
multimodal contexts. Unlike sequential models like RNNs, Transformers rely on self-attention
mechanisms that allow the model to weigh the importance of different parts of the input sequence,
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regardless of their position. This makes them especially effective at capturing complex dependencies
across time and modalities. In multimodal emotion recognition, attention mechanisms enable the model
to dynamically focus on the most informative aspects of each modality, whether physiological, visual,
or auditory, at every time step [30], [42]. This selective integration enhances interpretability and
robustness, particularly in scenarios where the contribution of each modality may fluctuate due to
contextual or sensor-related variability. While computationally intensive, Transformer-based models
represent a growing direction in affective computing research.

1.7.4 Feature Engineering vs. Feature Learning

A fundamental distinction in machine learning pipelines, as well as in emotion recognition, lies in how
input features are obtained from raw data. The two common approaches are feature engineering and
feature learning.

Feature engineering refers to the manual extraction of features based on prior knowledge and domain
expertise [43]. In the context of physiological signals, this typically involves deriving statistical,
temporal, and frequency-domain features such as heart rate variability, skin conductance level or mean
signal amplitude. These features are designed to reflect known physiological responses to emotional
states, often grounded in biomedical literature and clinical practice. The effectiveness of classical
machine learning algorithms such as SVM, RF, or KNN is heavily dependent on the quality of these
engineered features. However, this approach requires extensive preprocessing, such as filtering,
segmentation, artifact removal, and often fails to generalize across subjects and contexts due to inter-
subject variability and hidden dependencies.

Feature learning, on the other hand, is a core strength of deep learning models. Rather than relying on
manually handcrafted inputs, models such as CNNs or RNNSs learn hierarchical feature representations
directly from raw or minimally processed data during training [43]. This allows them to capture
complex, nonlinear, and high-level abstractions that may be imperceptible or challenging to define
through manual engineering. For physiological signals, this could mean learning intricate waveform
patterns or subtle changes in dynamics over time that correlate with emotional states. Deep learning
models can therefore scale more effectively to large datasets and adapt more robustly to varying input
conditions.

Nonetheless, feature learning also comes with challenges. It requires significant amounts of labeled data,
careful architectural choices, and greater computational resources. Moreover, interpretability is often
lower compared to manually engineered features, which can be a drawback in applications like
healthcare or psychology, where explainability and understanding the physiological basis of emotion
are crucial.

In practice, many systems combine both strategies, using domain-informed preprocessing and
handcrafted features alongside learned representations. This approach can balance interpretability with
modeling power, offering better performance and flexibility.

While a direct comparison between feature engineering and feature learning would require their
evaluation within the same model architecture, this thesis presents both approaches through separate
pipelines, classical machine learning with handcrafted features and deep learning with feature learning,
thereby offering an indirect yet informative perspective on their respective advantages in emotion
recognition tasks.
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1.7.5 Summary of ML models in ER

Classical and deep learning approaches each offer distinct advantages for emotion recognition, with
classical models excelling in low-data scenarios and deep learning models better suited for complex,
high-dimensional data. The choice of model should align with the nature and volume of available data,
as well as the modalities involved. Ultimately, machine learning forms the computational backbone of
modern emotion recognition systems, enabling multimodal fusion, generalization across users, and real-
time inference.

1.8 Challenges

1.8.1 Inter-Subject and Intra-Subject Variability

One of the most common challenges in emotion recognition is the variability in how emotional states
are physiologically expressed, both between individuals (inter-subject) and within the same individual
over time (intra-subject). These differences complicate model generalization and reduce the ability to
transfer learned features across users or sessions.

Inter-subject variability arises from differences in baseline physiology, emotional expression tendencies,
age, sex, health conditions, and even cultural factors. For instance, a specific heart rate pattern may
correspond to heightened Arousal in one person, but not in another. Intra-subject variability, on the other
hand, includes temporal fluctuations in physiological responses due to fatigue, hydration, stress,
circadian rhythms, or even sensor placement. This leads to inconsistency in how the same emotional
state manifests across time for the same individual [5], [10].

Moreover, the subjective nature of emotion ground-truth labeling further worsens these issues. The same
physiological signature might be labelled differently by different individuals, or even by the same
individual under different contexts. This makes the training of generalized emotion recognition models
especially difficult, pushing the field toward personalization techniques or larger, more diverse training
datasets [5], [10].

In multimodal setups, variability also affects how each modality contributes to the overall prediction.
Some individuals may express affect more strongly through speech, others through physiology, further
highlighting the importance of flexible fusion strategies that can adapt to user-specific expression
patterns.

1.8.2 Signal Quality and Sensor Limitations

Physiological signals, such as PPG, EDA, and skin temperature, offer unique insight into autonomic
emotional responses, but their effectiveness heavily depends on signal quality. These signals are highly
susceptible to motion artifacts, environmental noise, and sensor placement inconsistencies [10], [21],
[26]. For example, PPG signals can become unreadable during hand movements, while EDA
measurements are influenced by skin hydration, ambient temperature, or electrode pressure. Even small
deviations in sensor alignment or contact pressure can produce significant variations in signal amplitude
and morphology.

Wearable devices, while enabling real-world deployment and passive emotion monitoring, often
sacrifice precision compared to laboratory-grade equipment. This trade-off introduces variability in
signal integrity across devices, users, and contexts. Moreover, the limited sampling rates and resolution
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of many consumer-grade sensors can constrain the extraction of subtle temporal or frequency-domain
features essential for emotion recognition.

Preprocessing steps, such as filtering, detrending, or artifact correction, are thus essential to recover
meaningful information from noisy inputs [23]. However, these steps can be difficult to integrate,
particularly in real-time applications, and may unintentionally distort genuine physiological patterns if
poorly tuned.

Collectively, these limitations challenge both classical and deep learning models, as the quality of input
signals directly affects feature extraction and, as a result, model performance. These issues also reinforce
the need for robust sensor calibration and fusion strategies that account for signal quality in multimodal
systems.

1.8.3 Data Scarcity and Label Ambiguity

One of the most persistent challenges in emotion recognition is the limited availability of high-quality,
labeled datasets, particularly for physiological signals. Emotion data acquisition is inherently resource-
intensive, often requiring controlled setups, ethical approvals, and specialized hardware. This limits both
the scale and diversity of datasets available for training machine learning models.

Moreover, emotions are highly subjective experiences, which makes labeling inherently ambiguous.
Ground-truth labels are typically derived from self-reports, a method that often introduces noise. Self-
reports may suffer from recall bias, emotional suppression, or social desirability effects [3].

Additionally, the emotional labels are often discrete, covering only extreme affective states, such as
anger, fear, happiness, which limits the model’s ability to learn complex, and nuanced or blended
emotions like love, mild frustration or nostalgia. Thus, label sparsity and ambiguity can significantly
degrade model performance, especially when trying to map complex physiological patterns to single
emotion tags [2], [3].

The imbalanced distribution of resulting emotional classes further complicates model training. This can
bias classifiers toward dominant classes and suppress sensitivity to less frequent but equally important
emotions.

Together, these limitations make it difficult to train deep learning models effectively, which require lots
of data by nature. Addressing these issues also require deeper understanding of human emotion from a
neuroscientific and psychological perspective [3], [4]. In parallel, advances in wearable sensors may
help capture more diverse, realistic, and high-resolution emotional responses, ultimately reducing
ambiguity and improving generalizability.

1.8.4 Real-Time and Resource Constraints

Implementing emotion recognition in real-time systems, such as wearable devices or in HCI, imposes
strict constraints on latency, computational load, memory usage, and energy efficiency. Deep learning
models, while powerful, often involve significant inference expense, making them less suitable for
deployment on edge devices without optimization [32]. Moreover, real-time applications require
streaming data processing, where signals must be correctly segmented to match model input sizes and
analysed incrementally with minimal delay, often under conditions of incomplete or noisy data.
Achieving these demands lightweight architectures, efficient preprocessing pipelines, and potentially
model compression techniques. The trade-off between model complexity and responsiveness remains a
central design consideration for real-world affective computing systems.
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1.8.5 Ethical and Privacy Considerations

Emotion recognition systems in general raise important ethical and privacy concerns. Emotions are
inherently personal and sensitive, and the act of monitoring them, especially through involuntary or
unconscious responses, can feel intrusive to users [3], [5]. Issues include informed consent, data
ownership, potential misuse of affective data in surveillance or manipulation, and the risk of emotional
profiling. These concerns are amplified in real-time applications, such as wearables or smart
environments, where continuous monitoring may occur without explicit user awareness. As such, ethical
design, transparency, and strict data governance are essential for the responsible deployment of ER
technologies.

1.8.6 Multimodal Integration Challenges

While multimodal fusion enhances robustness and accuracy in emotion recognition, it introduces unique
challenges. Integrating diverse data streams, each with different sampling rates, noise artifacts, and
temporal alignments, requires precise synchronization and preprocessing strategies. Time alignment is
particularly difficult when modalities exhibit asynchronous responses to emotional stimuli, such as
delayed physiological reactions relative to facial expressions or speech. Moreover, real-world systems
must account for missing or corrupted modalities at runtime, requiring dynamic fusion methods that can
adaptively reweight or compensate for unavailable data without degrading performance [28].
Additionally, designing systems that generalize across users and contexts becomes more complex as
modality combinations grow. Finally, computational cost increases with the number of inputs, posing
practical constraints for real-time and embedded applications. These factors make multimodal
integration both a powerful asset and a significant engineering puzzle.

1.9 Summary of Literature Review

This literature review has examined the theoretical foundations and current practices in emotion
recognition, emphasizing the value of physiological signals and multimodal fusion. Emotions are
complex, multifaceted phenomena that manifest across behavioral, physiological, and expressive
domains. While many approaches rely on observable cues such as facial expressions or speech, these
can be consciously masked or biased by context. In contrast, physiological signals, such as
photoplethysmography (PPG), electrodermal activity (EDA), and skin temperature, are closely tied to
the autonomic nervous system and thus offer a more objective, unconscious window into affective states.
Their continuous, low-latency nature makes them particularly well-suited for wearable and real-time
applications.

Moreover, given that humans perceive and interpret emotions multimodally, fusing information across
modalities is a natural and necessary step toward reliable and generalizable ER systems. The integration
of physiological signals, in particular, holds great promise due to their complementarity and minimal
invasiveness. Despite the challenges posed by variability, signal quality, and synchronization,
multimodal fusion has the potential to compensate for the limitations of unimodal approaches and
enhance robustness in dynamic environments. The central hypothesis of this thesis is that a well-
designed fusion architecture built on physiological modalities will outperform unimodal baselines,
offering both accuracy and practical viability for emotion-aware systems.
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Chapter 2: Methodology

2.1 Introduction to Methodology

This chapter puts emphasis on the methodological framework that was applied to evaluate and compare
different machine learning approaches for emotion recognition using physiological data. The primary
goal is to design and evaluate a multimodal emotion recognition system, and investigate whether
multimodal integration of signals, specifically through feature-level fusion, enhances classification
performance over unimodal approaches, and to assess the benefits of classical machine learning versus
deep learning models in this context. Furthermore, this approach utilized physiological signals, which
are objective, non-invasive, and suitable for real-time systems, particularly when coupled with
multimodal fusion that may improve performance.

The methods that were used fall into one of these broad categories: signal preprocessing, feature
extraction and engineering, label encoding, temporal and dimensionality coherence checks, model
architectural design and hyperparameter tuning, training, evaluation and comparison. Each stage is
carefully designed to respect the physiological characteristics of each modality, while maximizing the
capacity of the resulting models.
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Figure 2.1: A schematic diagram of the full pipeline.

The dataset used in this work was kindly provided to the author by CERTH and included synchronized
recordings of five physiological modalities: photoplethysmography in three wavelengths (PPG Green,
PPG Infrared, PPG Red), electrodermal activity (EDA), and skin temperature. Along with the data, the
ground truth responses of Valence and Arousal from the conducted data acquisition experiment were
provided. Each modality underwent preprocessing tailored to its signal characteristics, including EDA
decomposition, and noise filtering, in order to produce clean inputs for feature engineering and learning.
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Signal normalization in particular was conducted in a per-modality, per-subject manner, an approach
that had the goal to mitigate inter-subject variability.

The raw response values of Valence and Arousal were encoded into six discrete classes, derived from
their distribution within the Valence-Arousal space. In addition to the four primary quadrants typically
used in dimensional emotion models, two intermediate classes were included to capture samples that
exhibited pronounced activation in only one dimension. The data was split into training and test sets
using a stratified strategy, ensuring balanced class distributions across training and test sets. The same
data splits were preserved across all modeling approaches to allow for direct and fair comparison, using
seeds.

Besides the unimodal ML baseline for reference, two fusion modeling strategies were implemented. The
first involved classical machine learning algorithms trained on manually extracted and engineered
features from each modality. Feature extraction was modality-specific and based on established
physiological markers such as heart rate variability, skin conductance level, and temperature derivatives.
An early fusion (concatenation) strategy was used to combine the features from all five modalities into
a single input set for classification. This early integration was preferred over decision-level fusion, as it
enables the model to learn cross-modality interactions that may contribute to more nuanced emotion
representations.

The second strategy employed a 1D-CNN-based model trained end-to-end on the preprocessed signals.
This deep learning approach allowed the model to learn temporal features directly from raw data,
reducing dependence on manual feature engineering while leveraging the generalization power of
convolutional operations.

Three model types were evaluated:

e Unimodal models trained separately for each physiological signal,
o Feature-level multimodal models using classical algorithms and handcrafted features,
e A deep learning end-to-end multimodal model.

Model performance was assessed using accuracy as the primary metric, chosen for its balanced
reflection of classification success in an emotion classification task. Accuracy is defined as the ratio of
correctly predicted samples to the total number of predictions. To ensure robustness and reproducibility,
all models were evaluated and averaged across five randomly selected seeds (7, 11, 21, 35, 42). These
seeds controlled all sources of randomness, including data splits and model initialization, and were
generated independently from the implementation code. Due to the computational demands of training
deep learning models, and because different seeds ensured different splits, cross-validation was
substituted with seed-based repeated runs, and this methodology was applied uniformly to classical
models for consistency and fair comparison. Finally, among the five seeded splits, the best-performing
seed was selected based on performance, and the model was subsequently trained twice using the
original 7-class labels, once for Valence and once for Arousal classification.

Correct predictions
Accuracy = 2.1
Y Total predictions ( )

2.2 Dataset

The dataset used in this thesis was provided by the Centre for Research and Technology Hellas (CERTH)
and originates from an emotion recognition experiment designed to record physiological responses
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corresponding to distinct emotional states. It contains multimodal biosignal data acquired using a single
wearable device, the EmotiBit [44], which integrates multiple sensors into a compact, non-invasive form
factor. The use of a wearable system rather than laboratory-grade equipment aligns with the broader aim
of developing real-time, real-world emotion recognition systems.

The recorded physiological modalities include:

o Photoplethysmography (PPG) in three wavelengths (green, infrared, and red), sampled at 25
Hz,

e Electrodermal Activity (EDA) at 15 Hz,

e Skin Temperature at 7.5 Hz.

In total, 25 subjects participated in the experiment. Each participant was exposed to the same set of 16
videos, presented in a fixed sequence. These audiovisual stimuli were curated to evoke a broad range of
emotional states, each lasting approximately 2 - 3 minutes. Following each video, participants reported
their perceived emotional state using two self-assessment scores: Valence and Arousal. Both were rated
as integers on a discrete [-3, 3] scale, resulting in seven possible values per axis.

These values were later discretized into six classes, based on their position in the Valence-Arousal
dimensional model. The classification scheme preserved the four quadrants typically defined in affective
computing research, while also accommodating additional classes for responses lying along the axes
(namely, “pure Valence” or “pure Arousal”), to account for the occurrence of responses with neutral
intensity on one axis but expression on the other. This expanded label set better reflects the subjectivity
and continuous nature of emotional experiences, while maintaining interpretability for classification
tasks.

Each participant’s data was stored in an individual JSON file. The structure followed a nested format:
each file contained a list of 16 entries, corresponding to the video stimuli. For each video, a set of sensor
readings was provided per modality (PPG Green, PPG IR, PPG Red, EDA, and temperature), each
accompanied by its own timestamp list. This hierarchical structure required parsing and reorganization
to align modalities temporally and associate them with the corresponding ground-truth labels during
preprocessing.

The dataset is fully anonymized. While the data acquisition was not performed by the author of this
thesis, it is understood that ethical considerations, including participant consent and privacy protection,
were addressed by the original investigators.

2.3 Signal Processing

2.3.1 General Pipeline

The preprocessing pipeline was designed with a strict quality control mindset, prioritizing signal
reliability over data quantity. Given the relatively small dataset size, no attempts were made to impute
or repair corrupted signals. Instead, entire segments or recordings were discarded when quality criteria
were not met. This ensured that the data retained for further analysis reflected high-confidence
physiological responses, ultimately strengthening the validity of the classification results. This principle
guided both preprocessing and feature extraction decisions.

Data was loaded in a nested loop structure, first iterating over subjects, then over each of the 16 video
stimuli per subject. The pipeline applied the following steps for each recording:
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2.3.1.1 Empty Segment Check

Videos with no recorded data were immediately excluded. This was necessary, as some files were
partially corrupted due to device malfunction or dropout during recording.

2.3.1.2 Flattening and Timestamp Handling

For each signal within a video, measurements were flattened from nested JSON structures. It was
frequently observed that the number of signal samples exceeded the number of timestamps, commonly
at a ratio of about 3:1. This mismatch suggested two possible explanations:

e The sensor may have buffered multiple readings under a single timestamp.
e Timestamps were missing or dropped, likely due to hardware limitations.

Two strategies were tested: Averaging repeated values per timestamp, and interpolating missing
timestamps using linear interpolation.

The former yielded an effective sampling rate of ~8 Hz, significantly below the documented rate for the
device. In contrast, linear interpolation restored the sampling rate to approximately 25 Hz for PPG
signals, aligning with EmotiBit's specifications [45]. Based on this evidence, interpolation of timestamps
was adopted as the correct reconstruction method.

2.3.1.3 Sampling Rate Verification

After interpolation, the actual sampling rate was calculated and compared against expected values,
which were 25 Hz for PPG, 15 Hz for EDA, and 7.5 Hz for temperature. Segments with deviations
exceeding 10% of the expected rate were flagged as irregular and discarded.

2.3.1.4 Edge Trimming

To avoid potential artifacts at signal boundaries, the first and last 5 seconds of each recording were
removed. This accounted for both physiological latencies, such as delayed sympathetic response, and
practical transitions, such as video onset and user attention shifts.

2.3.2 PPG Processing

PPG data were collected across three optical channels, in green, infrared, and red wavelengths, each of
which underwent identical preprocessing. The preprocessing pipeline for PPG signals was designed to
restore signal orientation, remove noise, and eliminate baseline wander, ensuring high-quality inputs for
further analysis.

2.3.2.1 Signal Orientation Correction

Raw PPG signals, as exported from the recording device, were inverted along the y-axis, showing
troughs instead of peaks. This inversion was corrected by multiplying the signal by -1.
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Figure 2.2: A raw PPG signal that is flipped on the y-axis.

2.3.2.2 Bandpass Filtering

A third-order Butterworth bandpass filter was applied to isolate the frequency range containing
physiologically relevant cardiovascular features. The selected cutoff frequencies were 0.7 Hz for the
low cut, and 4.6 Hz for the high cut.

These values were determined based on two criteria;

o Empirical analysis using Welch power spectral density (PSD) plots [46] across multiple signals,
which consistently showed cardiac activity and harmonic content within this range.

e Consistency with literature, which typically reports useful PPG frequency content between 0.5
Hz and 3.5-5 Hz for pulse wave analysis and related metrics[25], [26], [47 - 52].

The slightly conservative upper limit of 4.6 Hz was retained to avoid eliminating potentially informative
harmonics.

Power Spectrum of the PPG Signal
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Figure 2.3: A PSD plot using Welch’s method.
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2.3.2.3 Baseline Wander and Trend Detection

To confirm the effectiveness of the filter in removing baseline drift, two mathematical checks were
implemented:

o Linear Trend Detection: The slope of a linear regression (using SciPy [53]) was computed across
the signal. Slopes smaller than 0.001 were considered effectively trend-free.

o Baseline Wander Detection: A 5-second moving average was applied to capture slow oscillatory
components. The standard deviation of this baseline was then compared to the standard

deviation of the original signal. A ratio greater than 0.1 was taken as an indication of significant
low-frequency wander.

Both thresholds were empirically selected and consistently indicated that the applied bandpass filter was
sufficient for removing unwanted drift. Visual inspection supported these findings across multiple
subjects and signals.
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Figure 2.4: Unfiltered PPG signal.
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Figure 2.5: Filtered PPG signal.

2.3.2.4 Modality-Specific Note

These baseline correction tests were conducted only on PPG, as this modality is particularly susceptible
to respiration-induced drift and motion artifacts [26], [47], [48], [50], [51], [54], [55].
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EDA signals, by contrast, have baseline shifts, commonly called Skin Conductance Level, that are
physiologically meaningful and must not be removed as artifacts [7], [10], [27], [56].

Skin temperature signals showed no measurable baseline trends or noise artifacts, and were not subjected
to detrending procedures.

2.3.3 EDA Processing

2.3.3.1 Low-Pass Filtering

Electrodermal activity signals were processed with the aim of removing high-frequency noise and
decomposing the signal into its meaningful components. A third-order low-pass Butterworth filter with
a cutoff frequency of 1 Hz was applied to denoise the raw EDA signal. This value was chosen based on
both physiological literature [57] and empirical verification, as it preserves the slow dynamics of skin
conductance while attenuating sensor noise and movement artifacts.

2.3.3.2 Signal Dropout Handling

EDA was found to be particularly susceptible to signal dropouts, likely due to its dependency on
continuous and stable skin contact. Visual and statistical inspection revealed that some EDA segments
were nearly flat, often with extreme constant values. These manifested as either abnormally high
conductance levels, suggestive of excessive skin moisture, such as wet hands, or near-zero conductance,
indicative of poor or lost contact between sensor and skin. Such flat or saturated segments were deemed
unreliable and were systematically discarded, along with the corresponding segments from all other
modalities for that video trial, to maintain multimodal consistency.

2.3.3.3 Decomposition

After filtering, normalization, and quality control, the EDA signal was subjected to physiological
decomposition into tonic (SCL) and phasic (SCR) components. Tonic activity was extracted using
another low-pass Butterworth filter, again of third order, with a cutoff frequency of 0.05 Hz. This value
was selected empirically to isolate the slow-varying baseline, and is slightly more conservative than
values found in literature [27] to better suppress slow phasic contamination. The phasic component was
computed by subtracting the tonic signal from the filtered EDA, thus isolating the faster, event-related
conductance fluctuations.

The effectiveness of this decomposition approach was validated through visual inspection and
comparison across trials. Representative examples of raw and decomposed EDA signals are illustrated
in Figures 1.3, 1.4, 1.5 (presented previously), demonstrating the separation of baseline trends from
short-term activity.

2.3.4 THERM Processing

The skin temperature (THERM) signal, exhibited high stability and minimal susceptibility to noise or
dropout artifacts throughout the dataset. This robustness is likely attributed to the simplicity and
reliability of temperature sensors in wearable settings, which typically operate independently of skin
contact impedance and are less sensitive to motion-induced artifacts. Consequently, no additional
preprocessing or filtering was applied to the THERM signal. The raw data was used as-is for
normalization and feature extraction, ensuring that the signal retained its full temporal and thermal
resolution without unnecessary transformation.
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2.3.5 Normalization

2.3.5.1 Normalization Rationale

Normalization was a necessary step in the preprocessing pipeline. Many features of interest, particularly
amplitude-based features, depend on the absolute values of the signal, rather than purely on temporal or
frequency-domain characteristics. Thus, normalization was required to ensure comparability across
different modalities and subjects. Without normalization, signals with inherently different units, ranges,
or scaling could dominate or distort learning, particularly in multimodal fusion settings where balanced
feature contribution is critical [58].

2.3.5.2 Min-Max Normalization

To address these needs, a Min-Max normalization strategy was implemented manually for all signals.
While Min-Max normalization is known to be sensitive to outliers, it was intentionally preferred over
alternatives like z-score normalization. The reason lies in the fact that z-score scaling transforms data
based on mean and standard deviation, which may distort physiologically meaningful amplitude
relationships, such as stress-induced intensity changes, or rise and decay times in PPG. In contrast, Min-
Max scaling preserves the true relative amplitude distribution, making it more faithful to the original
physiological signal characteristics, all while scaling to the specific [0, 1] range [58].

Importantly, Min-Max normalization was not applied individually per signal segment. Had that been the
case, all signals would be stretched to fit the [0, 1] range, leading to the loss of important morphological
and amplitude distinctions, and potentially misleading the model. Instead, the normalization was
conducted per subject and per modality, across all available videos for that subject. This decision
addressed two critical sources of variation, inter-modality and inter-subject variability.

2.3.5.3 Inter-Modality and Inter-Subject Variability

First, physiological modalities differ significantly in their units, dynamic ranges, and signal morphology.
For example, EDA is measured in microsiemens, PPG in voltage, and skin temperature in degrees
Celsius. As a result, it is necessary to normalize each modality independently to avoid unequal scaling
and feature distortion during fusion.

Second, inter-subject variability can significantly affect general physiological baselines. For instance, a
lower-amplitude PPG waveform in one subject may reflect a naturally subdued cardiovascular response,
not an absence of emotional Arousal. Furthermore, individual differences in skin type affect optical
signal absorption and quality in PPG, thus contributing to natural amplitude variability between subjects
[48]. Similar sources of variability exist in other modalities as well. For example, some individuals may
have more reactive or sensitive sweat glands, resulting in higher baseline or exaggerated electrodermal
activity, even under moderate stimuli. Furthermore, skin temperature baselines can differ due to
individual metabolic rates, peripheral circulation, or hormonal influences. These physiological traits are
not always indicative of emotional intensity, but they do impact the raw signal ranges observed [5], [10].

2.3.5.4 Normalization Method

To account for these, the minimum and maximum values used for normalization were derived
independently for each subject and modality, but across all trials (videos), under the assumption that
each video stimuli constituted a stable reference, inducing a certain emotional state, across subjects.

This approach ensured that physiological responses were normalized in a way that respected individual
baselines while retaining inter-trial dynamics, leading to more "natural™ and meaningful signal profiles.
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It also supports fairer cross-subject comparison during model training, especially under a multimodal
fusion framework.

2.3.6 Segmentation

After normalization, each signal was subjected to a segmentation procedure designed to extract
temporally localized information suitable for classification. A fixed window length of 30 seconds was
used, with 50% overlap between sequential segments. This configuration balances temporal resolution
with statistical robustness, ensuring enough signal data per window while increasing the number of
available samples.

Each segment was then forwarded to modality-specific feature extraction pipelines. These pipelines
returned structured feature sets, along with their labels, corresponding to each window.

2.3.7 Quality Control and Dimensionality Checks

To maximize data quality and ensure that only physiologically valid and computationally usable
segments were retained, a strict quality control protocol was employed. Segments were discarded
entirely if they exhibited any of the following issues:

e Contained NaN (Not a Number) or Inf (Infinity) values after feature extraction.
Returned empty feature sets, likely due to excessively short or flat signals.

e Caused runtime errors during feature extraction, most often due to corrupted morphology. A
common example involved PPG signals with too few valid peaks to compute inter-beat intervals
(IBIs).

In any such case, not only was the faulty segment discarded, but the entire corresponding trial (video)
was also removed from all modalities to preserve alignment, and ensure fusion compatibility and label
matching. This quality-first approach prioritized the physiological validity of the dataset over raw
sample size.

After segment-level quality control, it was verified that:

All modalities had the same number of segments per trial.

Each modality had the same number of resulting features across all trials.

Each raw signal segment had identical temporal duration across modalities.

If signal lengths differed, they were truncated from the end, maintaining synchronization.

This ensured temporal and dimensional alignment of signals and features across modalities, a critical
requirement for multimodal fusion.

2.3.8 Data Storage and Output Structure

Two parallel storage structures were maintained:

e Processed raw signal segments, post-normalization and quality assessment, saved modality-
wise.

e Corresponding extracted feature sets from each segment, also saved modality-wise.

This separation ensured compatibility between classical machine learning and deep learning pipelines,
and enabled fair comparison across models.
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Across all output file types, the number of samples was constant (2083), and sample order was
preserved. Each sample was associated with two labels, Valence and Arousal, as self-reported by the
subjects after each trial. All files were saved in the NumPy [59] format, chosen for its fast performance
and compatibility with Python-based machine learning workflows. This consistent structuring and
formatting guaranteed full alignment across modalities, segment length, and sample order, supporting
fair and reproducible comparisons across a variety of strategies, including unimodal baseline
approaches, early fusion, and Deep Learning.

Three categories of output files were produced:

2.3.8.1 Raw Signal Files (per modality)
Each file (total five files) contained vertically stacked samples (segments) from a single modality:

e PPG (all wavelengths): 693 time points per sample + 2 labels
o EDA: 415 time points per sample + 2 labels
o THERM: 202 time points per sample + 2 labels

2.3.8.2 Manual Feature Files (per modality)
Feature sets (total five files) extracted from the above raw signals:

e Each PPG channel: 31 features + 2 labels
EDA: 29 features + 2 labels
e THERM: 10 features + 2 labels

2.3.8.3 Combined Feature-Level File
All manually extracted features concatenated (one file) across modalities, aligned per segment:

e Total: 132 features + 2 labels

2.4 Feature Extraction

This section details the manual feature extraction and engineering process applied to each modality,
which formed the foundation for the early fusion method and unimodal classical machine learning
baselines. It is important to note that the features described here are distinct from the learned
representations used in the deep learning pipeline, which rely on end-to-end learning from raw signals.
Instead, the present approach focuses on extracting interpretable, engineered features from each 30-
second segment (as described in the previous section), using domain-specific signal processing methods
tailored to the physiological characteristics of each modality. Separate feature extraction procedures
were implemented for PPG, EDA, and THERM signals, using handcrafted mathematical methods, and
are presented in the following subsections.

2.4.1 PPG Feature Extraction

This subsection outlines the manual feature extraction techniques applied to PPG signals across all
wavelengths. The goal was to derive a robust set of time-domain, frequency-domain, and morphology-
based features from each 30-second segment, enabling comparisons in classical machine learning
pipelines.

2.4.1.1 Peak Detection

To extract cardiovascular dynamics, a custom peak detection algorithm was developed. This method
defined a dynamic threshold set at:
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Threshold = mean + 0.5 * std (2.2)

Peaks were defined as points that exceeded this threshold and were the local maximum between the
previous and next point. They were subsequently subject to a minimum inter-peak distance of 0.4
seconds (150 BPM upper bound) from the previous peak, to reject physiologically unrealistic detections.
In cases of closely spaced peaks, the higher of the two was retained. This method proved effective across
PPG morphology and was also later reused for detecting phasic peaks in EDA.

Following peak detection, inter-beat intervals were computed as the time difference between successive
peaks. These intervals formed the basis for both heart rate and heart rate variability feature extraction.

2.4.1.2 Time-Domain Features
Time-domain features computed from the IBIs included [10], [26], [27], [47], [55], [56], [60 - 62]:

e Avg BPM and SD_BPM: Mean and standard deviation of heart rate.
e Mean_IBI, Median_IBI, Skew_IBI, Kurtosis_IBI: Statistics of the IBIs.
e RMSSD, pNN50, and SDNN: Standard HRV metrics reflecting beat-to-beat variability.

2.4.1.3 Nonlinear HRV Features
Additional features were derived from Poincaré metrics [10], [63]:

e SD1 and SD2: Short-term and long-term variability indices.
e SD1 SD2 (ratio).

2.4.1.4 Frequency-Domain Features

Spectral analysis of the IBIs was performed using Welch’s method to estimate power in standard HRV
bands [10], [26], [27], [47], [55], [60], [61]:

e LF (Power band: 0.04 - 0.15 Hz) and HF (Power band: 0.15 - 0.4 Hz).
LF_HF (ratio): An indicator of cardiovascular balance.
e LF _Norm, HF_Norm, and Total_Power were also calculated for additional detail.

2.4.1.5 Morphological and Pulse Metrics

Pulse morphology was assessed using amplitude-based and shape-related metrics [10], [25], [47], [48],
[50], [51], [61]:

e Mean_Amp, SD_Amp, Median_ Amp, MAD_Amp: Statistics of peak amplitudes.

e Skew_Amp, Kurtosis_ Amp.

e AC_Component, DC_Component, AC_DC (ratio): Features characterizing signal dynamics
relative to baseline.

e Rise_ Mean and Decay Mean: Average time from DC component to peak and peak to DC
component of each pulse, respectively.

e Rise Decay (ratio) and AUC (Area Under Curve): Capturing waveform symmetry and area
under the curve.

24.1.6 Summary of PPG Features

The above features were computed for each segment independently, resulting in a total of 31 features
per segmented PPG signal. These features aimed to capture meaningful cardiovascular dynamics
relevant to emotion-driven physiological responses.
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2.4.2 EDA Feature Extraction

For electrodermal activity, manual feature extraction was applied separately to the tonic and phasic
components of the 30-second segments. These components were previously preprocessed and
decomposed as described in earlier sections.

The extracted features were grouped into three primary domains, tonic (SCL), phasic (SCR), and
frequency-domain features derived from the phasic signal.

2.4.2.1 Tonic Component Features
Derived from the low-frequency baseline of the EDA signal, these features include [10], [56], [57], [60]:

SCL_Mean, SD_SCL, SCL_Min, SCL_Max, SCL_Range: Basic statistics.
SCL_Slope: Linear trend.

SCL_MeanDer, SCL_MaxDer: First derivatives.

SCL_AUC: Area under the curve.

2.4.2.2 Phasic Component Features

These features describe the shape and variability of the high-frequency, event-related SCR waveform
[10], [56], [57], [60]:

SCR_SD, SCR_Min, SCR_Max, SCR_Range: Basic statistics.

SCR_MeanDer, SCR_MaxDer: First derivatives.

SCR_AUC: Area under the curve.

SCR_Peaks, SCR_PeakRate, SCR_PeakMeanAmp: Peak count, rate, and amplitude.
SCR_Zero, SCR_ZeroRate: Zero-crossing metrics.

SCR_Skew, SCR_Kurtosis: Distribution of the shape of the phasic signal.

2.4.2.3 Frequency-Domain Features
Using Welch's method to estimate spectral power from the phasic signal [56], [64]:

o LF (Power band: 0.05 - 0.25 Hz), HF (Power band: 0.25 - 0.5 Hz), LF_HF (ratio): Low and high
frequency power and their ratio.

e LF _Norm, HF_Norm: Normalized band power.

e Total Power: Full-band power.

2.4.2.4 Summary of EDA Features

The above features were computed independently for each EDA segment, yielding a total of 29 features
per window. These features were designed to characterize both baseline GSR and event-related skin
conductance responses, capturing dynamics relevant to autonomic Arousal and emotion-related activity.

2.4.3 THERM Feature Extraction

Compared to PPG and EDA, the THERM signal encodes less direct physiological information related
to emotional Arousal or autonomic reactivity. As such, only a limited set of features was extracted per
30-second segment, focusing on general signal characterization rather than complex feature engineering.

e Therm _Mean, Therm Median, SD_Therm, Therm_Min, Therm_Max, and Therm_ Range:
Statistical metrics that capture the variability and overall dynamic range of the temperature
signal.

e Therm_MeanDer and Therm_MaxDer: First derivatives.

e Therm_Skew and Therm_Kurtosis: Distribution of the shape of the signal.
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These computations resulted in a total of 10 features per skin temperature segment. While
thermoregulatory responses typically lack the physiological depth of cardiovascular or electrodermal
dynamics, these features were retained as complementary information reflecting sympathetic activity
and stress-related vasoconstriction patterns, especially when integrated in a multimodal fusion
framework.

2.4.4 Summary of Feature Extraction

In total, 31 features were extracted from each distinct-wavelength PPG segment, 29 from EDA, and 10
from THERM, resulting in a concatenated feature set of 132 features per segment. These manually
crafted features were designed to capture domain-specific physiological information across
cardiovascular, electrodermal, and thermoregulatory systems. They formed the input to all classical
machine learning models in the early fusion and unimodal pipelines.

2.5 Data Labeling and Emotion Annotation

2.5.1 Emotion Representation Model

Emotions in this thesis were modeled using the Valence-Arousal dimensional framework, a widely
adopted approach in affective computing. This model positions emotional states within a two-
dimensional continuous space, where:

o Valence reflects the degree of pleasure or displeasure, representing how positive or negative an
emotion is,

o Arousal represents the level of physiological activation or alertness.

This approach offers several advantages over categorical emotion models, as it captures a richer and
more continuous range of affective experiences, accommodates the ambiguity of real-world emotion
labeling, and aligns more naturally with nuanced physiological responses that may not correspond
cleanly to discrete categories.

The Valence-Arousal space used in this thesis is illustrated in Figure 1.1, where common emotional
regions are mapped according to their relative Valence and Arousal scores. This framework serves as
the basis for both the original annotation and the modeling of affect in the thesis.

By adopting this dimensional model, each label could be annotated by binning these two emotional
values, Valence and Arousal, forming the target outputs for machine learning tasks.

2.5.2 Label Binning Strategy

Emotion annotations in the dataset were provided via self-assessment, with participants rating their
affective experience following each video trial. For every trial, subjects reported two integer values, one
for Valence and one for Arousal, each drawn from a 7-point scale ranging from [-3, 3]. These original
annotations formed the basis for emotion labeling.

To convert this data into a format suitable for classification, a label binning strategy was implemented,
inspired by the geometric structure of the Valence-Arousal model. Specifically, the two-dimensional
values were discretized into six classes based on the emotional quadrant they occupied in the affective
space. Four classes represent the classical quadrants of the circumplex model, while two additional
classes capture axis-aligned affective states, specifically high or low Arousal with neutral Valence, and
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high or low Valence with neutral Arousal. These axis states are affectively meaningful and were thus
explicitly retained.

Label 0 (HVHA): V>0, A> 0,
Label 1 (LVHA): V<0, A>0,
Label 2 (LVLA): V<0, A<0,
Label 3 (HVLA): V>0, A<0,
Label 4 (Neutral Valence, High/Low Arousal): V =0,
Label 5 (High/Low Valence, Neutral Arousal): V != 0,

A theoretical seventh class (V =0, A = 0), representing complete neutrality, was found to contain only
a single sample and was therefore excluded from the dataset entirely. This filtering was performed
programmatically prior to training and evaluation.

Finally, for comparative purposes, the best-performing seed of the CNN-based model was also trained
on the original 7-point scales, using two separate classification tasks, one for Valence and one for
Arousal. This allowed direct evaluation of the model’s ability to learn affective distinctions beyond the
categorical abstraction used in the 6-class labeling strategy.

2.5.3 Class Distribution
After binning, the final class distribution across the full dataset of 2083 samples was:

Label 0 (HVHA): 33.1%

Label 1 (LVHA): 38.0%

Label 2 (LVLA): 3.8%

Label 3 (HVLA): 12.5%

Label 4 (Neutral Valence, High/Low Arousal): 7.1%
Label 5 (High/Low Valence, Neutral Arousal): 5.5%

This distribution reflects the natural affective tendencies of the participant population and was
intentionally left unbalanced. No class balancing techniques were applied, such as resampling or
synthetic augmentation, in order to respect the population structure of the self-reported emotional data.

38



Methodology

AROUSAL

JIONT TN

Figure 2.6: Class distribution percentages on the Valence-Arousal schema.
2.6 Modeling

2.6.1 Frameworks and Tools

All components of the pipeline were implemented in Python 3.11.9, using a combination of scientific
computing and machine learning libraries tailored for signal processing and model development.

Internal signal manipulation and preprocessing operations, such as Butterworth filtering, were carried
out using NumPy and SciPy libraries [53], [59]. Data type for the input files was also selected to be the
NumPy file type. The handcrafted feature extraction routines were implemented using native functions,
with the exception of HeartPy [65], which was used solely to estimate the sampling rate of signals. For
data visualization, Matplotlib was employed to produce plots and schematic figures.

Classical machine learning models were developed using scikit-learn [66], which also provided
functionality for stratified data splitting. Deep learning experiments were implemented in PyTorch [67],
utilizing the CUDA framework for GPU acceleration [68]. These models were trained locally on a
system equipped with an NVIDIA RTX 3060 GPU.

To ensure reproducibility and stability across different runs and modeling approaches, five distinct
random seeds were selected and consistently applied across all configurations. Random seed
initialization was handled appropriately for each framework. In the classical machine learning pipeling,
seeds were set for Python’s random module and for NumPy. For the deep learning models, seeds were
additionally set for PyTorch and CUDA, and runtime determinism was enforced by disabling non-
deterministic cuDNN operations. This seed-setting code is included in the Appendix for transparency.

This setup ensured consistency in data shuffling, train-test splits, model initialization, and training
behavior across both classical and deep learning pipelines.
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2.6.2 Data Splitting and Loading

To ensure fair and consistent evaluation across all setups, unimodal baselines, early fusion models, and
the deep learning approach, the data was split in an identical manner across all runs and modeling
strategies. This was considered essential for isolating the effects of the modeling approach and input
representation, thereby enabling direct and valid performance comparisons.

Given the computational demands of training deep learning models, cross-validation was deemed
infeasible. Instead, a fixed train-test split was used for all models. Despite the relatively limited dataset
size (2083 samples), a 10% test set was consistently extracted and withheld from training. This
proportion represented a practical compromise, maintaining sufficient data for model training, while
still preserving a meaningful and representative hold-out set for evaluation.

In the deep learning pipeline, the remaining 90% training data was further split to assign a 5% validation
set, equaling to 5% of the full dataset. This internal validation set was not used in training, but
exclusively to inform mechanisms such as early stopping and learning rate scheduling.

For deep learning inputs, the NumPy arrays were converted to PyTorch tensors. A custom PyTorch
Dataset class was implemented to handle multimodal sample alignment, and data loading was managed
using PyTorch’s DatalLoader. The training set was shuffled, while validation and test sets were kept in
order. All DataLoader instances used a batch size of 64 and had memory pinning enabled to improve
GPU transfer efficiency.

Furthermore, a stratified method was used to split the dataset. This guaranteed that the class distribution
was preserved across training, validation, and testing subsets, critical for avoiding performance artifacts.

Together with the strict enforcement of random seed initialization, these design choices ensured a fully
deterministic and reproducible data handling pipeline. All models were trained and evaluated on
identical sample subsets, eliminating variability in data exposure.

2.6.3 Machine Learning Approaches

2.6.3.1 Introduction to Machine Learning Approaches

In this section, the modeling strategies used for emotion classification are described, encompassing both
traditional machine learning and deep learning approaches. These strategies were applied across
different representations of the physiological data: unimodal features, early-fused features, and raw
physiological signals. The classical ML approaches relied on handcrafted features derived from domain-
specific knowledge, while the DL architecture leveraged feature learning from raw time-series inputs.
All models were trained and evaluated on the same dataset partitions and under controlled random seed
settings, ensuring consistent and fair comparisons.

The section first describes the unimodal ML baselines that rely on handcrafted features. This is followed
by the early fusion classical ML models, which combine features across modalities. The final part details
the deep learning architecture that learns representations directly from the aligned raw signals.

2.6.3.2 Unimodal Classical Models

To establish a comparative baseline, unimodal classification models were trained independently on each
modality's handcrafted feature set. This setup served as a benchmark against which to evaluate the
benefits of early fusion across modalities. For each unimodal case (PPG, EDA, and THERM), three
classical machine learning algorithms were applied:
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e Random Forest with 100 estimators,
e K-Nearest Neighbors with k = 5,
e Support Vector Classifier (SVC).

These models were selected for their widespread use in classification tasks. Basic hyperparameter
configurations were used based on established practices, without extensive tuning, as the primary focus
was on evaluating feature-level modality performance. Training and inference were performed
separately for each model and each modality.

2.6.3.3 Early Fusion Classical Models

To evaluate the benefits of combining modalities at the feature level, early fusion models were
developed using the same classical machine learning algorithms and hyperparameters as the unimodal
baselines. This design ensured that the fusion strategy was the only varying factor between the two
approaches, allowing for a direct and fair comparison. In this setup, the handcrafted features from all
modalities (PPG, EDA, and THERM) were concatenated into a single input set per sample. Each of the
three classifiers, namely Random Forest (100 estimators), K-Nearest Neighbors (k=5), and SVC, was
trained on the combined feature set. This fusion approach enabled the models to exploit inter-modality
relationships and complementary signal characteristics, which led to improved performance compared
to unimodal models.

2.6.3.4 Deep Learning Model
2.6.3.4.1 Introduction and Model Architecture

2.6.3.4.1.1 Model Overview

This section details the deep learning model designed for multimodal emotion recognition. The
architecture is a feature-level convolutional and dense neural network, trained in an end-to-end manner,
aiming to learn informative signal representations beyond the constraints of handcrafted features. Unlike
the previous approaches, this model is fed the preprocessed raw physiological signals directly, thus
avoiding the potential biases and limitations introduced by manual feature extraction techniques. The
model was implemented in PyTorch and trained using the CUDA framework on an NVIDIA 3060 GPU.

As in the previous approaches, the same data handling protocols were applied, including stratified data
splitting and reproducible random seeds. However, the deep learning model introduced a 5% validation
subset carved from the training data, forming an 85% - 5% - 10% split into training, validation, and test
sets respectively. This was essential for in-training techniques such as early stopping and learning rate
scheduling.

2.6.3.4.1.2 Model Architecture

The model consists of five parallel 1D-CNN branches, each corresponding to one physiological
modality: PPG:GRN, PPG:IR, PPG:RED, EDA, THERM. Each branch processes its raw input signal
independently, producing a learned feature set that is ultimately concatenated and passed to a fully
connected classification dense network. Input lengths varied per modality, and were handled by the code
by determining the input size of each branch. All five branches share an identical architecture. The code
of the model’s definition is added to the Appendix.

2.6.3.4.1.2.1 CNN-Branch Design
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Each 1D-CNN branch consists of:

e Five convolutional layers (Convld in PyTorch)

e Each followed by Batch Normalization (BatchNormld in PyTorch) and Max Pooling
(MaxPoolld in PyTorch, with kernel_size = 2)

o The final pooling layer is an Adaptive Average Pooling layer (AdaptiveAvgPoolld in PyTorch),
which ensures fixed-length feature sets across branches regardless of input length.

All convolutional layers use:

kernel_size =3

stride = 1 (default)

dilation = 1 (default)

padding = ‘same’, to ensure same input and output sizes.

Each convolutional layer uses the ReL U activation function:

ReLU(x) = max(0, x) (2.3)

The number of out_channels (feature maps) per layer is as follows:

Conv1: 320
Conv2: 480
Conv3: 640
Conv4: 960
Conv5: 1280

Given the fixed kernel_size = 3, default stride and dilation, and 5 convolutional layers, the effective
receptive field (ERF) [38] in terms of time-points is:

ERF=1+(k—-1)*L=1+2x5=11 (2.4)

To convert this into time duration for each modality, we divide by sampling rate respectively:

e For PPG (25 Hz): 11/25 = 0.44s
e For EDA (15 Hz): 11/15=0.73s
e For THERM (7.5 Hz): 11/7.5=1.47s

ERF represents the maximum temporal context each output unit at the final layer considers.

2.6.3.4.1.2.2 Dense Network

The output feature sets from each CNN branch (modality) are concatenated along the feature axis using
PyTorch’s concatenation function. This fused feature set is then passed through a fully connected
classification network composed of:

e Dense Layer 1: 1024 neurons
o Dense Layer 2: 768 neurons
o Dense Layer 3: 512 neurons

42



Methodology

e Dense Layer 4: 256 neurons
e Dense Layer 5: 128 neurons
e OQutput Layer: num_classes neurons (parametrically defined)

Each dense layer also uses the ReL U activation, with no dropout by default. The model flows fully end-
to-end, as backpropagation flows from the final output back to each modality-specific CNN branch.

2.6.3.4.1.2.3 Loss Function

The model is trained using cross-entropy loss with label smoothing, set to 0.1. The smoothed cross-
entropy loss function is:

Losscp = — X_1(1 — )y;logp; + - logp; (2.5)

Where:
e ( is the number of classes,
e ¢ is the smoothing factor,
e y; is the ground-truth label,
e p; is the predicted probability.

This technigue helps the model generalize better by preventing it from becoming overconfident.
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Figure 2.7: Illustrated model architecture.
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2.6.3.4.2 Training Procedure and Hyperparameter Tuning

2.6.3.4.2.1 Training Procedure
The model was trained using the Adam optimizer, with the following configuration:

o Initial learning rate: le-4
e Weight decay: le-4

A ReduceLROnPlateau scheduler was applied to adapt the learning rate based on the validation loss:

e Mode: 'min' (monitors minimum validation loss)
e Factor: 0.5 (reduces learning rate by half)
e Patience: 5 epochs (waits 5 epochs of no improvement)

An early stopping mechanism monitored the same validation loss. The patience was set to 30 epochs,
which is approximately one-quarter of the maximum number of epochs, which was set to 125. Both
mechanisms were based on the 5% untouched validation set, ensuring robust in-training generalization
tracking.

2.6.3.4.2.1.1 Training Details

e During each epoch, the model computed training loss and updated its parameters accordingly.
After each epoch, the model switched to evaluation mode on the validation set.

o If the validation loss was lower than any previously recorded value, a deep copy of the model
state was stored.

Training was terminated if the validation loss failed to improve for 30 consecutive epochs.
e After training completed, the model state with the lowest validation loss was loaded, and the
final performance was evaluated on the untouched test set.

The test set remained isolated during both training and validation, making its performance a legitimate
measure of generalization.

2.6.3.4.2.2 Hyperparameter Selection and Tuning Strategy

Given computational constraints, grid search or automated hyperparameter tuning methods were not
employed. Instead, an iterative manual tuning approach was adopted based on empirical validation
feedback. The following strategy was used to balance underfitting and overfitting.

2.6.3.4.2.2.1 Underfitting
Underfitting was identified when:

e Both training and validation accuracies were low,
e Training and validation losses were high and close in value.

The corrective strategy was to increase model capacity, in small increments to avoid overfitting:

e First, by increasing depth (adding more layers to increase receptive field),
e Then, by increasing width (higher out_channels values per layer).

Regularization values, such as dropout, were sometimes reduced cautiously to allow the model to better
capture patterns, and indirectly increase capacity. Throughout tuning, maximum training epochs were
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always kept high enough to trigger early stopping, not finish training normally. Various kernel_sizes
were tested because they directly influence the effective receptive field.

2.6.3.4.2.2.2 Owverfitting
Overfitting was identified when:

e Training accuracy was high,
e Validation accuracy was low, with validation loss stagnating or increasing.

Corrective actions included increasing regularization, such as:

e Adding dropout layers (typically 0.1 - 0.2 in the first dense layers),
e Increasing weight decay,
e Applying label smoothing,

In order to “close the gap™ between training and validation metrics, often with some train accuracy
penalty. Simplifying the model was also a valid option, though this was less frequently needed.

Dropout was found to easily cause underfitting in this model, likely due to relatively small data volume.
Batch normalization was already implemented after each convolutional layer and was kept consistent.

Batch size was fixed at 64, which offered a good compromise between stability and memory usage.

Label smoothing effectively increased the absolute loss values, but the relation between training and
validation loss remained.

2.6.3.4.2.2.3 Summary of Tuned Hyperparameters
Capacity-related:

o Number of convolutional layers (result: 5 layers).
e out_channels: incrementally increased per layer.
o Kernel size: fixed at 3, while experimentation confirmed its adequacy.

Regularization-related:

Weight decay: finally chosen as le-4.

Label smoothing: finally set at 0.1.

Dropout: tested but not used in final model due to observed underfitting.
Batch normalization: used throughout convolutional layers.

Batch size (indirectly).

Other hyperparameters:

Learning rate: 1le-4.

Epochs: 125 maximum.

Early stopping patience: 30.

Scheduler: ReduceLROnNPlateau.

Scheduler factor and patience: 0.5 and 5, respectively.
Activation function: ReLU.

Padding: ‘same’.

Pooling: max pooling, final adaptive average pooling.
Optimizer: Adam.

Stride.

Dilation.
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2.6.3.4.3 Runtime and Disk Space

The full multimodal deep learning model required approximately 21 minutes and 37 seconds to train on
a single GPU using the CUDA framework. The training time for the separate Valence and Arousal
models was comparable. Upon completion, the saved model state occupied approximately 160 MB of
disk space per model.

2.6.3.4.4 Final Evaluation and Model Selection

This model consistently outperformed the classical early fusion ML models. After training with five
distinct random seeds, the best-performing model (based on test accuracy) was selected. This model,
with seed = 21, was also re-trained using the original 7-class Valence and Arousal labels independently.
These additional experiments provided comparative insight into performance when learning Valence
and Arousal separately.

The test accuracies of these models are collectively reported in the Results section.

2.7 Summary of Methodology

This chapter detailed the complete methodological pipeline for the multimodal emotion classification
task, from raw signal processing to model design and training.

First, the dataset was described, consisting of synchronized physiological recordings (PPG in three
wavelengths, EDA, THERM) and associated self-assessed Valence-Arousal ratings per trial. Each
modality underwent tailored preprocessing procedures to correct for noise, alignment, and sampling
inconsistencies, ensuring clean and time-aligned inputs across modalities.

Feature extraction was implemented using handcrafted features for classical machine learning models,
while the deep learning approach used the raw, preprocessed signal inputs. For the classical models,
statistical, temporal, and frequency-domain features were extracted per modality. The labels were
derived from the original 7-point self-assessed Valence and Arousal scales using a structured binning
strategy based on the circumplex model of affect. Six classes were used in the final experiments.

All approaches followed a consistent data split: 85% training, 5% validation (used only in deep
learning), and 10% testing. Stratified splitting preserved class distributions, and random seeds ensured
reproducibility.

Three machine learning approaches were implemented:

e Unimodal classical models such as Random Forest, KNN, and SVM trained on single-modality
features.

e Early fusion models used concatenated features across modalities and were trained with the
same algorithms and hyperparameters, isolating fusion as the independent variable.

e A deep learning model was designed using five parallel CNN branches (one per modality),
which learned representations directly from raw signals. The architecture was trained end-to-
end using cross-entropy loss with label smoothing, Adam optimizer, early stopping, and a
learning rate scheduler.

Hyperparameter tuning for the deep learning model was performed empirically through comparisons of
training and validation behavior, balancing underfitting and overfitting. Regularization strategies such
as weight decay, label smoothing, and batch normalization were crucial to improving generalization
without over-constraining model capacity.

The next chapter presents the performance results and comparative evaluation across all approaches.

46



Results

Chapter 3: Results

3.1 Introduction to Results

This chapter presents the performance results of the three modeling approaches developed for the task
of emotion recognition using physiological signals: unimodal classical models, early fusion classical
models, and a deep learning architecture. The primary objective was to investigate the impact of
multimodal fusion and learned representations on model performance, with a particular focus on
scenarios close to real-world wearable emotion recognition.

The metric used for evaluation was accuracy, due to its simplicity, widespread acceptance in
classification problems, and its effectiveness as a balanced metric. Each approach was evaluated across
five distinct random seeds to account for variability and randomness in training and dataset splitting.
For each model, the average accuracy and standard deviation across seeds are reported. In the case of
unimodal classical models, results from each modality were first averaged per seed to reflect
performance in a practical unimodal deployment setting, before computing overall statistics.

3.2 Unimodal Classical Models

The unimodal models served as baselines, using handcrafted features from each modality separately.
Three algorithms were applied: Random Forest (100 estimators), K-Nearest Neighbors (k=5), and
Support Vector Machine (SVC). Each model was trained and evaluated using the same seeded data
splits, and the final accuracy was averaged across modalities for each seed.

Table 3.1: average accuracy per seed, and overall mean and standard deviation across the five seeds.

Model Seed 7 | Seed 11 | Seed 21 | Seed 35 | Seed 42 | Mean Accuracy | Std Dev
Random Forest | 0.6444 | 0.6612 | 0.6784 | 0.6622 | 0.6172 0.6527 +0.0207
KNN 0.4919 | 0.5033 | 0.4897 | 0.5196 | 0.4966 0.5002 +0.0108
SVM 0.4373 | 0.4373 | 0.4268 | 0.4555 | 0.4172 0.4348 +0.0128

Across all seeds, the Random Forest model consistently outperformed both KNN and SVM. The KNN
model showed a moderate degree of consistency, while the SVM model was the least effective across
all runs, demonstrating poor generalization when trained on unimodal handcrafted features.

3.3 Early Fusion Classical Models

To examine the effect of feature-level multimodal fusion, the same three classifiers were trained using
concatenated features across all five modalities. All hyperparameters were held constant to isolate the
effect of fusion. This strategy enabled the models to learn inter-modal feature relationships, thereby
improving emotion classification.

The early fusion models consistently outperformed their unimodal counterparts in the case of Random
Forest, and in some cases for KNN and SVVM as well. The table below presents the performance of each
classifier across the five seeds:
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Table 3.2: Accuracy of early fusion classical models across seeds.

Model Seed 7 | Seed 11 | Seed 21 | Seed 35 | Seed 42 | Mean Accuracy | Std Dev
Random Forest | 0.8230 | 0.8134 | 0.8756 | 0.8852 | 0.7895 0.8373 +0.0369
KNN 0.4115 | 0.5263 | 0.5215 | 0.5502 | 0.4545 0.4928 +0.0516
SVM 0.3923 | 0.4498 | 0.3971 | 0.4258 | 0.3732 0.4076 +0.0270

Among the three models, the Random Forest classifier saw the most pronounced benefit from early
fusion, achieving a significant improvement over its unimodal variant (mean accuracy 83.73% vs.
65.27%). KNN exhibited a mild increase in performance compared to the unimodal version, whereas
SVM remained similarly limited in effectiveness, with relatively low accuracy.

These findings reinforce that classical models can benefit from feature-level multimodal fusion, making
it a viable approach in low-complexity or embedded systems, where deep learning may be infeasible.

3.4 Deep Learning Model Performance

The end-to-end 1D-CNN-based deep learning model trained directly on preprocessed raw signals
delivered the highest performance across all approaches. As detailed in the previous chapter, the
architecture included five identical CNN branches, one per modality, whose outputs were fused and
passed through a dense network. Training utilized the same data partitions, but added a 5% validation
set to guide learning via early stopping and adaptive scheduling.

The model was trained using the same 5 seeds. For each seed, the best model was saved based on
validation loss and evaluated on the untouched test set. The table below shows the test accuracy for each
seed, along with the mean and standard deviation:

Table 3.3: Accuracy of deep learning model across seeds.

Seed | Accuracy
7 0.9426
11 0.9282
21 0.9474
35 0.9474
42 0.9378
Mean 0.9407
Std Dev | +0.0072

The model exhibited high performance with remarkably low variance, consistently outperforming all
other methods. The results indicate that learning representations directly from preprocessed raw signals,
coupled with the complexity and capacity that characterizes DL models, offers a substantial
improvement in classification accuracy and robustness. Compared to early fusion Random Forest (mean
accuracy of 83.73%) and unimodal baselines (max ~65%), the deep learning model achieves the highest
average accuracy of 94.07%, validating its capacity to generalize across seeds.
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The deep learning model demonstrated a marked improvement over classical approaches, with an
average accuracy boost of nearly 10 percentage points over early fusion RF models, suggesting not just
statistical but also practical significance in real-world settings.

Additionally, it showed not just high mean accuracy, but low standard deviation, suggesting consistency.

In addition to the 6-class emotion model, the best seed (Seed 21) was used to re-train the model on the
original 7-class Valence and Arousal label sets. The final test accuracies obtained for these models were:

o Valence Model (7-class): 0.9474
o Arousal Model (7-class): 0.9378

Finally, the training and validation learning curves for all five seeds are shown in Figures 3.1 - 3.10.
The Figures 3.11 - 3.14 represent the models trained on the 7-class tasks. These curves provide a visual
inspection of training stability, convergence behavior, and overfitting.

3.4.1 Training and Validation Accuracy and Loss Curves per Seed

The oscillatory behavior observed in the validation accuracy and loss curves can be attributed to the
small size of the validation set, which comprised only 5% of the total dataset, approximately 104
samples. With such a limited number of validation examples, small fluctuations in prediction
performance can result in relatively large changes in the computed validation metrics across epochs.
Increasing the validation set size might have mitigated these oscillations by offering a more stable
estimate of generalization. However, doing so would have reduced the amount of data available for
training, which is critical given the overall small dataset. On the other hand, reducing the size of the test
set was not a viable solution, as it would compromise the integrity of the final evaluation. Consequently,
the chosen split reflects a necessary trade-off between reliable validation monitoring and maximizing
training efficiency.

Additionally, the absolute loss values are high due to label smoothing, however the relation between the
training and validation loss curves remained.
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Figure 3.2: Loss curves for seed = 7.
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Figure 3.10: Loss curves for seed = 42.
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Figure 3.11: Accuracy curves for the Valence model.
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Figure 3.12: Loss curves for the Valence model.

3.4.1.7 Arousal Model
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Figure 3.13: Accuracy curves for the Arousal model.
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Figure 3.14: Loss curves for the Arousal model.

3.5 Interpretation of Results

These results confirm that early fusion of physiological modalities yields better performance than
isolated unimodal processing. Furthermore, deep learning approaches leveraging raw signals outperform
handcrafted feature-based classical models, aligning with the thesis” aim of moving toward a robust,
real-world-ready emotion recognition system.

The bar chart below provides a visual summary of the average classification accuracy achieved by each
methodological approach, Unimodal Classical ML, Early Fusion Classical ML, and the Deep Learning
model, along with their respective standard deviations across models or training seeds, highlighting the
performance gains enabled by fusion and learned feature representations:
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Average Accuracy Across Approaches
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Figure 3.15: Bar chart highlighting the differences of the approaches in performance.

To complement the analysis at the model level, the following bar chart presents the accuracy and
standard deviation of each individual model across both classical ML approaches, as well as the deep
learning model. This detailed view highlights how early fusion impacts the performance of each classical
model specifically, and emphasizes the consistent superiority of deep learning regardless of baseline
comparisons.

The increase in Random Forest’s performance under early fusion can be attributed to its ensemble nature
and ability to model complex, high-dimensional feature interactions. By aggregating decision trees, RF
naturally benefits from the richer and more diverse feature space provided by early fusion. It leverages
complementary information from multiple modalities more effectively than simpler models.

In contrast, KNN and SVM are more sensitive to the structure and scaling of the input feature space.
Early fusion leads to a significant increase in feature dimensionality, which can introduce noise or
imbalance in feature contributions. For KNN, the higher the dimensionality, the more distance metrics
become less meaningful. For SVM, high dimensionality can lead to poor generalization, especially when
class boundaries become more complex due to feature fusion without sufficient samples to support
hyperplane construction.

Moreover, both SVM and KNN lack internal mechanisms for feature selection or weighting unless
explicitly added. Without preprocessing techniques like feature selection, their performance can
degrade, unlike RF which implicitly handles feature importance during tree construction.
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Performance of Individual Models
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Figure 3.16: Bar chart highlighting the differences of the models in performance.

To complement the overall performance analysis, the class confusion matrix of the deep learning model
for Seed 21 is presented below. This seed was selected as it produced one of the highest test accuracies
among all training runs, and the deep learning model as a whole demonstrated the most consistent
performance across seeds compared to classical baselines. This visualization highlights the distribution
of correct and incorrect predictions across the target classes, offering a more detailed perspective beyond
total accuracy.

As shown, the majority of predictions fall along the diagonal, indicating that the model correctly
classifies most samples across all six classes. There are no significant off-diagonal concentrations,
suggesting that no particular pair of classes is frequently confused.
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Figure 3.17: Class Confusion Matrix for the DL model with Seed 21.
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Chapter 4. Conclusion and Suggestions

4.1 Thesis Recap

This thesis aimed to explore and evaluate the effectiveness of multimodal fusion techniques for emotion
recognition using physiological signals, with a focus on robustness and suitability for real-world
implementation. To that end, three methodological approaches were compared: unimodal classical
machine learning models based on handcrafted features, early fusion classical ML models leveraging
combined feature sets across modalities, and a deep learning model trained end-to-end on raw, aligned
and filtered physiological signals.

The dataset consisted of five biosignals, three PPG channels (green, infrared, and red), EDA, and skin
temperature, recorded in a valid setting. Emotion labeling followed the dimensional Valence-Arousal
model (Figure 1.1). All models were trained and evaluated using a consistent data splitting strategy
across five random seeds, ensuring fair comparisons and reproducibility. Classical models included
Random Forest, K-Nearest Neighbors, and Support Vector Machines, while the DL model utilized a 1D
CNN-based architecture with parallel branches for each modality. Performance was evaluated using
accuracy, and results were aggregated across seeds to mitigate the effects of data variability and limited
sample size.

4.2 Key Findings

The results clearly demonstrated the benefits of multimodal data integration and deep learning in the
context of emotion recognition from physiological signals. First, early fusion of handcrafted features
from all five modalities led to noticeable overall improvements in classification accuracy compared to
unimodal models. This validates the hypothesis that emotional information is more effectively captured
when complementary signals are processed together rather than in isolation. Notably, Random Forest
showed the most significant gains in the early fusion setting, whereas KNN and SVM did not benefit to
the same extent, likely due to their limited ability to capture interactions in higher-dimensional feature
spaces.

The deep learning model outperformed both classical approaches by a substantial margin, achieving a
mean accuracy of 0.9407 (+0.0072), compared to 0.5792 (+0.1857) for early fusion ML and 0.5292
(£0.0913) for unimodal ML. This reflects the power of representation learning from raw data, which
bypasses the limitations of handcrafted features and leverages the full temporal and morphological
structure of physiological signals.

Importantly, the DL model's superior performance was consistent across all five random seeds,
underscoring both its stability and robustness. Additionally, the deep learning model had a training
runtime of approximately 21 minutes and a saved model size of around 160 MB.

These findings collectively underscore the importance of multimodal integration and end-to-end
learning for advancing affective computing systems, towards practical, real-time applications.
4.3 Implications for Real-World Deployment

The findings of this thesis have several important implications for real-world applications, particularly
in scenarios involving wearable or embedded conditions. The results demonstrated that emotion
recognition systems based on multimodal physiological signals can achieve high performance when
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employing early fusion techniques and deep learning models. This supports the feasibility of
implementing such systems in dynamic, real-world environments.

One key advantage is that the data sources used, such as photoplethysmography (PPG), electrodermal
activity (EDA), and skin temperature, are all non-invasive, readily integrated into compact multi-sensor
platforms, and already commonly collected by wearable devices. This strengthens the notion for
embedding early-fusion or deep learning models into wearable sensors and devices aimed at affective
computing.

Additionally, the use of raw, aligned signal inputs in the deep learning architecture eliminates the need
for manually engineered features and domain-specific processing. This reduces development overhead
and enables more adaptable and well-generalizable models, important attributes for consumer or
healthcare applications where input conditions may vary. Furthermore, the consistency of performance
across five random seeds indicates a stable and reproducible training process. While training such
models on edge devices may not be feasible due to computational demands, real-time inference post-
deployment remains a viable path, especially with further model optimization techniques.

These characteristics align well with needs in areas such as healthcare, for continuous and real-time
stress and patient emotion monitoring during treatment, advanced human-computer interaction systems
that seek to adapt to user emotional states in real time, and the advancement of the affective computing
in general.

Nonetheless, key limitations remain. While high accuracy was achieved in this thesis, it was obtained
using a constrained and relatively small dataset. Real-world deployment would involve additional
challenges such as physiological noise, motion artifacts, and unseen environmental conditions. These
concerns are further discussed in the following section.

4.4 Limitations

4.4.1 Dataset Constraints

The dataset used in this thesis resulted in approximately 2,000 samples after processing, a modest size,
especially for training deep learning models that rely on large-scale data to generalize effectively.
Furthermore, the dataset was collected under controlled laboratory conditions, limiting the natural
variability present in real-world settings. Emotion labels were based on self-reports, which are inherently
subjective and may not capture subtle or nuanced emotional states accurately. Additionally, emotion
labeling presents challenges due to the complex and often ambiguous nature of emotional experiences.
Inter-subject variability introduces further complications, as physiological responses can vary
significantly across individuals. Finally, although the dataset exhibited class imbalance, it was preserved
intentionally to reflect natural emotional distributions more realistically, which may have influenced
model learning dynamics.

4.4.2 Generalizability to Real-World Scenarios

While promising results were achieved using data collected under controlled conditions, the model’s
performance in unconstrained, real-world environments remains untested. Real-world applications will
likely involve additional challenges such as:

o Movement artifacts due to physical activity,
e Inconsistent sensor placement,
e Environmental noise, such as lighting and ambient temperature,
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e Differences in hardware or sensor models.

The ability of the system to generalize to new users, unseen environments, and varied sensor conditions
is currently uncertain.

4.4.3 Sensor and Signal Quality

The physiological sensors used, though non-invasive and suitable for wearable integration, show several
technical limitations:

PPG signals are highly susceptible to motion-induced noise and variations in skin contact.

o EDA and skin temperature probes are sensitive to environmental conditions and have relatively
slow response times.

e Multimodal synchronization required careful preprocessing. Interpolating and aligning signals
across modalities and time windows posed challenges, especially in preserving temporal
integrity and dimensional consistency.

4.4.4 Methodological Trade-offs

Due to the small dataset size, only 5% was allocated to validation, which contributed to high variance
across validation curves. While this approach preserved training data, it increased the instability of
performance estimates. Additionally, classical machine learning models depended on handcrafted
features, a process that introduces human bias and requires domain knowledge. Although deep learning
partially mitigates this by learning representations directly from raw data, it also demands substantially
more training data and compute.

Furthermore, extensive preprocessing was necessary across all modalities due to the inherently noisy
nature of biosignals. This means that a dedicated preprocessing pipeline, external to the machine
learning architecture, was required and implemented in Python in this case. Such pipelines may carry
their own limitations, including maintainability, portability, and increased complexity in deployment
scenarios.

4.45 Real-Time Deployment

Training time for each deep learning model was approximately 21 minutes, and the resulting model files
were approximately 160 MB in size, a moderately large size for embedded or edge systems. While real-
time inference after deployment may be feasible, on-device training remains impractical, especially as
dataset size and diversity increase.

The model operates on 30-second data windows, meaning any real-time system would require buffering
at least this duration before making a prediction. This limits temporal resolution and could cause the
model to miss rapid emotional transitions. Shortening the window might allow more frequent
predictions but would reduce the amount of input data per sample, potentially degrading accuracy.

Additionally, due to constrained computational resources during development, cross-validation could
not be applied. Instead, a fixed-seed repeated train-test splitting approach was employed to simulate
variability across runs. This strategy allowed assessment of the model's stability across different random
partitions, serving as a practical substitute for cross-validation in this context.
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4.4.6 Interpretability and Explainability

The deep learning model achieved high accuracy, but its inner workings are obscured, a common
limitation of neural networks. In high-stakes domains such as healthcare, interpretability is essential.
The lack of explainability may hinder trust, and future iterations should explore explainable Al (XAl)
methods to make decisions more transparent.

4.4.7 Ethical Considerations

Emotions are inherently private, and systems that monitor affective states must be subject to strict
privacy safeguards and user consent protocols. As emotion recognition technology matures, it will be
essential to ensure responsible data collection, usage, and deployment in line with ethical and legal
standards.

4.5 Suggestions

To build upon the foundation established in this thesis and move toward more robust, real-world emotion
recognition systems, several directions for future work are proposed across data acquisition, model
optimization, signal processing, and personalization:

45.1 Dataset Expansion and Diversity

Future research would benefit greatly from expanding both the size and diversity of the dataset.
Increasing the number of participants, especially with a broad range of age groups, backgrounds, and
emotional profiles, can enhance model generalizability, particularly for previously unseen users.

Furthermore, collecting physiological data in less controlled, semi-structured or real-world
environments, for example through wearables in daily life, could provide more valid samples,
supporting deployment beyond laboratory conditions. Cross-dataset evaluation, which suggests training
on one dataset and testing on another, would also serve as a strong measure of model robustness. Finally,
to address inherent subjectivity in emotional self-reporting, future datasets may benefit from combining
self-assessment with more objective labeling techniques, such as third-party observation, facial
expression analysis, or baseline physiological profiling.

4.5.2 Real-Time and Embedded Optimization

Although the current deep learning model demonstrated acceptable runtime and manageable size, further
optimization is required for deployment in low-resource or real-time systems. One approach involves
designing smaller and more efficient architectures optimized for edge deployment without a significant
drop in performance. Post-training weight pruning may also help reduce the model’s memory footprint
and inference time, bringing it closer to real-time and embedded hardware platforms.

4.5.3 Improved Multimodal Fusion Strategies

The present thesis used early fusion and deep multimodal representation learning. Future research may
explore hybrid fusion architectures that combine early and late fusion advantages, potentially guided by
learnable attention mechanisms that dynamically assign weights to each modality based on contextual
importance.

Additionally, current deep learning architectures treat all input branches identically. A more modality-
aware approach could involve assigning unique architectures to each input stream (branch), tailored
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specifically to the signal characteristics of PPG, EDA, skin temperature, thereby improving feature
extraction efficiency per modality. Another promising direction is to develop models capable of
handling missing modalities through techniques such as modality dropout or conditional networks,
enhancing robustness in real-world applications where sensor failure is possible.

For classical machine learning pipelines, feature importance analysis and feature selection should be
pursued to reduce dimensionality in early fusion approaches to improve model performance.

4.5.4 Signal Processing Enhancements

Given the noisy nature of biosignals, signal quality remains a key limitation. Future systems could
integrate adaptive signal processing steps directly into the ML pipeline, such as learnable preprocessing
layers. Additionally, time-aligned accelerometer data could be leveraged to detect motion artifacts and
activate adaptive noise reduction algorithms that preserve the integrity of the underlying physiological
signals. Such advances would further improve both model accuracy and real-world robustness.

4.5.5 Personalization and Transfer Learning

Inter-subject variability remains a challenge in affective computing. To improve model adaptability,
future research may implement subject adaptation techniques such as lightweight fine-tuning on user-
specific data. This would allow the model to quickly adjust to new users with minimal input.

In addition, integrating user context features, such as age, gender, activity level, health status, as inputs
could provide valuable personalization cues, enhancing classification accuracy and stability. Transfer
learning and meta-learning approaches could also be explored to enable efficient generalization across
users, and use cases.

4.6 Final Thoughts

This thesis journey has been both a meticulous scientific attempt and an invaluable learning experience.
Through the exploration of machine learning, deep learning, and multimodal fusion, the thesis provided
not only technical insights but also a broader understanding of how artificial intelligence can be
harnessed to interpret complex human phenomena such as emotion.

Multimodal fusion and deep learning emerged as particularly powerful principles, capable of capturing
the richness and complexity of physiological data far beyond the capabilities of unimodal or hand-
engineered methods. Their ability to process and combine diverse biosignals reinforces their role in
enabling technologies in human-computer interfaces.

Emotion recognition, while challenging, holds immense potential. As a subtle and often unconscious
form of user input, emotional state detection can pave the way for advanced affective computing systems
that respond empathetically and intelligently. From stress monitoring to adaptive interfaces and
healthcare applications, such systems may enhance human well-being in meaningful and impactful
ways.

On a personal level, this thesis has been a constructive academic experience. It offered a hands-on
education in machine learning, signal processing, neural architectures, and model design. More
importantly, it fostered a deep appreciation for the role of intelligent systems in bridging the gap between
technology and the nuances of human behavior.
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It is the author’s hope that this thesis not only contributes to the growing body of knowledge in affective
computing but also serves as a useful foundation for fellow researchers who share a passion for machine
learning and artificial intelligence.
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APPENDIX A: DEEP LEARNING
INITIALIZATION CODE

# Seed

SEED = 21

random.seed(SEED)

np.random.seed (SEED)

torch.manual_seed(SEED)

if torch.cuda.is_available():
torch.cuda.manual_seed_all(SEED)

cudnn.deterministic = True

cudnn.benchmark = False

MODEL AND

SEED

# Branch CNN class
class BranchCNN(nn.Module):

def _init_ (self, *args, **kwargs):
super()._init__()

self.convl = nn.Convid(in_channels=1, out_channels=320, kernel_size=3, padding='same')
self.bnl = nn.BatchNorm1d(320)
self.pooll = nn.MaxPoolld(kernel_size=2)

self.conv2 = nn.Convid(in_channels=320, out_channels=480, kernel_size=3, paddiny
self.bn2 = nn.BatchNorm1d(480)
self.pool2 = nn.MaxPoolld(kernel_size=2)

self.conv3 = nn.Convid(in_channels=480, out_channels=640, kernel_size=3, padding='same')
self.bn3 = nn.BatchNorm1d(640)
self.pool3 = nn.MaxPoolld(kernel_size=2)

self.convd = nn.Convid(in_channels=640, out_channels=060, kernel_size=3, padding='same')
self.bnd = nn.BatchNormid(960)
self.poold = nn.MaxPoolld(kernel_size=2)

self.convs = nn.Convid(in_channels=960, out_channels=1286, kernel_size=3, padding='same’)
self.bns = nn.BatchNorm1d(1280)
self.global_pool = nn.AdaptiveAvgPoolld(output_size=1)

def forward(self, x):
X = x.unsqueeze(1) # one initial "feature map"

F.relu(self.bnl(self.convi(x)))
x = self.pooll(x)

x = F.relu(self.bn2(self.conv2(x)))
x = self.pool2(x)
x = F.relu(self.bn3(self.conv3(x)))
x = self.pool3(x)
x = F.relu(self.bnd(self.conva(x)))

x = self.poold(x)

x = F.relu(self.bns(self.convs(x)))

self.global_pool (x)
X = x.squeeze(-1) # return (batch, 64)

return x

# Multimodal NN class
class MultimodalNN(nn.Module):
def _init_ (self, input_lengths, num_classes):
super().__init_ ()
self.branches = nn.ModuleList([
BranchCNN()
for _ in input_lengths
1
total_features = len(input_lengths) * 1280
self.fcl = nn.Linear(total_features, 1624)
self.fc2 = nn.Linear(1024, 768)
self.fc3 = nn.Linear(768, 512)
self.fc4 = nn.Linear(512, 256)
self.fc5 = nn.Linear(256, 128)

self.fc6 = nn.Linear(128, num_classes)

def forward(self, inputs):
features = []

for branch, x in zip(self.branches, inputs):
features.append(branch(x)) # -> (batch_size, branch_channels)

torch.cat(features, dim=1) # -> (batch_size, total_features)
x = F.relu(self.fci(x))
x = F.relu(self.fc2(x))
x = F.relu(self.fc3(x))
x = F.relu(self.fc4(x))
x = F.relu(self.fc5(x))

logits = self.fc6(x) # -> (batch_size, num_classes)
return logits
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APPENDIX B : CODE USER GUIDE

This codebase is designed to support an emotion recognition pipeline using both classical machine
learning and deep learning models. It includes scripts for data preprocessing, feature extraction, model
training, and evaluation.

The scripts test.py and visualization.py are used internally to store utility functions and visual routines.
They are not intended to be executed directly. In particular, test.py served as a sandbox environment
during development for testing of different components across the pipeline.

To begin using the pipeline, users must first configure the correct paths in the paths_config.py script.
These include the path to the raw data folder, the folder containing the response labels, the output folder
for handcrafted features, and the output folder for preprocessed raw signals. These paths must be updated
before any processing or model training can occur.

Once the paths are correctly set, the script processing.py should be run. This script handles all
preprocessing tasks, including interpolation, signal alignment, missing data handling, and feature
extraction. Feature extraction is modularized into three files: ppg_methods.py for
photoplethysmography signals, eda_methods.py for electrodermal activity, and therm_methods.py for
temperature sensor data. After processing is complete, the system outputs aligned raw signal data and
structured feature datasets suitable for classical models. Before executing any of the ML scripts, ensure
that the feature files or aligned raw signals have been generated successfully by the processing step.

To run unimodal evaluations using classical machine learning models, the script unimodal.py can be
executed. This script processes each modality individually, training three different models, Random
Forest, K-Nearest Neighbors, and Support Vector Machines, on each. For early fusion evaluation, the
feature_level.py script is used. It uses the concatenated features from all modalities and runs the same
three models on this combined dataset to assess fusion performance.

The deep learning pipeline is handled through the cnn_model.py script. This script can be used to train
a new model from scratch or test an existing model state file (.pth) on a fixed, seeded test set. Testing
assumes a saved model file is found in the current directory. If set to train, a new model using predefined
parameters will be trained and saved, along with the accuracy and loss curves.

To run the code, several Python libraries are required. The essential external dependencies include:

torch, for building and training the deep learning model,

sklearn, for classical machine learning algorithms, data splitting, and evaluation metrics,
heartpy, for sampling rate detection,

numpy and scipy, for numerical operations and signal processing routines,

matplotlib, for plotting and visualizations.

These libraries should be installed in the Python environment before executing any scripts. A standard
Python 3.x environment with pip can be used for installation.
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