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ABSTRACT

Emotions play an important role in Human-Computer Interaction (HCI), specially in health-
care, as they can provide psychological feedback on patients’ status. Wearable sensor data
such as electrodermal activity (EDA), electrocardiography (ECG), and Voice activity may
enhance emotion recognition, but their integration remains a challenge. This work aimed
to address this by exploring cross-modal synergies.

In pursuit of such goals, data collections have been conducted, encompassing record-
ings from these three modalities, during a sequential protocol. Diverse stimulus types
were employed covering four quadrants of the 2D Valence-Arousal spectrum. Signals
were pre-processed with state-of-the-art methodologies and meaningful feature were ex-
tracted. Optimization was extensively conducted using Machine Learning techniques,
as well as preliminary Deep Learning experiments. Multimodal fusion approaches were
evaluated through (1) early and (2) late fusion techniques and validated in the (a) collected
(public) and (b) external (private) datasets.

In unimodal analyses, the Voice signal showed higher performance on public datasets
(simulated emotions) compared to our protocol. Models averaged 69% (public) and 51%
(private) balanced accuracy (BA). Physiological signals had similar performance, 47%
(public) and 44% (private) BA for EDA, and 48% (public) and 52% (private) BA for ECG.
Combining data modalities using late fusion consistently outperformed unimodal strate-
gies, achieving 57% (public) and 60% (private) BA in a 4-class classification problem. An-
notator agreement significantly affected emotion detection, as models trained on consis-
tent labels performed better. For stimuli-wise, audiovisual, and acting tasks triggered
better model performance.

Emotion recognition remains challenging due to inherent uncertainty. Combining
modalities enhances model performance, emphasizing the need for reliable assessment

tools in healthcare scenarios.

Keywords: Emotion Recognition, Physiological Signals, Voice Activity, Multimodal Data

Fusion, Machine Learning
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RESUMO

As emogdes desempenham um papel fundamental na Human Computer Interaction (HCI),
especialmente na area da satide, pois sdo capazes de fornecer feedback psicolégico do es-
tado dos pacientes. Dados de sensores wearable como electrodermal activity (EDA), electro-
cardiography (ECG) e atividade vocal podem melhorar o reconhecimento de emogdes, mas
a sua jungao permanece um desafio. Este trabalho visa abordar esse desafio explorando
sinergias entre diferentes modalidades.

Desta forma, foram realizadas recolhas destes dados, seguindo um protocolo sequen-
cial. Foram usados vérios tipos de estimulos que incluem os quatro quadrantes do espetro
2D Valence-Arousal. Os sinais foram pré-processados com metodologias do estado da arte
e features relevantes foram extraidas. Foi realizada uma extensa otimizagdo usando técni-
cas de Machine Learning, bem como experiéncias preliminares de Deep Learning. Aborda-
gens de fusdo multimodal foram avaliadas por meio de técnicas de fusdo (1) precoce e (2)
tardia e validadas em datasets (a) coletados (publicos) (b) e externos (privados).

Nas andlises unimodais, o sinal de Voz mostrou um desempenho superior nos datasets
publicos (emulac¢des de emogdes) em comparagdo com o protocolo proposto. Os modelos
alcangaram uma média de 69% (publico) e 51% (privado) de balanced accuracy (BA). Os
sinais fisiol6gicos tiveram desempenho semelhante, de 47% (ptublico) e 44% (privado)
de BA para o EDA e 48% (publico) e 52% (privado) de BA para o ECG. A combinacdo
de modalidades de dados usando a fusdo tardia superou consistentemente, alcancando
57% (ptblico) e 60% (privado) de BA em um problema de classificagdo de quatro classes.
O acordo entre os anotadores afetou significativamente a detegdo de emogdes. Modelos
treinados com labels consistentes tiveram um desempenho melhor. Quanto aos estimulos,
tarefas audiovisuais e de atuagdo provocaram um melhor desempenho dos modelos.

O reconhecimento de emoc¢des ainda é um desafio devido a incerteza inerente. A com-
bina¢do de modalidades aprimora o desempenho do modelo, destacando a necessidade
de ferramentas de avaliagdo confidveis em cendrios de satde.

Palavras-chave: Reconhecimento de Emogoes, Sinais Fisiolégicos, Atividade Vocal, Fu-
sdo de Dados Multimodais, Aprendizado de Mdquina
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1

INTRODUCTION

This chapter describes the motivation behind this work, delineate its ultimate goals, and

conclude with an overview of the document’s structure.

1.1 Motivation

Emotions are complex phenomena that involve both psychological and physiological re-
sponses to stimuli, whether they are consciously perceived or not [2]. In Human-Computer
Interaction (HCI), emotions are an essential aspect to consider, as they provide valuable
feedback on whether users’ needs and expectations are being met and allow for dynamic
and intelligent adaptation of interfaces or services [3]. HCl is a multidisciplinary field that
focuses on creating software that is user-friendly and accessible to everyone, by studying
the relationship between people and computers and finding ways to make their interac-
tion easy and enjoyable [4].

In recent times, the healthcare industry field has undergone reasonable technologi-
cal advancements, opening the floor to decentralized treatments using wearable sensors
[5]. This progress has expanded the potential applications of assessing human emotions,
particularly in scenarios where understanding emotional states is advantageous, for ex-
ample, in psychological assessments [6].

Nonetheless, existing work on emotion recognition has not yet fully exploited the po-
tential of combining data from multiple sources, such as Electrocardiography (ECG), Elec-
trodermal Activity (EDA), and Voice Activity, in order to improve the reliability of end-to-
end systems [7]. Multiple studies were found using distinct data modalities but bringing
them together might bridge the gap to achieve a robust system. Therefore, this work aims
to investigate the benefits of multimodal data fusion for emotion recognition, and to ex-

plore different techniques for combining and analyzing data from multiple sensors.

1.2 Main Goals

The main objectives of this work are outlined below:

1



CHAPTER 1. INTRODUCTION

¢ Develop tools for emotion recognition using physiological and Voice activity data;

¢ Investigate the complementary nature of ECG, EDA, and Voice data. Demonstrate
the benefits of integrating them heading a more reliable and accurate emotion recog-

nition assessment;

¢ Demonstrate that simple, cost-effective Machine Learning (ML) techniques can pro-
vide trustworthy solutions to address complex tasks such as the presented;

¢ Study the influence of low-intensity stimuli on an emotion recognition task.

1.3 Outline

This thesis comprises five main chapters, alongside annexes and appendices cited when
necessary. In chapter 2, fundamental concepts are introduced as a basis for the subse-
quent work. This chapter covers the significance of physiological signals (EDA, ECG,
and Voice), their signal processing characteristics, and their roles in multimodal emotion
recognition. It also explores Artificial Intelligence (Al) topics, including ML and Deep
Learning (DL) algorithms, types of normalization, data fusion techniques, dimensional-
ity reduction methods, and evaluation metrics. The discussion extends to emotions in
HCI and the 2D Valence-Arousal model. The next chapter, chapter 3 has an overview
of the current state of the art. Next, chapter 4 addresses data sources, processing steps,
model development, and explains the emotion recognition task, covering both unimodal
and multimodal approaches. In chapter 5, results and corresponding discussions are pre-
sented, including insights from a low intensity scenario, unimodal and multimodal out-
comes for EDA, ECG, and Voice signals, and other relevant results. Finally, chapter 6
summarizes the research’s core findings and outlines potential directions for future re-
search.

The research work described in this dissertation was carried out in accordance with
the norms established in the ethics code of Universidade Nova de Lisboa. The work de-
scribed and the material presented in this dissertation, with the exceptions clearly indi-
cated, constitute original work carried out by the author



2

THEORETICAL BACKGROUND

This chapter provides a theoretical background of the topics under study. Theory behind
the EDA, ECG, and Voice signals, as well as ML and DL background, and the role of
emotions in the HCI field, are some of the topics covered.

2.1 Physiological Signals

2.1.1 Electrodermal Activity

The Autonomic Nervous System regulates the primary function of the sweat glands, which
is the regulation of temperature. Additionally, some sweat glands, especially those lo-

cated at the palms and soles of the feet, are also linked to psychological stimuli and evoked

emotions at an arousal level [8]. Sweat is composed mostly of water but also contains min-

erals, lactic acid, and urea, making it a good conductor of electricity [8].

This signal is comprised of two distinct components: a tonic component (Skin Con-
ductance Level (SCL)), ranging within [0, 0.16] Hz interval (lower frequency) [9], and a
phasic component (Skin Conductance Response (SCR)), ranging within [0.16, 2.1] Hz in-
terval (higher frequency) [9]. Figure 2.1 illustrates an SCR pulse, whose characteristics

are described as follows:

* Rise Time: time interval between the onset of the SCR pulse and its peak [10];

Latency: interval between the stimuli and the response onset [10];

Amplitude: amplitude difference between the onset and the SCR pulse peak [10];
* Decay time: time between the peak of the SCR pulse and its half recovery [10].

Before performing any analysis of an EDA signal, it is required to do some pre-processing
steps, mostly to separate both signal components and reduce the high-frequency noise ef-

fects. This way, some common pre-processing steps are described as follows:

* Downsampling: it optimizes memory usage and data processing without losing

meaningful information in the signal [12];

3



CHAPTER 2. THEORETICAL BACKGROUND

—

Latency
> Amplitude

"'—-'":?-"-.__ ________ U I
Rise time 1 Half
Stimulus recovery
time

Figure 2.1: Illustration of a typical SCR pulse morphology, along with annotations indi-
cating its main morphological characteristics [11].

¢ Low-Pass Filter: identical to a moving average, it smooths the signals reducing
high-frequency noise levels. Cut-off usually settled at 5 Hz [12];

* Decomposition: detaches the signal into tonic (trend) and phasic (pulses) compo-
nents using filtering, bayesian [13], or deconvolution [14] methods;

¢ Normalization: it standardizes the signal amplitude to get comparable amongst
different people and devices.

Upon signal cleaning, some features are ready to be extracted, depending on its do-

main:

* Amplitude: describes the response intensity to stimuli. Descriptive statistics over
SCR pulses or SCL trend may apply [12];

¢ Time: captures temporal relationships from SCR pulses (e.g., latency, rise/decay
times) [12].

2.1.2 Electrocardiography

The human cardiac muscle, also known as myocardium, requires a source of energy and
oxygen to function properly [15]. Its pumping action is regulated by an electrical conduc-
tion system that coordinates the contraction of its different chambers. This coordination
isnecessary to ensure a proper functioning [16]. So, the ECG signal results from capturing
the variations of the myocardium’s electrical depolarization over time.

Next, there are described the ECG waves and their associated characteristics:

¢ P Wave: represents atrial depolarization [17] and has a frequency range of [8, 10]
Hz [18];



2.1. PHYSIOLOGICAL SIGNALS

* QRS Complex: represents ventricular depolarization in three different phases. First,
the Q wave represents the depolarization of the interventricular septum, then the R
wave the depolarization of the main mass of the ventricles and finally the S wave,
the depolarization of the base [17]. The frequency range of this complex is [10, 40]
Hz [18]. The time interval between two successive R waves makes a beat, typically

denoted as RR or NN to emphasize that the heartbeats are normal and consistent;

¢ T Wave: represents the ventricular repolarization [17] and has a frequency range of
[5, 8] Hz [18].

QRS Complex

PR ST
Segment Segment

.
el

PRInterval

T

/N

S QT Interval

Figure 2.2: Illustration of the morphology of a standard ECG heartbeat (lead II). Intervals
and segments terminology are also denoted [19].

In terms of the signal pre-processing, several cleaning strategies apply. Many tech-
niques focus on preserving the frequency range of the signal and eliminating what’s not
included in that interval, typically the noise. Although the highest wave can reach 40Hz
(QRS complex), some researchers keep a larger frequency range to avoid losing the wave-
form detail [20]. Different levels of detail should be applied depending on the task at
handle [20]. Some examples of pre-processing techniques are described below:

¢ Downsampling: it optimizes memory usage and data processing without losing

meaningful information in the signal [12];

¢ Bandpass Filter: the combination of a lowpass, to remove high-frequency content
(e.g., noise), and a highpass filter, to attenuate low-frequency content (e.g., baseline
wander). A common cut-off bandwidth is placed within [0.1, 100] Hz interval [21];

* Notch Filter: it attenuates the effect of a particular frequency. Usually used to re-
move the powerline frequency content (50/60 Hz) [21];

5



CHAPTER 2. THEORETICAL BACKGROUND

Normalization: used to standardize the signal’s amplitude amongst different users
and/or devices.

The extraction of ECG features may differ depending on the domains where they are

computed (amplitude, temporal, spectral). Each domain offers unique information about

the signal, for example:

Temporal: important domain for capturing periodicity-related content from the sig-
nal, parameters as the time interval between RR intervals (IBI) and their successive
differences (SD) are analyzed. These metrics enable the extraction of important fea-
tures related to Heart Rate (HR)/Beats Per Minute (BPM) and Heart Rate Variability
(HRV) measures [21]. Additionally, it is also possible to extract features, such as the
width and length in a Poincaré plot (RRPW and RRPL), by considering the RR in-
tervals [22];

Spectral: by computing the Fourier Transform (FT), the frequency spectrum pro-
vides information about the most prominent frequency bands, from which some
features can be calculated, such as the centroid, roll-off, and the density of very low
(VLF), low (LF), and high-frequency (HF) spectral bands [23].

2.1.3 Voice Activity

A Voice signal, illustrated in Figure 2.3, typically recorded as an audio signal, is a com-

bination of periodical, evenly-shaped waveforms with different frequencies. The Fun-

damental Frequency (FO) of the vocal fold depends on many factors but the normal fre-
quency range stands within [175, 245] Hz for a female adult and within [105, 160] Hz for
a male adult [24]. Although the frequency of speech ranges within [200, 10000] Hz, most
of the energy is focused within [200, 3500] Hz interval [25].

As every time series, a set of pre-processing methods apply to Voice (audio) signals

before feature extraction takes place. Some examples are described below:

Pre-emphasis: enhances high-frequency content via a first-order differences filter
[26];

Framing: splits continuous audio signals into fixed-length overlapping segments,
where features are extracted from [26];

Low-Pass Filter: a undesired high-frequency content via a low-pass filter (6 kHz
cut-off) [27];

In audio signals, features can be extracted from multiple domains. In fact, the tempo-

ral domain does not offer as relevant information as some others. Audio signal patterns

are not easy to detect over time. That is why it is common to transform signals into both

frequency and time-frequency domains. The most common spectral representation of an
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audio signal is called spectrogram [28]. In Figure 2.3, a voice (audio) signal is shown along

with its spectrogram representation.

Audio signal (time domain)

Normalized amplitude

Time (s)

Spectrogram (time-frequency domain)

1.5
Time (s)

Figure 2.3: Illustration of voice activity captured by an audio signal. The waveform is
represented over time (top) and time-spectral (bottom) domains. Intensity is given in
Decibel (dB).

Some common features that can be extracted from a Voice signal are described as

follows:

* Spectral: features extracted from the frequency (or time-frequency) domain, for
example, the spectrum’s roll-off, bandwidth, centroid, spread [29], period, energy
[30];

* Cepstral: cepstrum is a type of spectral space computed through the inverse FT
of the frequency spectrum’s logarithm of the input waveform [31]. Mel Frequency
Cepstral Coefficients (MFCC), Linear Prediction Cepstral Coefficients (LPCC) [29]
and Cepstral Peak Prominence (CPP) [32] are some examples of features;

¢ Temporal: offer an indirect measure of frequency-related content, such as Zero
Crossing Rate (ZCR) [29], and jitter [33];

¢ Amplitude: it measures oscillation levels in the amplitude domain, which can be
tracked by shimmer [33].
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2.2 Artificial Intelligence

Al involves methods that allow computers to mimic human behavior and surpass human
decision-making in solving difficult tasks, either on their own or with limited human in-
volvement [34]. ML is a subset of Al and refers a computer program’s ability to enhance
its performance through experience on a particular set of tasks and performance metrics
[35]. As a sub-area of ML, DL uses multiple layers of nonlinear processing to automat-
ically extract and transform features from data. This hierarchical structure results in a
strong representation of features and makes DL ideal for processing and uncovering in-

sights from large quantities of data from different sources [36].

2.21 Machine Learning Algorithms

In the ML field, algorithms can be divided into (1) supervised and (2) unsupervised, ac-
cording with the availability of expected target labels. Supervised approaches can be fur-
ther split to handle (1) classification or (2) regression tasks, whether the expected values
are categorical or continuous, correspondingly. As supervised methods play an essential
role in this work, a few of them are described below:

¢ Decision Tree (DT): algorithm that uses a tree-like model to make decisions based
on a set of conditions. It works by recursively partitioning the input data based on
the feature values and creating a tree of decisions that can be used to classify new
data (threshold-based) [37];

* Naive Bayes (NB): algorithm based on Bayes Theorem, assuming independence be-
tween features (threshold-based) [37];

* Support Vector Machine (SVM): it separates classes by creating boundaries be-
tween them, maximizing the distance between their boundaries (distance-based)
[37];

¢ K-Nearest Neighbour (KNN): it assigns an unknown input sample based on the
distance to the k nearest labeled samples (distance-based) [38];

¢ Linear Discriminant Analysis (LDA): it involves identifying the hyperplane of pro-
jection that minimizes inter-class variance and maximizes the distance between pro-

jected means of classes (distance-based) [39];

* Quadratic Discriminant Analysis (QDA): it models the decision boundary between

classes using quadratic functions of the predictors [40];

Ensemble algorithms are also part of this category, since they combine multiple weak
learners to improve their generalization capabilities [41]. A few examples are:

* Random Forest (RF): combines the decisions of multiple independent DTs whose
output is aggregated in a voting approach [42];
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¢ Light GBM (LGBM): propagates gradient between multiple weak learners (DTs) to
optimize their performance [43]. Prone to overfit;

* Ada Boost (AB): assigns different sample weights to the data that will feed the next
learner, in an iterative fashion [44]. Also prone to overfit.

2.2.2 Deep Learning Algorithms

DL algorithms can be divided in (a) discriminative or (b) generative model whether they
try to (a) draw boundaries in the data space (classification or regression) or (b) build an
algorithm to model the inner data distribution, respectively [45].

An example of a DL architecture is the Convolutional Neural Network (CNN). This
model utilizes sequential convolutional operations for spatio-temporal relationship anal-
ysis (see Figure 2.4). Convolutional layers condense input data, preserving meaningful
features. It’s applied in Natural Language Processing (NLP), speech processing, and com-
puter vision [46]. Additionally, an Long Short-Term Memory (LSTM) network captures
sequential patterns in data, valuable in various fields, such as speech recognition and
sentiment analysis [46].

led Fully-connected 1

oo
feature maps pooled feature maps  foature maps
feature maps i

% v
|—|_|I-_r|_ ¥

r

Input Convolutional Pooling 1 Convolutional
layer 1 layer 2

Qutputs

Poaling2

Figure 2.4: The structure of a CNN, consisting of convolutional, pooling, and fully-
connected layers [47].

2.2.3 Feature Normalization

After extracting features and before feeding them for training models, it is common prac-
tice to normalize the feature sets. This aims to constrain each feature’s value range and

optimize ML algorithms’ learning process. A few types are described as follows:

¢ MinMax Scaling (M): it scales data by their minimum and maximum values, being
rather sensitive to outliers. It is described as:

X - Xmin

Xscaled = X (2-1)

max — Xmin

where X is the original feature value, X;;;; its minimum, X4, its maximum, and

Xscaled its scaled value;



CHAPTER 2. THEORETICAL BACKGROUND

* Robust Scaling (R): it scales data by their median and Interquartile (IQR) values,
being, thus, more robust to outliers. It is formulated by:
X —median(X)
IQR(X)

where X is the original feature value, median(X) its median, IQ R(X) its interquar-

Xscaled = (2-2)

tile X, its minimum, X, its maximum, and X 4.4 its scaled value;

e Standard Scaling (S): it scales the data to become zero mean, unit variance dis-
tributed. It is defined as:
X—p
Xscaled = T (23)
where X is the original feature value, p its mean, ¢ its Standard Deviation (STD),

and Xg¢41e4 its scaled value.

2.2.4 Data Fusion Techniques

The complementary and richer information obtained from multiple sensors has led to im-
proved results compared to a single input. Although monomodal learning systems have
made significant progress in accuracy and robustness, they still have limitations and in-
accuracies. Researchers have turned to deep multimodal learning techniques to enhance
model performance. To work with multimodal approaches, capturing and fusing infor-
mative features from multiple modalities is crucial and can be categorized into two main

different techniques [48]:

¢ Late Fusion: classifying features from different modalities and then fuse to create
the final prediction, but this can decrease the overall performance of the integration

process [48]. Some examples of late fusion techniques are described above:

- Voting: combines predictions from multiple classifiers by selecting the mode
(most frequent prediction) across all individual classifiers for a given instance,
and it can be described by the followed equation:

Y= mOde(Yl,j'Y2,j"'-rYM,j) (24)

where M is the number of classifiers, y; ; the predicted class label by the i-th
classifier for the j-th instance, and §; the class predicted by the voting tech-
nique;

— Averaging: does the predictions by taking the average of predicted class labels
from multiple individual predictors, and it’s described as follows:

1 M
9= 57 2,9 25)
i=1

where M is the number of classifiers, ; ; the predicted class label by the i-
th classifier for the j-th instance, and 7; the class predicted by the averaging
technique;

10
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— Max Voting: determinates the class by selecting the one with the highest com-
bined probability across all individual modalities, and the equation that de-
scribes this is:

7j = maxg(max;(p; jk)) (2.6)

where M is the number of classifiers, p; j x be the probability predicted by the
i-th modality for the j-th instance belonging for the k-th class, and 7j; the class
predicted by the voting technique.

- Weighted Averaging: gets the predictions by assigning weights to each predic-
tor’s prediction from multiple individual predictors. The equation is described
as follows: y R

9 = Zi:;/fwi-yi,f
Zis1 W,

where M is the number of classifiers, §J; ; the predicted class label by the i-th

(2.7)

classifier for the j-th instance, w; the weight assigned by the i-th classifier, and

7 the class predicted by the weighted averaging technique.

¢ Early Fusion: features are combined at an early stage and fed into a single classifier.
In this case, the diverse nature of data modalities and the rapid growth of features
dimensionality may potentially overfit models and lead to inaccurate predictions
[48].

2.2.5 Dimensionality Reduction

Dimensionality reduction simplifies high-dimensional data into a more compact, mean-
ingful representation. Its aim is to capture data complexity with fewer parameters, known
as intrinsic dimensionality. This technique addresses the curse of dimensionality, im-
proving computational efficiency, data visualization, classification accuracy, and com-
pression. It streamlines complex data for enhanced manageability and insights [49]. It
exists various techniques to perform dimensionality reduction, such as Uniform Manifold
Approximation and Projection (UMAP), that reduces the dimensionality by preserving
the local and global structure of the data, optimized through a topological strategy which
minimizes discrepancies in pairwise similarities between the original and lower feature
spaces [50]. Others techniques are the Principal Component Analysis (PCA) [51], and
t-distributed Stochastic Neighbor Embedding (t-SNE) [52].

2.2.6 Evaluation Metrics

The performance of trained models in classification problems can be evaluated globally
through various metrics, being this a very important step on the model selection pro-
cess. The confusion matrix, produced from the outcomes of the classification, is a widely
used representation since every evaluation metric are derived from it [21]. In Table 2.1, a

representation of a default confusion matrix is depicted.
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Table 2.1: Confusion matrix for binary classification.

Predicted
True False
True True Positive (TP) False Negative (FN)
False False Positive (FP) True Negative (TN)

Actual

The different values from each cell in a confusion matrix represent different charac-
teristics. From Table 2.1, TP is the number of instances that are correctly predicted as pos-
itive, TN the number of instances that are correctly predicted as negative, FP the number
of instances that are incorrectly predicted as positive, and FN the number of instances
that are incorrectly predicted as negative.

Besides this, multiple metrics can be extracted from the confusion matrix and charac-

terize the model’s performance with single, absolute values. A few examples are given
by:
* Accuracy: it measures the proportion of correctly classified samples to the total

number of samples that were classified [21];

Accuracy = TP+TN
Y= TPY¥TN+FP+EN

(2.8)

* Precision: this metric is used to measure the proportion of true positive samples in
the total number of samples that are predicted as positive [21];

TP

TP +FP 29)

Precision =

* Recall: this is a metric that measures how many of the actually positive samples are

predicted as positive [21];
TP

Recall = m

(2.10)

* F-Measure: it calculates the harmonic mean between the recall and precision [21].

Precision - Recall

F-M =2 —
casure Precision + Recall

(2.11)

But it is important to reinforce that the formulas of these performance metrics are de-
signed for binary classification. When dealing with problems involving more than two
classes, it becomes necessary to compute the metrics for each class individually and sub-
sequently apply a specific type of averaging. There are three commonly used averaging
techniques in multi-class scenarios, micro average, weighted average, and macro average,
that performs an arithmetic mean of a given score over all classes. Being widely used to

report results in imbalanced datasets, it is formulated as:
1y
Xinacro = ﬁ Zl: Xi (2.12)
1=
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where N is the number of classes, X; the score of class i, and X;;4cr0 the macro-averaged

score.

The Receiver Operating Characteristic Curve (ROC) curve, illustrated in Figure 2.5,
provides an insightful visualization of the delicate balance between Sensitivity and Speci-
ficity scores. It offers a glimpse into the model’s predictive confidence, revealing the inter-
play between its ability to correctly identify positive cases while avoiding false positives.
One prominent metric derived from the ROC curve is Area Under the ROC Curve (AUC),
which falls within the range of 0 to 1. This metric serves as a valuable gauge of how well
the model distinguishes between the confidence levels of Positive and Negative class pre-
dictions. A higher AUC suggests a stronger discriminatory power, signifying the model’s
effectiveness in distinguishing between these two classes with confidence.

ROC curves

0.8
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TPR (Sensitivity)

0.2+

1 L
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1

FPR (1 - Specificity)

Figure 2.5: Representation of several ROC curve shapes. Each one corresponds to a dif-
ferent model performance [53]. The sharper the curve, the higher will be its AUC. The
light-blue line achieved the best performance (as it has the highest area under its curve),
while the dark-blue line obtained the worst one.

2.3 Emotions on Human-Computer Interaction

After along period of time of not considering emotions in a HCI, it is now understood that
they play a critical role in this type of environments. In fact, advancements in high-speed
and high-quality signal processing have enabled technology to accurately assess a user’s
emotional state in real-time [54] as it has been demonstrated that a person’s emotions are

always reflected in their actions [55].
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2.3.1 2D Valence-Arousal Model of Emotion

It is also important to know the type of emotions that exist so to machines have the ca-
pability to classify them when analyzing a human behaviour. On example of a model
of emotion is the 2D Valence-Arousal, that describes emotions as a pair of valence and
arousal intensity. Valence and arousal can go from low/negative to high/positive. So,
the emotions can be viewed as a part of a 2D graph, where sentiments can be placed in
four different quadrants, combining low and high arousal with low and high valence [56]:
the first quadrant is called High Valence High Arousal (HVHA), the second one High Va-
lence Low Arousal (HVLA), the third one Low Valence High Arousal (LVHA) and the
fourth one Low Valence Low Arousal (LVLA). A visual representation of this model with
examples of some emotions can be visualized in Figure 2.6. Some researchers also use a
third dimension, the dominance, that represents the degree of control that a person has

over their affective states [57].

Arousal
high
II _ I
High- Arousal, Tense Excited High- Arousal,
Negative-Valence Positive-Valence
Angry Delighted
Frustrated Happy
<—negative neutral positive=—> Valence
Depressed Content
[[[ Bored Relaxed l\
Low-Arousal, Low-Arousal,
Negative-Valence Tired Calm Positive-Valence

low

Figure 2.6: The 2D Valence-Arousal Model of Emotion [56].

2.3.2 Physiological Assessment of Emotions

The integration of the EDA, ECG and Voice signals births a new paradigm in emotion
recognition. Each modality brings its unique lens, capturing facets of emotions unseen by
the others. EDA emerges as an invaluable window into emotional arousal. This modality
discerns arousal levels by measuring SCL changes in response to emotional stimuli, that is
influenced by the automatic nervous system [58]. The ECG signal, by capturing the heart
rate variations, it can measure the variations of the sympathetic and parasympathetic
nervous systems as they influence it. In fact, it is known that an increase in the HR can
be cause by an increase of the arousal of the emotions. On the other hand, emotions
of negative valence cause the deceleration of it [59]. For the last, modifications in some
features of the voice signal can be derived from both differences in the arousal as well
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as the valence dimension. For example, high arousal emotions are linked with higher FO
mean and range, quicker pitch rises and falls, and increased vocal intensity. On the other
hand, negative emotions are associated with specific acoustic variations, such as longer

pauses, quicker FO falls, and increased vocal intensity [60].

2.4 Biomedical Applications

Emotion assessment plays a important in various aspects, including mental health diag-
nosis and treatment for conditions such as depression, anxiety, and post-traumatic stress
disorder [61]. In conditions such as autism spectrum disorder and neurodegenerative
diseases (e.g., Huntington’s disease, Parkinson’s disease, and multiple sclerosis), it helps
comprehend deficits in emotional processing and better tailor interventions to enhance
emotional well-being and improve patients” quality of life [62, 63]. Emotion recognition
has plenty of option for potentially offering insights to complement medical procedures
(e.g, diagnoses, treatment outcomes) [64]. This understanding empowers healthcare pro-
fessionals to tailor their communication and care strategies to align with the emotional
needs of each patient [65]. Emotion recognition tools stand to benefit a substantial por-
tion of the population [66]. Around 10% of the population exhibits Alexithymia trait,
described as a limited capacity to self-describe their emotional state [66]. This percentage
may raise up to 40% in case people already suffer from a prior mental disorder [66].

In healthcare, Tivatansaku and Ohkura (2013) developed a system utilizing augmented
reality, emotional detection, and physiological monitoring to guide users in deep breath-
ing for stress reduction [67]. Zenonos et al. (2016) introduced a novel mood recognition
solution in workplace environments, identifying eight emotions using physiological sig-
nals namely, ECG, Photoplethysmography (PPG), Skin Temperature (ST), associated with
a complementary app called HealthyOffice for optimizing mental health and productivity
[68]. Anusha et al. (2018) conducted a workplace study, focusing on binary emotional
classification (stress vs. non-stress) with ECG, EDA, and ST [69]. Tacconi et al. (2008)
contributed to early mental disorder diagnosis using the P-cube platform, detecting six
emotions (anger, boredom, desperation, disgust, happiness, pride) via smartphone or lap-
top [70]. Pioggia et al. (2010) addressed stress assessment with Interreality-based man-
agement, merging real and virtual worlds for effective treatment [71]. Ma et al. (2012)
introduced mobile-based mood assessment, offering an objective method for daily mood
tracking [72].
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STATE OF THE ART

Emotion recognition has been a longstanding pursuit, with research spanning various
modalities. Particularly, physiological and voice data have been integral in developing
emotion classification tools. Many studies have focused on biosignals, excluding speech,
to create robust emotion classifiers. For instance, one noteworthy study by Dominguez-
Jiménez et al. (2020) leveraged both PPG and EDA signals to classify emotions into va-
lence categories (positive, negative, neutral). Participants were exposed to video clips,
and features were extracted from time and frequency domains. Employing an early fu-
sion approach, and combining features from both signals, the researchers achieved an
impressive 100% accuracy using Recursive Feature Elimination (RFE) for feature selec-
tion and SVM for classification [59].

Another avenue of research explores ECG signals. For example, Aziz et al. (2023)
captured ECG and PPG signals from audiovisual stimuli to rigger and capture specific
emotions. Several ML techniques, including SVM, KNN, NB, DT, RF, apart from DL ap-
proaches, were employed. Notably, SVM achieved an accuracy of 69% for arousal, 59%
for valence (both using 2 classes), and KNN achieved 32% for dimensional emotion classi-
fication (in four quadrants of the 2D Valence-Arousal model) [73]. In Hristova, Grinberg
and Lalev (2008), ECG, EDA, PPG, and Electromyography (EMG) signals were explored.
A unique aspect of this study was calibrating the classifier using images and then testing it
within an Embodied Conversational Agents (ECA) interaction scenario. LDA emerged as
the top-performing algorithm for the ECG signal, achieving an averaged accuracy of 38%
using negative, positive and neutral valence [74]. Some other studies regarding emotion

recognition uses EDA signal such as [75-77].

An emerging trend involves combining ECG (or related signals such as PPG or HR)
with EDA, as showcased in Ali et al. (2018). In this study, data collection was conducted
in a subject-independent manner, with the model evaluation performed on subjects sep-
arate from those used during the training phase. Using CNN, an early fusion approach
combining ECG and EDA signals resulted in a remarkable accuracy of 83% using four
classes (from each quadrant of the 2D Valence-Arousal model) [78]. Moreover, Jang et
al. (2014) employed an early fusion approach using EDA, ECG, ST, and PPG signals with
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extended emotional stimuli from long film clips. Features were extracted, encompassing
SCR, HRV, and HR statistics. Various machine learning algorithms were tested, with NB
achieving the highest accuracy of 54%, with seven categorical emotions [79]. A similar ap-
proach was adopted in Xie, Xu and Shu (2018), which incorporated ECG, SCL, and EMG
from a public dataset. The study aimed to classify five basic emotions, which were later
condensed into two categories (positive and negative valence). Results showed that late
or early fusion techniques, combined with specific feature selection methods, improved
the unimodal results significantly. [80]. Besides this, there are a plenty of other studies
that work with ECG signals such [75, 81, 82].

The Voice modality was also a focus of research, with Christ et al. (2022) analyzing that
signal, along with text, and video recordings of soccer coaches during press conferences.
A distinct approach here was the use of Martin’s Humor Style to categorize emotions
as positive or negative and self or other-directed, resulting in a 2D emotion space. Late
fusion techniques were utilized, resulting in improved results compared to using a single
modality in isolation. Combining audio, text, and video features achieved an AUC of 61%
for emotion direction and 70% for their identification, as reported in [83]. Notably, Bo et
al. (2014), using a hierarchical fusion approach with Voice signals, got an accuracy of 47%

with seven classes [84]. Some other studies that work with voice signals are [85-87].
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METHODOLOGY

In this chapter, the systematic technical framework comprising the proposed emotion
recognition pipeline is described in several building blocks, from (a) datasets description,

(b) data processing, (c) model development, and (d) data fusion strategies.

4.1 Data Sources

In this study, a range of databases were employed, including several publicly available
ones that have been utilized in previous emotion recognition projects.

The Intelligent Customer and Advanced Natural Systems (ICANS) dataset, stemming
from the detailed acquisition protocol outlined in subsection 4.1.1, stands as the most fre-
quently employed. Additionally, three other public datasets are utilized: Young Adult’s
Affective Data (YAAD) and A Dataset for Affect, Personality and Mood Research on In-
dividuals and Groups (AMIGOS) containing EDA and ECG signals, and European Por-
tuguese Emotional Discourse Database (EPEDD) and An Emotional Speech Database In
Portuguese (EMOUERY]), both encompassing Voice signals.

The YAAD dataset encompasses the EDA and ECG signals, spanning six core emo-
tions (surprise, anger, fear, happiness, sadness, disgust, with an added neutral state),
obtained from 12 participants interacting with 21 stimulus videos distributed across three
sessions[88]. The AMIGOS dataset comprises physiological recordings (EDA, ECG). There
were two different experiments, where the subjects were alone (and watched 16 short af-
fective video clips) or in a group (and watched 4 long affective video clips), and there were
obtained seven different felt emotions (neutral, happiness, sadness, surprise, fear, anger,
and disgust) [75]. The EPEDD dataset, an acted emotional speech repository developed
at Universidade Catdlica do Porto, involves 8 actors performing 9 emotions (anger, apa-
thy, disgust, fear, interest, joy, sadness, surprise, and neutral) through 5 long sentences, 5
short sentences, and two single words, providing comprehensive recordings along with
actor-related details [89]. The EMOUER] database, originating from the State University
of Rio de Janeiro, includes audio recordings featuring ten sentences for each emotion -

happiness, anger, sadness, and neutral — each recorded by eight actors [85]. Some other
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information about the datasets used are described in Table 4.1.

Table 4.1: Information about the datasets used in this work.

Name Availability Modalities Labels Stimuli N¢ Samples References
Recall 2
EDA 5 Categorical Visual
ICANS Private ECG gorce Auditory 316
. Emotions ..
Voice Audiovisual
Acting
. EDA 2D Valence-Arousal _—
YAAD Public ECG Quadrants * Audiovisual 252 [88]
. EDA 7 Categorical .
AMIGOS Public ECG Emotions * Audiovisual 800 [75]
EPEDD Public Voice 9 Categorical Acting 826 [89]
Emotions
EMOUER]  Public Voice 4 Categorical Acting 377 [85]
Emotions

! Happiness, Stress, Sadness, Relaxation;

2 Memory Recall;

® HVHA, LVHA, LVLA, HVLA;

4 Happiness, Surprise, Anger, Fear, Disgust, Sadness, Neutral;

° Interest, Joy, Surprise, Anger, Disgust, Fear, Apathy, Sadness, Neutral; Happiness, Anger, Sadness, Neutral

4.1.1 Data Acquisition

Before the data acquisition process, participants completed demographic forms, provid-
ing age range, region of origin, and gender information.

The data acquisition protocol aimed to evoke emotions using various stimuli, includ-
ing memory recall, visual and auditory cues, audiovisual presentations, and acting per-
formances. Stimuli were chosen to elicit specific emotions, ensuring equal exposure to
various emotional states. Visual stimuli were adjusted if a participant had phobias. Par-

ticipants were also screened for phobias related to enclosed spaces or darkness.

The collected signals included audio, text, and biosignals (EDA and ECG). After each
stimulus, participants rated their emotions (neutral, sadness, happiness, or relaxation),
each one corresponding to a different quadrant of the 2D Valence-Arousal model, and
their intensity on a scale from 1 to 5. Baseline status was recorded before data collec-
tion, with rest periods provided after each task. In Figure 4.1 is a illustration of the data
acquisition protocol.

Two independent annotators evaluated each acquisition, assessing the individual’s
emotion and intensity. Both annotators provided their assessments based on the signal
and reported emotions. The final emotion and intensity values resulted from a balanced
combination of the subject’s evaluation (weighted at 0.4) and each annotator’s assessment
(weighted at 0.3), ensuring a comprehensive assessment. Additionally, in Figure A.2 it’s
an illustration of the data acquisition setup.
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Course of Events
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Figure 4.1: Squematic of the acquisition protocol. It consists of four memory recall, eight
visual, four auditory, one audiovisual, and 4 acting stimuli. Data collected from each
stimulus includes EDA, ECG, and Voice signals. Resting periods follow each stimulus.

4.2 Programming Environment

In order to develop this project it is necessary to set up a programming environment, being
also needful to use some libraries as a way to correctly performance every task needed.
All the experiments performed in this work have been developed in Python language,
on Visual Studio Code Integrated Development Environment (IDE). Multiple Python
frameworks have been employed for signal pre-processing and feature extraction (Scipy
[90], Numpy [91], Librosa [92], Neurokit2 [93], Heartpy [94], Biosppy [95]), feature ma-
nipulation (Pandas [96], UMAP [50]), data augmentation (Tsaug [97], Audiomentations
[98]), data visualization (Seaborn [99], Matplotlib [100]), as well as ML (Scikit-learn [101],
Lightgmb [102]) and DL (Tensorflow [103], keras [104]) algorithms implementation.

4.3 Data Processing

This subsection covers detailed data processing for EDA, ECG, and Voice signals. It
starts with signal processing, then it’s discussed feature extraction, feature normaliza-
tions are addressed, and data augmentation and dimensionality reduction techniques

are explained.

4.3.1 Signal Processing

Signal processing is the initial step in the pipeline, and each signal type undergoes specific

procedures:

¢ EDA and ECG Signals: resampled to 100 Hz, after which butterworth filters were
computed to filter out undesired frequency bands. For ECG, a 5th order high-pass
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filter (0.5 Hz cut-off) and a notch (50 Hz cut-off) were applied. For EDA, a 4th or-
der low-pass filter (5 Hz cut-off) cleaned the signal. Both signals were framed into

consecutive 5-second windows (50% overlap);

* Voice Signal: resampled to 16kHz. Long silences are removed based on an intensity-
based threshold., followed by a pre-emphasis and a 4th order butterworth low-pass
filter (6 kHz cut-off). The signal was framed into 60ms consecutive windows (50%
overlap).

Normalization may or not be applied. For Voice, it ranges from -1 to 1. EDA and ECG
signals normalize between 0 and 1, reflecting the original signal’s minimum and maxi-
mum values. EDA and ECG normalization occurs after resampling, while Voice signal
normalization follows beep and silence removal. In Figure A.3 it’s a visual representation

of the signals before and after the pre-processing steps described above.

4.3.2 Feature Extraction

Features are then extracted, either frame-based or signal-based, depending on the feature
type. Frame-based features are aggregated through statistical descriptors (e.g., mean,
maximum, minimum, kurtosis) along with the energy of the feature. In the ECG signal,
additional statistical metrics such as the Root Mean Square (RMS) and Mean Absolute De-
viation (MAD), which are commonly used in this modality, are included in their features.
A summary of these extracted features per signal is provided in Table 4.2. In Figure A4,
a visual representation of the preprocessing steps applied to the EDA and ECG signals
before feature extraction is presented.

Examining the details in Table 4.2, it’s observed that the Voice signal contains features
from all modalities, while the EDA signal covers time, amplitude, and spectral domains.
In contrast, the ECG signal consists solely of features from the time and spectral domains.
To access a comprehensive list of the features extracted from each signal and understand

their composition, please refer to Annex I.

4.3.3 Feature Normalization

When it comes to feature normalization, various methods are employed, as described in
subsection 2.2.3. Additionally, the normalization process can vary depending on specific

conditions or groups, including:
¢ Full Column Normalization (FCN): scales the entire feature columns uniformly;
* Subject-Based Normalization (SBN): scales feature columns per subject;

¢ Baseline Normalization (BN): scales feature columns per each subject’s baseline pe-
riod (only applies to the ICANS dataset);
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Table 4.2: Features extracted from each modality.

Feature
Time Amplitude  Spectral  Cepstral
Rolloff
Bandwidth
SCR Signal ~ Centroid
SCR Pulse Entropy -
SCL Signal ~Maximum
Minimum
Mean
Rolloff
Bandwidth
Centroid
Entropy
ECG HRV Measures ) Maximum )
Breathing Rate Minimum
Mean
VLF Power
LF Power
HF Power
Rolloff
Bandwidth
Centroid
Jitter . Entro
ZCR Shimmer Maxim};};n
Minimum
Mean
Contrast

Data

SCR Risetime
SCR Recovery Time
SCR Intervals
Number of SCRs

EDA

MECC
cpPp
LPCC

Voice

* RestNormalization (RN): identical approach to BN where features are scaled through
the resting periods following each task (only applied to ICANS dataset, namely,
EDA and ECG signals).

In total, there are 26 feature sets representing different combinations of normaliza-
tion approaches: 4 types of feature normalization (FCN, SBN, BN, RN) x 3 methods of
normalization (M, S, R) x signal normalization (yes or no). Additionally, there is a file
dedicated solely to signal normalization or not, with no feature normalization applied.

The equation that describes this whole feature normalization process is:

Xt = S(Xi) (4.1)

where X; the initial set of values of a feature, and X; the transformed ones, S € {M, S, R}
andt € {FCN,SBN,RN,BN}.

4.3.4 Feature Selection

Certain features within the dataset might lack relevance for the model’s predictive capa-
bilities. Consequently, feature selection techniques are employed to enhance the model’s
effectiveness and to reduce its dimensionality as much as possible. The number of se-
lected features is optimized during the grid search process that is more described in sub-
section 4.4.1.

Besides that, it was first identified the best ten features from each feature set across the
best-performing models in each dataset. These features were then scored on a 10-point
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scale, with the best feature receiving 10 points and so forth. It was subsequently com-
puted the cumulative scores for each feature across the best ten models. The ten features
with the highest scores were chosen. Additionally, their relative importance was assessed
by dividing the "points’ of each feature by the points awarded to the best feature. It is im-
portant to note that some features had multiple aggregations, and as a result, they might
appear in the best ten multiple times. So, to avoid that, it was only focused primarily on

their inclusion within the best ten features.

4.3.5 Data Augmentation

Due to thr large number of parameters in DL algorithms, a large number of training ex-
amples must be used to prevent overfitting issues. To overcome the lack of data, augmen-
tation techniques applied before feeding data to train DL models.

Regarding ECG data, data augmentation did not apply since 5-second frames were
used, resulting in thousands of examples, which seemed reasonable. For EDA signal, (a)
time warp, (b) data drift, and (c) gaussian noise addition helped generate synthetic but
morphologically identical signals. Voice signals’ transformation was conducted via (d)
pitch shifting, (e) clipping distortion, and (f) gaussian noise addition. Too see an example

of an EDA and Voice signal before and after augmentation, refer to Figure A.5.

4.3.6 Dimensionality Reduction

Dimensionality reduction was applied to the Voice datasets with the purpose of data vi-
sualization and measure distance between datasets to investigate the intensity of stimuli
or emotional responses in distinct contexts. To do this, UMAP technique was employed.

4.4 Model Development

After completing all data processing steps (including signal pre-processing and feature
extraction), data is ready to be fed into classification models for training. In this stage,
both feature harmonization and ML /DL optimization strategies are covered in detail. In

Figure 4.2 it’s an illustration of the pipeline of this work.

4.4.1 Machine Learning

For an effective classification ML pipeline, a sequence of key steps is essential. The pro-
cess encompasses signal processing, feature extraction (and subsequent feature normal-
ization). These processed features are then fed into ML algorithms, ultimately delivering
the desired classifications. Initial tests with various classifiers identified overfitting con-
cerns in some models, necessitating parameter adjustments. Then, it was conducted a

grid search, and their parameters are described in detail in Table 4.3.
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Figure 4.2: Model development of this work. It starts by the signal cleaning then it’s
framming. Then, in the ML approach, it occurs the feature extraction, whereas in the DL
algorithm the data augmentation. Then, it’s done the model optimization, and in the last
step, the evaluation of the results obtained.

Table 4.3: Hyperparameter search ranges for diverse ML algorithms.

ML Algorithm Hyperparameter Search Range
max_depth [2, 8]
min_samples_split [0.05, 0.5]
DT min_samples_leaf [0.05, 0.5]
max_leaf_nodes [6, 14]
max_features [0.4,0.9]
kernel [rbf, poly]
SVM C [0.01, 100]
n_neighbors [5, 20]
KNN leaf_size [10, 40]
n_estimators [4, 20]
max_depth [2,8]
RE min_samples_split [0.05, 0.5]
min_samples_leaf [0.05, 0.5]
max_leaf nodes [6, 14]
max_features [0.4,0.9]
n_estimators [4, 20]
Light GBM max_depth [2,8]
num_leaves [6,14]
Ada Boost n_estimators [4, 20]
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4.4.2 Deep Learning

The DL approach followed a sequential process encompassing, signal processing, data
augmentation, and the implementation of dedicated deep learning algorithms to produce
results. Simple CNN architectures were employed for each modality.

A notable difference across the modalities was the architecture of the convolutional
layers. The EDA and ECG signals utilized 1D convolutional layers, while the Voice sig-
nal employed 2D convolutional layers. This architectural difference stemmed from the
input data: the Voice signal used MFCC as input, whereas EDA and ECG signals used
their raw waveform data. This architectural divergence accommodated the unique data
representations and processing needs of each modality. In Table A.1, it’s the training pa-
rameters for the DL algorithms. Conversely, Table A.2 contains the architecture details
for the CNN used with all the signals.

4.4.3 Training Strategy

In the training strategy employed, it was utilized a stratified group k fold approach, where
groups where subjects. This method was chosen to counteract potential subject bias, en-
suring an unbiased distribution of data between the training and testing sets. This in-
volved partitioning the data into three folds and separating the samples to achieve opti-
mal balance among the classes.

For a comprehensive assessment of model performance, two main metrics (Balanced
Accuracy (BA) and Fl-macro), bolstered by an STD due to the folds, played a signifi-
cant role in interpreting the grid search results. These metrics prove particularly valuable
when dealing with imbalanced datasets. The issue of class imbalance holds significant
importance in ML, as it can hinder the model’s learning process and lead to overconfi-
dence towards the majority class. In this context, the recall macro (BA) metric played a
vital role by assessing recall for each individual class and then aggregating these values,
thereby ensuring a fair and impartial evaluation across all classes, including those with

limited instances.

4.5 Emotion Recognition

This section encompasses the exposition of the emotion recognition task through both
unimodal and multimodal approaches, integrating all the themes discussed throughout
this chapter.

4.5.1 Unimodal

Following the development of models and data processing, emotion recognition within
each modality was meticulously evaluated, with model performance assessed using F1
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and BA scores across various models described in both ML and DL sections (see sub-
section 4.4.1 and subsection 4.4.2 respectively). This encompassed public and private
datasets, with a focus on selecting the best-performing models. Optimal features were ex-
tracted with different normalization techniques. Additionally, performance metrics were
extracted for the best models in the private dataset, and validation extended across di-
verse dataset characteristics. In ML, a cross-validation strategy has been applied. In DL,
it was exclusively employed the best models within their respective datasets, excluding

cross-testing due to minor parameter variations that did not significantly affect outcomes.

4,5.2 Multimodal

Concerning multimodal emotion recognition involving data fusion techniques, this can
be categorized into two primary techniques: late fusion and early fusion. In Figure 4.3

there’s an illustration of the multimodal, emotion recognition approach.

4.5.2.1 Late Fusion

After performing grid search, the three best performing models and parameters per modal-
ity were chosen for late fusion, involving techniques as voting, averaging, weighted aver-
aging, and max voting. Common samples from these modalities were included in the test
group, and predictions from each modality were aggregated to leverage their strengths
for better results. Initially, fusion was applied across all modalities, followed by com-
binations of two. This was exclusive to datasets with multiple modalities and the best-
performing model (whether ML or DL).

4.5.2.2 Early Fusion

As for the early fusion technique, it involved the amalgamation of features from all modal-
ities at an initial stage. Subsequently, the same methodology described in subsection 4.5.1
was applied.
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Figure 4.3: Representation of different strategies to combine the three different data
modalities. Late (top) and Early (bottom) fusion techniques are shown.
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5

RESULTS AND DISCUSSION

This chapter presents the main results and takeaways under the proposed emotion recog-
nition approach, validated in public and private datasets, alongside additional performance-
based analysis.

5.1 Low Intensity Scenario

One of the primary and compelling conclusions that emerge from this study underscores
the stark contrast in the intensity (expressiveness) of Voice recordings from the private
dataset ICANS) compared to the other two publicly available sources (EPEDD and EMOUER]).
This notable distinction is vividly captured in Figure 5.1, serving as a visual testament to

the divergence in intensity levels across these datasets.
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Figure 5.1: Dimensionality reduction of voice datasets. Star symbols represent the cen-
troid of each representation, namely, for EMOUER] (red), EPEDD (blue) and ICANS
(green).
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This visual representation was built by projecting the same set of vocal features from
these datasets into a lower-dimensional space (via UMAP technique). By visual inspect-
ing Figure 5.1, it clearly seems that the private dataset occupies a significantly smaller
area on the graph in comparison to the other two datasets utilized in this study. This
observation hints at a low-intensity stimuli environment on the ICANS dataset side, with

subtle emotions being triggered instead of simulated (public datasets).

5.2 Unimodal Emotion Recognition

Within this section, it’s delved into the results and discussion of the unimodal approach
across the three signals: EDA, ECG, and Voice. For each modality, it's showcased the
averaged performance results of the best models in both public and private datasets, con-
sidering both ML and DL approaches. Additionally, it’s highlighted the optimal features
across all datasets.

5.2.1 Electrodermal Activity

As detailed in subsection 4.5.1, the ML approach involved the execution of a grid search,
where the choice of the best models relied on F1-macro and BA scores, whereas the DL
techniques were evaluated through a sequential feed forward CNN architecture.

A comprehensive summary of the best results obtained for each ML and DL approach
is depicted in Table 5.1. Models have been evaluated on the three validation datasets
(ICANS, YAAD, AMIGOS) using the same set of scores (F1-macro, BA, and AUC).

Table 5.1: Summary of the best results from the EDA signal. All metrics are macro av-
eraged. In the DL approach, a single train-validation-test fold is used. The best result is
highlighted.

Metrics
Dataset Model 5l BA AUC
ICANS DT (SBN) 0.40+0.01 044 +0.01 0.67 +0.07
CNN 0.23+0.00 0.16+0.00 0.47 +0.23
YAAD RF (SBN) 0.39+0.02 0.45+0.03 0.63+0.05
CNN 0.45+0.00 0.37+0.00 0.72 +0.07
AMICOS RF 0.45+0.00 0.49 +=0.01 0.70 =0.05

CNN 0.28+0.00 0.23+0.00 0.48+0.09
SBN - Subject Based Normalization.

By observing Table 5.1, it is evident that the emotion recognition performing assess-
ment reached similar outcomes for all datasets, with slightly better performances ob-
tained in the ML approach of the AMIGOS dataset (49% BA) and in the DL approach
of the YAAD dataset (72% AUC), handling a 4-class classification problem. Figure B.1
and Figure B.2 depicts the ROC curves, across the three datasets, of the best models from
ML and DL approaches, respectively. Additional experiments were carried out to also
assess the generalizability of such models at evaluating samples from external datasets.
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As expected, performance drops were consistently denoted no matter the dataset where
the model was trained with. To view the results of these experiments, Figure B.7 provides
a summary of the Fl-score and BA across all datasets, including scenarios where mod-
els and parameters from one dataset are tested on others. Furthermore, in-depth results
spanning from Table B.1 to Table B.9 encapsulate the comprehensive findings of these
experiments.

Previous studies have already explored AMIGOS dataset for handling an emotion
recognition task. Miranda-Correa et al. (2021) performed a binary classification (arousal,
valence detection) using EDA signals [75]. When considering all the available data (from
short and long video stimuli), these obtained F1-score of 54% for valence and arousal de-
tection. The work done by Dessai, Virani (2023) achieved an accuracy of 98% in binary
valence and arousal detection, though with the use of a very robust pre-trained type of
CNN architecture [76]. Also, the experiences conducted by Rahim et al. (2019) lead to an
accuracy of 68% in real-time 7-class classification [77]. Remarkably, in this work, employ-
ing a subject-independent ML approach, the results that were reached was of 73% and
60% of F1-score and 73% and 61% accuracy for valence and arousal recognition, respec-
tively. Besides this, the best accuracy reached in this thesis, regarding a 4-class approach,
was of 46%. No available results were found regarding the EDA signal analysis of the
YAAD dataset.

After the performance-based analysis, feature ranking inspection was conducted to
validate the consistency of the most often chosen features amongst datasets. The results
are present in Table 5.2.

Table 5.2: Summary of the best ten features selected across the best models for the EDA
modality.

Domain Features Datasets
ICANS YAAD AMIGOS
SCL Amplitude v v v
Amplitude SCR Amplitude v - v
SCR Pulse - - v
Spectral Bandwidth - v -
Spectral Maximum - - v
Spectral Spectral Min v v -
Spectral Mean v - v
Spectral Rolloff v - v
Number SCRs v v -
Time SCR Intervals v - v
SCR Recovery Time - v v
SCR Rise Time - v

Across both the public and private datasets, one feature consistently stands out in
the best 10 rankings, which is SCL. SCL represents a vital component of an EDA sig-
nal, being usually reflected in emotional responses (arousal levels) [58]. However, from

a broader perspective, more emphasis is placed on selecting features from the time and
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amplitude domain rather than the spectral ones. Referencing Figure B.10, it can observed
three graphs illustrating the top ten features of each dataset and their corresponding rel-

ative importance.

5.2.2 Electrocardiography

Recapping the research conducted on the ECG signal, as detailed in subsection 4.5.1, the
ML aprroach involved the execution of a grid search. The selection of the best models
relied on F1-macro and BA scores. In the DL approach, the performance of a sequential
CNN architecture was also assessed.

A comprehensive summary of the best results obtained for each ML and DL approach
is shown in Table 5.3. Models have been evaluated on the three validation datasets (ICANS,
YAAD, AMIGOS) using the same set of scores (F1-macro, BA, and AUC).

Table 5.3: Summary of the best results from the ECG signal. All metrics are macro av-
eraged. In the DL approach, a single train-validation-test fold is used. The best result is
highlighted.

Metrics

Dataset Model i BA AUC
ICANS DT (FCN) 0.51 +0.01 0.52+0.01 0.70 +0.06
CNN 0.29 +£0.00 0.27 +0.00 0.58 =0.09
YAAD RF(SBN) 043 +0.12 049 +0.12 0.51+0.15
CNN 044 +0.00 0.41+0.00 0.62+0.10
RF 0.43 +£0.02 047 +0.03 0.70 +0.04
AMIGOS CNN 0.25+0.00 0.13+0.00 0.52+0.10

SBN - Subject Based Normalization | FCN - Full Collumn Normalization

Upon reviewing Table 5.3, it becomes clear that the evaluation of emotion recogni-
tion performance yielded consistent results across all datasets, with slightly improved
performance observed in the ICANS dataset (51% BA, 70% AUC) when dealing with a
4-class classification problem. Figure B.3 and Figure B.4, depicts the ROC curves of the
top-performing models obtained through ML and DL methodologies, respectively, across
all three datasets. Further experiments were conducted to evaluate the models’ ability to
generalize by assessing samples from external datasets. As anticipated, performance con-
sistently decreased regardless of the dataset used for model training. To examine the out-
comes of these experiments, Figure B.8 presents a summary of the F1-score and BA across
all datasets, encompassing situations where models and parameters from one dataset are
assessed on others. Moreover, you can find comprehensive results in the range from Ta-
ble B.10 to Table B.18, which cover the extensive findings of these experiments.

The work done by Najam, Dar and Rahim (2022) lead to an impressive 70% accuracy
for ECG signal classification, using four different classes [88]. However, it was employed
a complex LSTM neutral network architecture, besides having access to more extensive
data, including signals from separate sessions. Another study done by Alam, Urooj and
Ansari (2023) reported 99% accuracy in classifying 7 emotions, but this result might be
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due to overfitting [105]. On the other hand, considering the four classes classes, this thesis,
using a subject-independent approach, led to an accuracy of 44%.

For the AMIGOS dataset, a work done by Miranda-Correa et al. (2021) reported 55%
F1-scores for valence and arousal [75]. He et. al (2021) achieved 71% and 72% accuracy
for binary classification (arousal and valence) [81]. Septlveda et al. (2021) reached an ac-
curacy of 89% in the valence dimension, 90% in arousal, (both using two classes) and 95%
in a two-dimensional classification (four classes) [82]. In this work, 73% and 52% F1-score
and 74% and 55% accuracy was obtained in detecting valence and arousal, respectively,
and 45% of accuracy in a four class problem. Such variations can be explained by the
use of simpler models or a subject-independent approach, which is not considered in the
aforementioned studies.

Following the performance-based analysis, a feature ranking inspection was carried
out to assess the consistency of the most frequently selected features across datasets. The
findings are presented in Table 5.4.

Table 5.4: Summary of the best ten features selected across the best models for the ECG
modality. All metrics are macro averaged. In the DL approach, a single train-validation-
test fold is used. The best result is highlighted.

Datasets
ICANS YAAD AMIGOS
- v
v

Domain Features

HF Power
LF Power
Spectral Entropy
Spectral Max
Spectral Min
Spectral Rolloff
Total Power
VLF Power
BPM
HR MAD
HR Entropy
IBI
Time RMSSD -
RRPL -
RRPW - -
STD of NN Intervals -
STDSD -

v
Spectral \-/ i

NN NN

SSEEENEN
SN N N NI
SN N N NN

Examining Table 5.4, it becomes evident that the feature consistently chosen across
all three datasets is the BPM. Furthermore, taking a broader view, it’s noteworthy that
metrics related to HRV occupy a prominent position in feature selection, especially when
considering spectral features that are not signal-specific. This underscores the importance
of HRV metrics in capturing essential physiological insights [106] across various datasets.
Within Figure B.11, there are three graphs depicting the top ten features of each dataset,
complete with their relative importance.
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5.2.3 Voice Activity

Reviewing the research conducted on the Voice signal, as elaborated in subsection 4.5.1,
the ML approach included the execution of a grid search. The selection of the opti-
mal models relied on F1-macro and BA scores, while the DL techniques were evaluated
through a sequential feed forward CNN architecture.

A comprehensive summary of the best results obtained for each ML and DL approach
is depicted in Table 5.5. Models have been evaluated on the three validation datasets
(ICANS, EPEDD, EMOUERY]) using the same set of scores (F1-macro, BA, and AUC).

Table 5.5: Summary of the best results from the Voice signal. All metrics are macro av-
eraged. In the DL approach, a single train-validation-test fold is used. The best result is
highlighted.

Metrics
Dataset Model i BA ATC
ICANS RF(SBN) 048 £0.05 0.51 +0.07 0.67 +0.06
CNN 023 +0.00 0.16+0.00 0.49 +0.09
EPEDD SVM (SBN) 0.60 +0.03 0.61 +0.04 0.89 +0.06
CNN 025+0.00 0.17+0.00 0.55=+0.14
EMOUER] SVM (SBN) 0.77 +0.09 0.77 +0.09 0.93 + 0.03

CNN 0.75+0.00 0.73+0.00 0.90+0.10

SBN - Subject Based Normalization. All metrics are macro averaged.

After examining Table 5.5, it is evident that the assessment of emotion recognition
performance produced better results in the public datasets, with the best being noted in
the EMOUER] dataset (77% BA, 93% AUC) when addressing a 4-class classification chal-
lenge. Figure B.5 and Figure B.6, depicts the ROC curves of the best-performing models
from ML and DL approaches, respectively, are presented across all three datasets. Addi-
tional experiments were carried out to assess the models’ generalization capabilities when
evaluating samples from external datasets. Upon scrutinizing this preceding graph, the
deductions highly contrast with the findings in the other two modalities. Notably, the
outcomes diverge between the private and public datasets, with considerably higher val-
ues observed in the latter. Moreover, when transferring the best models and parameters
from the private dataset to assess their performance on the public dataset, notable perfor-
mance improvements are evident. Conversely, reversing this process leads to a drop in
performance. Furthermore, in addition to these findings, the best results in the EMOUER]
dataset are observed when it utilizes the training pipeline of the EPEDD, and vice versa.
This can be attributed to the similarity between these two datasets, as illustrated by their
2D projection in Figure 5.1. To review the results of these experiments, Figure B.9 pro-
vides a summary of the Fl-score and BA across all datasets, including scenarios where
models and parameters from one dataset are tested on others. Furthermore, a detailed
breakdown of the results can be found in the tables from Table B.19 to Table B.27, provid-
ing a comprehensive overview of the experiment outcomes.

Comparing the results of this work with the findings from other studies utilizing the
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[85] dataset, Luthman (2023) achieved an accuracy of 86% in a 4-class classification task
[86]. However, it’s worth noting that the approach involved using pre-trained DL algo-
rithms, whereas this work primarily relies on straightforward CNN networks, with the
best-performing model adopting an ML approach. Additionally, Duret, Parcollet and Es-
teve (2023) reported an impressive accuracy of 97%, using four labels, when training on
various languages and testing in Brazilian Portuguese [87] against an 80% accuracy score
obtained in this work. No available results were found regarding the EPEDD dataset.

Following the performance-based analysis, we proceeded to inspect the ranking of
features to confirm the consistency of the most frequently selected features across datasets
(see Table 5.6).

Table 5.6: Summary of the top-ten features selected across the best models for the Voice
modality.

Domain Features Datasets
ICANS EPEDD EMOUERJ

Cepstral LPCC v . .
MEFCC - v v
Pitch - v v
Spectral Spectral Contrast v v v
Spectral Min - v -
Spectral Rolloff - - v

The consistent utilization of Spectral Contrast across all three datasets underscores its
paramount importance in voice signal analysis [107]. Spectral Contrast excels at capturing
variations in spectral content, a critical aspect of voice speech, enabling the discrimina-
tion of subtle acoustic patterns and nuances tied to emotions. A more comprehensive
examination reveals that cepstral and spectral features stand out as the most crucial com-
ponents in emotion recognition tasks. In Figure B.12, you’ll find three graphs showcasing

the top ten features of each dataset, along with their respective relative importance.

5.3 Multimodal Emotion Recognition

The multimodal approach involved selecting the top three models with their respective
parameters for each modality across all datasets, prioritizing the ML approach for its
superior performance. Various data fusion techniques were then assessed.

A distinction should be noted between the individual results shown in Table 5.7 and
those presented in the previous sections. The former evaluates samples from the individ-
ual testing sets of each data modality in separate, while the latter encompasses only the
common samples amongst them. As a result, voice signal results are expected to remain
relatively stable, given the fewer samples due to certain tasks not extracting this signal, as
explained in subsection 4.1.1. Furthermore, early fusion consolidates all features across
each sample. Thus, Table 5.7 showcases the best-performing early and late fusion tech-

niques for all possible modality combinations (using pairs or all three), along with the
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respective F1 macro and BA for each modality within each fusion scenario.

Table 5.7: Performance outcomes for the finest early and late fusion techniques employed
within each modality group across all fusion scenarios, in the ICANS dataset. The best
result for each fusion experiment is highlighted.

. Fusion Experiments
Metrics P

Fusion Type

1 2 3 4
EDA F1 0.39+0.05 042+0.05 0.38+0.04 -
BA 043+0.05 043+0.05 0.39+0.06 -
. F1 0.37 £0.02 0.44 +0.01 - 0.47 +0.04
Unimodal — ECG g\ 043001 0.500.02 - 0.49 + 0.07
Voice F1 0.48 = 0.03 - 0.47 +0.03 0.48 +0.07
BA 0.50 £ 0.04 - 048 £0.04 049 +0.07
Late F1 0.50 = 0.03 0.50+0.00 0.48 +0.05 0.55+0.00
Multimodal BA 0.55+0.02 0.55+0.00 0.49 +0.07 0.61+ 0.00
Early F1 0.41+0.05 040+0.02 038+0.04 0.37+0.00
BA 042+0.06 041+001 0.39+0.05 0.37+0.01
All metrics are macro averaged; (1) - EDA + ECG + VOICE | (2) - EDA + ECG | (3) - EDA + VOICE | (4) - ECG +
VOICE

Among the fusion scenarios involving the three modalities and the EDA-Voice fu-
sion, weighted average emerged as the most effective, while max voting proved optimal
for other fusions. Late fusion consistently outperformed individual modalities, with the
most significant enhancement observed in ECG-Voice fusion achieving a 61% BA. How-
ever, the EDA-Voice fusion showed a more modest improvement in performance metrics,
possibly due to their distinct responses to emotional cues, resulting in class assignment
discrepancies. In early fusion, results consistently exhibited lower F1 scores and BA com-
pared to late fusion, with early fusion almost never outperforming individual modalities.
This discrepancy arises from distinct models, parameters, and training sample sizes used
by each modality, while early fusion imposes constraints on shared training samples and
uniformity in model parameters. In Table C.1, it can be observed the best results for each

data fusion technique, encompassing all possible combinations of the three modalities.

The accuracy outcomes for each late fusion modality are presented in Table C.2, with
the table also displaying the percentage of correctly identified samples within the subset
of correct samples of each modality. Values approaching one indicate close alignment
between well classified samples samples of a given modality and its corresponding one.
For instance, in the ECG-Voice late fusion, the voice-based model classified well 63% of
samples correctly identified by the ECG model, and vice-versa with a 58% accuracy, in-
dicating a better fusion effectiveness than any other combination. However, in cases in-
volving two modalities with EDA, values are comparatively lower, meaning a lower raise

in performance.

By observing Table 5.8, it is possible to see the discrepancy in ECG modality results
in the YAAD dataset. This variation can be attributed to a notable STD among the best
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Table 5.8: Performance outcomes for the finest early and late fusion techniques employed
within the fusion of EDA and ECG signals, in the YAAD and AMIGOS datasets. The best

result for each fusion is highlighted.

Fusion Type Metrics YA Al]D) atasejgvﬂ oS
EDA F1 0.38 £0.02 0.45+0.04

Unimodal BA 0.43 +£0.05 0.49 +0.02
ECC F1 0.35+0.01 0.44 +0.03

BA 0.35+0.02 047 +0.04

Late F1 0.39 +£0.00 0.48 +0.00

Multimodal BA 0.59 + 0.00 0.54 + 0.00
Farly F1 0.43 = 0.07 0.45+0.04

BA 0.46 £ 0.08 0.41 +0.01

three results, suggesting sensitivity to test sample arrangements, especially when com-
bined with the EDA signal. Across both modalities and datasets, fusion techniques con-
sistently match or enhance individual modality results. Late fusion leads to a better re-
sult in both datasets, achieving an BA of 59% in the YAAD dataset and of 54% in AMI-
GOS dataset, both utilizing majority voting. Comparing these strategies with those in
the ICANS dataset, it’s clear that the ICANS dataset consistently yields superior results,
particularly with late fusion techniques. The optimal outcomes for each late fusion tech-
nique, applied to the combined EDA and ECG signals of both the YAAD and AMIGOS
datasets, are displayed in Table C.3.

5.4 Emotion Recognition and Additional Metadata

Besides the main task that motivated this work, numerous supplementary experiments
were conducted to gain a comprehensive understanding of the ML challenge and shed
light on results from unimodal and multimodal emotion recognition. These experiments
explored diverse signal and feature normalization techniques, detailed in subsection 4.3.3.
The analysis focused on normalization approaches in the top ten results for each modal-
ity across all datasets, including signal normalization, feature normalization domain (or
absence), and specific types of feature normalization. Refer to Table 5.9 for further details.

Voice signal often lacks normalization, while the ECG signal in ICANS and YAAD
datasets predominantly leans towards full normalization. Notably, EDA signal normal-
ization shows variability across models, possibly due to its versatility. However, in the
AMIGOS dataset, normalization trends for both EDA and ECG signals differ, indicating
a notable degree of signal similarity among subjects.

Additionally, experiments were conducted to assess the impact of the agreement be-
tween annotators in the models” performance in ICANS dataset. The analysis consid-
ered different types of agreement: between the subject and two external annotators (total
agreement), between annotators themselves (2 annotators), and between an annotator and
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Table 5.9: Summary of normalizations used in the best ten results across the three modal-
ities, using all datasets. The proportion of times (within [0,1]) a normalization type has
been chosen on each experiment of every dataset is reported per each data modality.

Signal Features

Modalities  Datasets = Amplitude Type Domain
Ys No |M R S No|FCN SBN RN BN No
ICANS 05 05 |07 00 03 00| 02 03 03 02 00
EDA YAAD 04 06 (03 04 03 00| 05 05 - - 00
AMIGOS 05 05 |01 00 00 09| 01 00 - - 09
ICANS 06 04 |02 03 04 01| 06 00 03 00 0.1
ECG YAAD 03 07 |04 02 03 01| 04 0.6 - - 01
AMIGOS 05 05 |00 02 01 07| 01 02 - - 07
ICANS 01 09 |03 02 05 00| 00 1.0 - 00 00
Voice EPEDD 02 08 |01 03 06 00| 0.0 1.0 - - 00
EMOUER] 01 09 (04 00 05 01| 03 06 - - 01

M - MinMax Scaling | R - Robust Scaling | S - Standardization | FCN - Full Column Normalization | SBN - Subject Based
Normalization | RN - Rest Normalization | BN - Base Normalization

the subject (annotator + subject). Figure 5.2 illustrates the performance changes across
these agreement types.

1.00

0.95 1 @, EDA
0.90 J mm ECG
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Figure 5.2: Accuracy based on the label agreement in the ICANS dataset. Total agreement
occurs when both the external annotators and the subject agrees in the emotion that clas-
sifies that task, and so on (with two annotators and annotator + subject). Accuracy score
is reported taking into account the best ten models of each modality.

The analysis highlights higher accuracy in samples where there is complete consen-
sus between the individual and both annotators. Subsequently, agreement between both
annotators comes with slightly worse performance, followed by the agreement between
one annotator and the individual itself. This pattern suggests that a combined target la-
bel may potentially be more consistent and robust to mitigate isolate label outliers, which
can be crucial in multiple tasks such as this one, where uncertainty on target emotions
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can hinder the model learning process and lead to unreliable and non-optimal results.
Another experiment involved assessing the accuracies of various modalities within
each task of the acquisition protocol. This aimed to identify the most effective modalities
used in similar studies and their performance rankings. Additional efforts were made to
establish associations between the best model performance and the type of stimuli/task
applied during the acquisition protocol. Figure 5.3 provides a visual representation of

such associations.
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Figure 5.3: Graphical representation of the performance obtained for each type of stim-
uli/task, in the ICANS dataset. Accuracy score is reported taking into account the best
ten models of each modality.

The audiovisual stimulus reached the highest accuracy, possibly due to its higher high
triggering effect and dynamic nature, a common choice in many acquisition protocols
[75, 88]. In contrast, the voice modality consistently had the lowest accuracy, possibly
because participants anticipated the auditory stimuli, having indicated music choices in
the acquisition form. After the audiovisual mode, the acting stimulus achieved the high-
est accuracy, especially in the voice signal, as it involves more pronounced expressions.
Interestingly, physiological signals closely resembled the nature of “acting”. Recall and
visual tasks performed in the middle range. Although both are passive, the interactive
nature of the visual stimulus differentiates it, as it doesn’t have the same level of anticipa-
tion. Besides this, in Table D.1 it’s the distribution of the labels in each type of task, that
may influence these previous discussed outcomes.

Further experiments were conducted, correlating model performance with various
additional metadata. These associations can be observed in figures from Figure D.1 to
Figure D.6, and detailed explanations for each can be found in the respective figure cap-
tions.
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CONCLUSIONS

Within this chapter, a concise summary of this study is provided, encapsulating its key
findings and contributions. Additionally, potential avenues for future research are out-

lined, offering insights into possible directions for further exploration of this topic.

6.1 Main Findings

In pursuit of the established research objectives (section 1.2), beginning with the develop-
ment of tools for emotion recognition, a comprehensive protocol was designed to capture
emotional patterns in multiple distinct scenarios. Data collection encompassed EDA, ECG
and Voice activity (audio) recordings. Diverse stimuli types were thoughtfully incorpo-
rated to generate emotion labels spanning the four quadrants of the 2D Valence-Arousal
spectrum. These signals underwent meticulous preprocessing steps with state of the art
methodologies, resulting in the extraction of meaningful features. Both signal and fea-
ture normalization techniques were thoroughly explored. To illustrate the effectiveness
of simple ML algorithms, extensive optimization was conducted, involving both ML and
initial DL experiments. The evaluation of multimodal fusion approaches, including both
early and late fusion techniques, was conducted within the contexts of both (1) internally
collected, where three modalities were present, and (2) external datasets, where only one
or two of them were available. A four-class emotion classification problem was tackled in
such experiments.

Concerning the investigation of a low-intensity scenario, it was determined that, when
using Voice signals to simulate emotions, the models exhibited superior performance.
In fact, the models achieved an average BA score of 69% (public) and 51% (private). In
contrast, physiological signals demonstrated relatively similar performance levels. EDA
yielded averaged 47% (public) and 44% (private) in BA, while ECG achieved of 48%
BA(public) and 52% (private). Concerning the study of the complementary nature of
these data, late fusion consistently outperformed these results, achieving 57% (public)
and 60% (private) BA in a four-class classification problem for the private dataset. No-
tably, the 60% BA achieved in the private dataset resulted from the combination of ECG
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and voice information, surpassing the performance of any other fusion involving EDA,
ECG, and Voice data modalities in emotion recognition. Further experiments under-
scored the substantial influence of agreement between both annotators and the subject
itself on subsequent emotion recognition performance. This agreement enhancement
resulted in an impressive nearly 9% increase in accuracy compared to situations where
agreement existed only between the subject and one annotator. Models trained with more
consistent labels consistently exhibited superior performance when contrasted with those
reliant on isolated labels. Moreover, an examination of stimulus types shed light on opti-
mal model performance, indicating that participants excelled during (a) audiovisual and
(b) acting tasks, suggesting the emotionally provoking nature of these stimuli. The audio-
visual stimuli exhibited notable performance, achieving accuracies of 60% and 83% in the
EDA and ECG signals, respectively. Conversely, the acting task yielded a commendable
accuracy of 62% in the Voice modality.

In summary, this study unveils the potency of data fusion techniques, underscores
the influence of audiovisual stimuli, and emphasizes the role of multiple annotators in
enhancing emotion recognition. These findings collectively advance our comprehension

of emotion recognition across diverse time series data.

6.2 Future Work

In the pursuit of more robust emotion recognition using EDA, ECG, and Voice signals,
future research directions emerge. While promising, it must be recognized that the com-
plexities of emotion recognition, marked by uncertainties in capturing validated emo-
tional responses, remain. Combining different modalities enhances model performance,
but more reliable assessment tools are needed to be adaptable to diverse healthcare sce-
narios.

Alternative approaches DL techniques (e.g., LSTM) should be explored, including
pre-trained models. Enhancing feature extraction across all modalities is another avenue
for improvement. Expanding analyses to encompass stimuli other than state of the art
established types is an important topic that may help better understand subtle emotional
patterns in real-world scenarios. Another avenue for future work is exploring early and
late fusion techniques alongside DL algorithms. Finally, hybrid fusion techniques, com-
bining early and late fusion, can be another avenue of work.

When the results become sufficiently robust, they can be applied in real biomedical
applications, aiding in stress reduction, improving mental health, managing pain, and
enabling early diagnosis of mental disorders.
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Figure A.2: Illustration of the data acquisition setup, which depicts the research environ-
ment, the patient’s perspective, and the equipment employed.

Table A.1: Training parameters of the DL algorithms.

. Optimizer .
Loss Function Type Learning Rate Weight Decay Epochs Batch Size
Categorical 8 (EDA
Cross Entropy SGD le-4 le-5 200 32 (ECG and Voice)
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Figure A.3: Signals before and after pre-processing. (a) EDA signal before the pre-
processing, (b) EDA signal after the pre-processing, (c) ECG signal before the pre-
processing, (d) ECG signal after the pre-processing, (e) Voice signal before the pre-
processing, (f) Voice signal after the pre-processing .
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Table A.2: Architecture of the DL algorithms.

Modality N¢ Layers Ke.rnel N¢ Filters Actlvaflon N¢ Parameters Poqllng
Size Function Size
EDA and ECG 17 32,16  128,64,32,16 tanh, softmax 180372 4
Voice 17 8,4  128,64,32,16 tanh, softmax 220308 2
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Electrodermal Activity (EDA)
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(a) EDA specific processing.
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(b) ECG specific processing.
Figure A.4: Specific processing steps preceding feature extraction. Relevant signal re-
gions are identified for (a) EDA signal, showcasing components like SCL and SCR with

identified onsets, peaks, and half-recovery, and (b) the ECG signal, highlighting the QRS
complex and R peak, alongside the computed BPM.
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Figure A.5: Signals before and after augmentation, corresponding to (a) the EDA signal
before augmentation, (b) the Voice signal before augmentation, (c) the EDA signal after
the application of the AddNoise function from the tsaug package, with a scaling factor of
0.01, and (d) Voice signal after the application of PitchShift with min_semitones of -5 and
max_semitones of 5 from the audiomentations package.
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Table B.1: Summary of the results achieved by the best models and parameters on the
ICANS dataset using the EDA signal. The best F1-score and BA are highlighted and the
results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
DT Yes M SBN 307 040+0.01 044+0.01 047+0.02 0.51+0.02
DT No S FCN 307 0.41+0.04 043+004 047+0.00 0.49=+0.01
DT No M SBN 307 0.41+0.02 042+0.01 046+0.02 0.49+0.01
DT No M FCN 307 040+0.02 043+0.01 055+0.01 0.58+0.01
DT Yes M RN 297 0.41+0.03 042+0.03 047+0.03 048 +0.02
DT No M BN 300 040+0.03 042+0.03 046+0.02 049 +0.04
RF Yes M RN 297 0.39+0.06 043+0.06 0.74+0.02 0.75+0.02
LGBM Yes S RN 299 0.38+0.05 043+0.05 043+0.03 0.48+0.02
DT Yes M BN 300 0.39+0.01 041+0.01 055+0.02 0.57+0.01
DT No S SBN 307 036+0.02 041+0.04 042+0.01 048+0.01

Table B.2: Summary of the results obtained on the YAAD dataset using the best models
and parameters from the ICANS dataset with the EDA signal. The best F1-score and BA
are highlighted and the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N2 Samples
Amplitude Type Domain F1 BA F1 BA
DT No M SBN 245 0.32+£0.03 0.36+0.03 051006 0.58=+0.03
DT Yes M SBN 245 0.31+0.06 0.32+0.06 054+0.01 0.60+0.02
DT No M FCN 245 0.30+0.02 0.33+0.03 041+0.02 0.49+0.02
DT No S FCN 245 023+0.04 028+0.05 037+0.02 0.47+0.02
DT No S SBN 245 022+0.06 028+0.06 030+0.09 0.43+0.03
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(a) ICANS dataset.

1.009
0.954
0.90 §
0.854
0.80 4
0.754
0.70 4
0.65 4
0.60
0.559
0.50 4
0.454
0.404
0.354
0.304
0.259
0.204
0.154
0.104
0.05 9

—— HVHA (AUC = 0.60)
— LVHA (AUC = 0.57)
—— LVLA (AUC = 0.66)
—— HVLA (AUC = 0.67)

0.0 ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00

FPR

(b) YAAD dataset.
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Figure B.1: ROC curves for the best models in each the ML approach, in all datasets,
using the EDA signal. (a) ROC curve for the ICANS dataset, (b) ROC curve forthe YAAD
dataset, (c) ROC curve for the AMIGOS dataset.
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(b) YAAD dataset.
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(c) AMIGOS dataset.

Figure B.2: ROC curves for the best models in each the DL approach, in all datasets, using
the EDA signal. (a) ROC curve for the ICANS dataset, (b) ROC curve forthe YAAD dataset,
(c) ROC curve for the AMIGOS dataset.
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Figure B.3: ROC curves for the best models in each the ML approach, in all datasets,
using the ECG signal. (a) ROC curve for the ICANS dataset, (b) ROC curve forthe YAAD
dataset, (c) ROC curve for the AMIGOS dataset.
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(a) ICANS dataset.
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(b) YAAD dataset.
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(c) AMIGOS dataset.

Figure B.4: ROC curves for the best models in each the DL approach, in all datasets, using
the ECGssignal. (a) ROC curve for the ICANS dataset, (b) ROC curve forthe YAAD dataset,
(c) ROC curve for the AMIGOS dataset.
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(b) EPEDD dataset.
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Figure B.5: ROC curves for the best models in each the ML approach, in all datasets, using
the Voice signal. (a) ROC curve for the ICANS dataset, (b) EPEDD curve forthe YAAD
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(c) EMOUER] dataset.

dataset, (c) EMOUER]J curve for the AMIGOS dataset.
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(a) ICANS dataset.
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(c) EMOUER] dataset.

Figure B.6: ROC curves for the best models in each the DL approach, in all datasets, using
the Voice signal. (a) ROC curve for the ICANS dataset, (b) EPEDD curve forthe YAAD

dataset, (c) EMOUER]J curve for the AMIGOS dataset.
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Figure B.7: Results in the models of public and private datasets, regarding the EDA signal.
For each dataset, the results are shown sequentialy: (a) best performances in a dataset, (b)
performance obtained in the remaining datasets using pipelines chosen during the train
of the first dataset.
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Figure B.8: Results in the models of public and private datasets, regarding the ECG signal.
For each dataset, the results are shown sequentialy: (a) best performances in a dataset, (b)
performance obtained in the remaining datasets using pipelines chosen during the train
of the first dataset.
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Figure B.9: Results in the models of public and private datasets, regarding the Voice sig-
nal. For each dataset, the results are shown sequentialy: (a) best performances in a dataset,
(b) performance obtained in the remaining datasets using pipelines chosen during the
train of the first dataset.
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Table B.3: Summary of the results obtained on the AMIGOS dataset using the best models
and parameters from the ICANS dataset with the EDA signal. The best F1-score and BA
are highlighted and the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
DT No M FCN 767 0.29 £0.03 0.35+0.05 0.37+0.02 0.55+0.01
DT Yes M SBN 767 0.24+£002 032+003 034+002 0.51=+0.03
DT No S FCN 767 022002 027+001 030+0.04 0.43=+0.02
DT No M SBN 767 0.19+0.06 029+0.07 0.28+0.03 0.47+0.03
DT No S SBN 767 0.16 £+0.01 0.27+0.04 0.23+0.01 0.43+0.01

Table B.4: Summary of the results achieved by the best models and parameters on the
YAAD dataset using the EDA signal. The best F1-score and BA are highlighted and the
results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
RF No R SBN 245 0.39+0.02 045+0.03 0.57+0.01 0.62=+0.02
RF No R FCN 245 0.39+0.03 045+0.04 0.44+0.04 0.49=+0.03
RF No M SBN 245 0.40+£0.08 042+011 0.39+0.02 0.46 +0.03
RF No S SBN 245 0.40+0.01 042+001 0.62+0.02 0.65=0.02
RF Yes M FCN 245 0.40+£0.06 042+0.09 045+0.02 0.50=+0.03
RF Yes S SBN 245 0.40+£0.08 042+0.11 043+0.07 0.50+0.04
RF Yes R FCN 245 0.40+£0.06 042+0.09 045+0.03 0.50=+0.03
RF Yes R SBN 245 0.40 £0.06 0.42+0.07 0.61+0.02 0.63+0.03
RF No M FCN 245 039+0.02 042+0.07 042+0.02 0.47+0.01
RF No S FCN 245 0.39+0.03 042+008 042+0.03 0.47+0.01

Table B.5: Summary of the results obtained on the ICANS dataset using the best models
and parameters from the YAAD dataset with the EDA signal. The best F1-score and BA
are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA
RF Yes M FCN 307 0.32+0.06 0.34+007 0.63+002 0.68=+0.02
RF No M FCN 307 0.32£0.04 033+£005 0.56+004 0.59=+0.02
RF No S SBN 307 029+0.02 033+0.03 056+0.01 0.59+0.03
RF No S FCN 307 0.31+0.06 0.31+0.06 053+0.00 0.56+0.00
RF No M SBN 307 0.25+0.03 0.35+0.01 033+0.04 0.44+0.03
RF Yes R FCN 307 0.29+0.03 0.30+0.04 0.60+0.03 0.64+0.03
RF Yes R SBN 307 027 +0.02 029+0.04 054+0.03 0.58+0.03
RF Yes S SBN 307 0.23+0.04 030+0.03 032+0.05 0.41+0.03
RF No R SBN 307 013+0.01 025+000 0.13+0.01 0.25=+0.00
RF No R FCN 307 010+0.03 024+001 014+001 0.26+0.01
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Table B.6: Summary of the results obtained on the AMIGOS dataset using the best models
and parameters from the YAAD dataset with the EDA signal. The best F1-score and BA
are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA
RF Yes M FCN 767 0.31+0.01 0.32+0.01 047+0.05 0.59+0.02
RF No R FCN 767 029+0.02 0.33+0.02 039+0.00 0.51+0.02
RF Yes R SBN 767 029+0.01 032+0.04 041+0.01 0.52+0.01
RF No M FCN 767 0.30+0.02 0.31+0.04 0.44+0.03 0.55=0.02
RF Yes S SBN 767 0.28+0.02 029+003 044+0.02 0.54=+0.03
RF Yes R FCN 767 0.28+0.01 029+0.03 0.44+0.02 0.56=+0.02
RF No S FCN 767 0.27+0.01 030+0.02 036+0.06 0.50+0.01
RF No R SBN 767 023+0.02 027+003 034+002 0.44=+0.02
RF No M SBN 767 0.22+0.03 026+001 031+001 0.44=+0.03
RF No S SBN 767 024+£002 023+002 042+0.02 0.53+0.01

Table B.7: Summary of the results achieved by the best models and parameters on the
AMIGOS dataset using the EDA signal. The best F1-score and BA are highlighted and
the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
RF Yes No No 767 0.45+0.00 0.49+0.01 053+001 0.56+0.01
DT No No No 767 0.44+002 048+001 049+001 0.51+0.01
RF Yes No No 767 0.44+002 047+002 051+001 0.55+0.01
DT No No No 767 043 +0.01 045+002 048+0.01 0.50=+0.01
KNN Yes No No 767 043 +0.01 043+0.01 046+0.02 0.46+0.02
LGBM Yes No No 767 042 +0.00 044+001 069+0.01 0.73+0.01
LGBM No No No 767 042 +0.02 043+0.02 065+0.02 0.68+0.01
AB No No No 767 037+0.03 039+0.04 054+0.02 0.57+0.02
AB No No No 767 037+0.03 038+0.03 072+0.02 0.72+0.01
RF No M FCN 767 0.35+0.00 0.38+0.00 0.55+0.03 0.63=+0.03

Table B.8: Summary of the results obtained on the ICANS dataset using the best models
and parameters from the AMIGOS dataset with the EDA signal. The best F1-score and
BA are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA
RF Yes No No 307 0.33+£0.01 0.34+0.01 0.62+0.01 0.65=+0.02
KNN Yes No No 307 032+0.01 0.34+0.02 039+0.02 0.40+0.01
AB No No No 307 030+0.02 032+001 0.57+0.02 0.57=+0.02
DT No No No 307 029+001 032+0.01 046+0.04 0.51+0.01
LGBM No No No 307 029+0.01 030+0.01 0.68+0.01 0.73+0.01
RF No M FCN 307 0.29+0.03 030+0.03 0.67+0.03 0.71+0.03
RF Yes No No 307 0.28+0.03 0.29+0.03 0.66+0.01 0.70+0.01
LGBM Yes No No 307 0.28+0.03 0.28+0.03 0.68+0.01 0.73+0.01
DT No No No 307 025+0.03 029+001 046+0.05 0.53=+0.02
AB No No No 307 026006 026+005 0.76+0.01 0.76=+0.03
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Table B.9: Summary of the results obtained on the YAAD dataset using the best models
and parameters from the AMIGOS dataset with the EDA signal. The best F1-score and
BA are highlighted and the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
RF Yes No No 245 0.34+£0.03 0.36+0.05 046+001 0.51=+0.02
DT No No No 245 033 +£0.05 035+006 044+002 0.50=+0.03
LGBM Yes No No 245 0.32+0.01 034+005 044+000 0.51=+0.02
RF Yes No No 245 0.32+£0.03 033+004 047+0.00 0.50=+0.02
LGBM No No No 245 0.30+0.03 0.33+0.03 045+0.03 0.51+0.02
RF No M FCN 245 031+0.05 032+0.04 046+0.01 0.51+0.02
AB No No No 245 029+0.01 032+005 040+0.01 0.49+0.02
AB No No No 245 029+0.03 032+005 043+0.01 0.49+0.03
DT No No No 245 028+0.04 032+003 041+0.02 0.49+0.02
KNN Yes No No 245 024+0.03 028+0.03 034+0.03 0.39+0.02

Table B.10: Summary of the results achieved by the best models and parameters on the
ICANS dataset using the ECG signal. The best F1-score and BA are highlighted and the
results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
DT Yes S FCN 295 0.51+0.01 0.52+0.01 051+0.03 0.53+0.03
DT Yes S RN 297 044 +0.01 049+001 052+0.01 0.57+0.01
DT No S RN 296 0.44+002 049+002 048+0.04 0.53=+0.02
DT Yes M FCN 295 046 £0.06 046+0.06 0.50+0.04 0.52+0.03
RF Yes S RN 297 042+003 046+004 0.62+0.03 0.67=+0.03
DT No No No 295 0.43+0.03 045+0.03 0.61+0.03 0.65+0.01
DT Yes R FCN 295 0.43+0.06 045+0.06 051+0.02 0.51+0.03
DT Yes M FCN 295 0.43+0.06 045+0.06 051+0.02 0.51+0.03
DT No R FCN 295 0.43+0.06 045+0.06 051+0.02 0.51+0.03
DT No R FCN 295 0.43+0.06 045+0.06 051+0.02 0.51+0.03

Table B.11: Summary of the results obtained on the YAAD dataset using the best models
and parameters from the ICANS dataset with the ECG signal. The best F1-score and BA
are highlighted and the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
DT No No No 235 0.29 +0.03 0.37+0.13 059 +0.02 0.64+0.02
DT Yes M FCN 235 0.29 +0.06 0.33+0.05 048+0.05 0.58+0.03
DT No R FCN 235 023+0.02 033+0.08 044+0.03 0.65+0.01
DT Yes S FCN 235 0.25+0.08 0.29+0.07 047+0.06 0.58+0.04
DT No R FCN 235 027 +0.03 026+0.02 052+0.04 0.59+0.04
DT Yes M FCN 235 0.27+£0.03 026+0.02 052+0.04 0.59+0.04
DT Yes R FCN 235 0.27+0.03 026+0.02 052+0.04 0.59+0.04

65



APPENDIX B. UNIMODAL EMOTION RECOGNITION

Table B.12: Summary of the results obtained on the AMIGOS dataset using the best mod-
els and parameters from the ICANS dataset with the ECG signal. The best F1-score and
BA are highlighted and the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
DT No No No 789 0.26 £0.02 0.27+0.02 048+0.02 0.52+0.01
DT Yes S FCN 789 0.23+0.03 028+0.02 033+004 048=+0.01
DT No R FCN 789 0.23+0.02 028+0.01 033+002 0.51+0.01
DT No R FCN 789 0.24+£0.00 026+002 033+£0.02 0.50=+0.02
DT Yes M FCN 786 022+0.04 027+0.03 033+0.04 0.49+0.02
DT Yes M FCN 786 022+0.05 026+0.03 030+0.04 0.48+0.01
DT Yes R FCN 786 022+0.05 026+0.03 030+0.04 0.48+0.01

Table B.13: Summary of the results achieved by the best models and parameters on the
YAAD dataset using the ECG signal. The best F1-score and BA are highlighted and the
results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
RF No S SBN 235 043 +0.12 049+012 077+0.04 0.82+0.01
DT No S SBN 235 0.35+0.03 048+0.13 056+0.04 0.65+0.01
RF No No No 235 036+0.05 045+0.02 055+0.02 0.64+0.02
DT Yes M SBN 235 036 +0.07 045+0.11 055+0.03 0.65+0.03
RF Yes M SBN 235 036 +0.04 045+0.09 073+0.02 0.79+0.02
RF No M FCN 235 039+011 041+011 0.57+0.01 0.63+0.05
RF No M SBN 235 039+011 041+011 0.57+0.01 0.63+0.05
RF No R FCN 235 038 +017 042+020 0.50+0.03 0.57+0.05
RF No S FCN 235 035+006 044+012 0.55+0.02 0.61=+0.03
RF Yes R FCN 235 0.37+0.13 042+0.18 059+0.04 0.66=+0.04

Table B.14: Summary of the results obtained on the ICANS dataset using the best models
and parameters from the YAAD dataset with the ECG signal. The best F1-score and BA
are highlighted and the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
RF No S SBN 295 0.36 +0.04 0.37+0.03 0.75+0.02 0.79 +0.02
RF Yes R SBN 295 0.34+0.03 0.37+0.01 0.61+0.02 0.66+0.02
RF No R FCN 295 0.31+0.05 0.37+0.06 054+0.02 0.57+0.02
RF No M SBN 295 0.33+0.02 034+002 061+0.02 0.64+0.02
RF Yes M SBN 295 0.33+0.03 0.34+003 074+0.03 0.77+0.04
RF No S FCN 295 0.33+0.09 034+010 053+0.04 0.60+0.01
RF No No No 295 0.30+0.02 0.33+0.03 056+0.01 0.61+0.02
RF No M FCN 295 0.30+0.05 0.32+0.03 0.61+0.04 0.65+0.04
DT No S SBN 295 027 +0.07 031+0.06 0.46+0.03 0.56+0.03
DT Yes M SBN 295 0.27+0.02 0.30+0.02 0.50+0.03 0.55+0.02
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Table B.15: Summary of the results obtained on the AMIGOS dataset using the best mod-
els and parameters from the YAAD dataset with the ECG signal. The best F1-score and
BA are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA
RF No M FCN 789 0.30 +0.03 0.34+0.04 046+0.03 0.57+0.01
RF No R FCN 789 029+0.02 034+001 036+0.04 0.50+0.01
RF No S SBN 789 029+0.02 030+0.02 0.63+0.05 0.57+0.02
RF No No No 789 0.28+0.01 030+0.01 0.44+0.03 0.48=+0.01
RF Yes M SBN 786 0.28+0.03 0.30+0.05 054+0.02 0.66+0.00
DT No S SBN 789 025+0.02 032+003 035+0.04 0.54=+0.02
RF No M SBN 789 0.27+0.01 030+0.02 046+0.03 0.57+0.01
RF Yes R FCN 786 0.27+0.05 030+0.04 045+0.00 0.59=+0.00
RF No S FCN 789 0.26 £0.02 0.30+0.07 0.38+0.03 0.54=+0.02
DT Yes M SBN 786 022+004 026+005 034+051 0.55=+0.02

Table B.16: Summary of the results achieved by the best models and parameters on the
AMIGOS dataset using the ECG signal. The best F1-score and BA are highlighted and the
results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA
RF No No No 789 0.43 +£0.02 047 +0.03 052+001 0.55+0.01
DT Yes No No 789 0.43 +£0.02 046+0.04 044+002 0.49+0.01
RF Yes No No 789 042+001 045+0.02 0.50+0.00 0.53+0.01
LGBM Yes No No 789 0.39+0.02 042+002 0.69=+0.01 0.73+0.01
LGBM No No No 789 0.39+0.02 041+0.05 058+0.01 0.63+0.01
DT Yes No No 789 037 +0.06 0.39+0.07 045+0.01 0.48+0.02
AB No No No 789 0.35+0.03 037+0.04 075+0.01 0.76+0.00
RF No S SBN 789 0.34+0.01 037+0.03 0.60+0.04 0.69+0.03
RF No S FCN 789 0.33+0.01 038+0.01 046+0.01 0.59+0.01
RF No R SBN 786 0.34+0.02 037+003 053+001 0.63=+0.02

Table B.17: Summary of the results obtained on the ICANS dataset using the best models
and parameters from the AMIGOS dataset with the ECG signal. The best F1-score and
BA are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA

DT Yes No No 295 0.38 +0.03 0.41+0.04 051+0.02 0.52+0.02
DT Yes No No 295 0.34+0.08 038+0.07 052+0.02 0.54+0.02
RF No S FCN 295 0.35+0.04 037+0.02 0.62+001 0.67+0.01
RF No No No 295 0.33+£0.03 035+0.01 0.66+0.02 0.70+0.01
RF No S SBN 295 031+£0.02 032+0.03 0.79+0.02 0.82=+0.02
RF No RN SBN 295 031+£0.02 032+0.01 0.72+0.02 0.75+0.01

LGBM No No No 295 029+£0.05 032+0.05 0.65+0.06 0.71+0.04
RF Yes No No 295 0.28+£0.04 030+0.04 056+0.04 0.60+0.04
AB No No No 295 027 +0.04 028+0.05 0.84+0.01 0.84+0.01

LGBM Yes No No 295 025+0.06 028+004 0.56+001 0.61=+0.00
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Table B.18: Summary of the results obtained on the YAAD dataset using the best models
and parameters from the AMIGOS dataset with the ECG signal. The best F1-score and
BA are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA

LGBM Yes No No 235 029+0.02 0.36+0.03 050+0.04 0.60+0.02
RF No RN SBN 235 0.30 +0.04 0.31+0.03 058+0.02 0.65+0.02
AB No No No 235 0.27+£0.03 0.30+0.01 0.68+0.04 0.72+0.01
RF Yes No No 235 028 +0.01 028+0.02 0.65+0.02 0.70+0.03
DT Yes No No 235 027 +0.06 029+0.04 054+0.02 0.52+0.04

LGBM No No No 235 026 £0.03 029+0.04 0.51+0.02 0.61=+0.02
RF No S SBN 235 026 £0.02 029+002 0.78+0.06 0.83=+0.03
RF No S FCN 235 0.27+0.03 028+0.00 0.71+0.06 0.76+0.02
DT Yes No No 235 0.24+£0.07 025+0.04 053+0.03 0.59+0.04
RF No No No 235 024+£003 024+002 0.56+002 0.60=+0.05

Table B.19: Summary of the results achieved by the best models and parameters on the
ICANS dataset using the Voice signal. The best F1-score and BA are highlighted and the
results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA

RF No S SBN 251 0.48 £0.05 0.51+0.07 0.69+0.02 0.72=+0.00
RF No R SBN 251 0.48 £0.03 049+0.03 0.75+0.02 0.76 +0.02
RF No S SBN 251 0.47+£005 049+005 0.85+0.02 0.86=+0.02
DT No S SBN 251 045+0.03 049+001 0.66+0.01 0.69+0.01
RF No R SBN 251 046 +0.02 048+0.04 080+0.01 0.82+0.01
RF No M SBN 251 044 +0.03 047+0.01 0.67+0.02 0.70+0.02
RF No M SBN 251 045+0.03 045+0.05 081+0.01 0.82+0.02
LGBM No S SBN 251 044 +0.01 046+0.02 0.60+0.03 0.62+0.03
SVM No S SBN 251 044 +0.03 045+0.03 083+0.03 0.85+0.01
DT Yes M SBN 250 0.43+0.03 044+002 057+0.03 0.61=+0.01

Table B.20: Summary of the results obtained on the EPEDD dataset using the best models
and parameters from the ICANS dataset with the Voice signal. The best F1-score and BA
are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA

SVM No S SBN 826 0.58 +0.04 0.60+0.04 091+0.02 093+0.01
RF No R SBN 826 054+0.03 056+004 071+0.02 0.75+0.01
RF No R SBN 826 0.53+0.04 056+005 0.70+0.02 0.73+0.02
LGBM No S SBN 826 0.53+0.04 056+004 0.77+0.04 0.81=+0.03
RF No S SBN 826 0.47+0.09 051+006 0.74+0.03 0.77+0.03
DT No S SBN 826 0.47+£0.07 050+0.08 0.64+002 0.69+0.01
RF No M SBN 826 0.45+0.09 048+0.08 0.71+0.02 0.74+0.02
RF No M SBN 826 044+010 048+010 0.63+£0.04 0.67=+0.03
RF No S SBN 826 0.43+£0.09 048+0.07 0.65+0.04 0.70+0.04
DT Yes M SBN 824 032+0.02 038+0.02 047+0.02 0.55+0.02
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Table B.21: Summary of the results obtained on the EMOUER] dataset using the best
models and parameters from the ICANS dataset with the Voice signal. The best F1-score
and BA are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA

SVM No S SBN 377 0.76 £0.03 0.77+0.03 0.99+0.00 0.99=+0.00
LGBM No S SBN 377 071+0.03 0.71+0.03 092+0.03 0.92+0.03
RF No S SBN 377 0.68+0.10 0.69+0.10 090+0.01 0.91+0.01
RF No R SBN 377 0.68+0.06 0.68+0.06 0.89+0.03 0.89+0.03
RF No R SBN 377 0.67+0.04 0.67+0.03 0.90=+0.02 0.90=+0.02
RF No M SBN 377 0.67+£0.07 0.67+0.07 091+0.01 0.91=+0.01
RF No S SBN 377 0.66 £0.08 0.67+0.08 0.84+0.03 0.84+0.03
DT No S SBN 377 0.62+0.06 062+006 0.84+003 0.84=+0.03
RF No M SBN 377 0.60+0.06 061+006 0.83+002 0.83=+0.02
DT Yes M SBN 376 0.58£0.03 0.60+004 0.79+0.02 0.79+0.02

Table B.22: Summary of the results achieved by the best models and parameters on the
EPEDD dataset using the Voice signal. The best F1-score and BA are highlighted and the
results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA

SVM No S SBN 826 0.60 £ 0.03 0.61+0.04 0.89+002 0.91=+0.02
RF No R SBN 826 0.58+£0.05 0.61+0.06 0.73+0.03 0.76+0.03
SVM No R SBN 826 056 £0.03 0.58+0.04 0.78+0.09 0.82=+0.08
RF No S SBN 826 0.55+0.05 058+0.04 071+0.03 0.75+0.03
DT No S SBN 826 054 +0.07 057+0.06 0.64+0.02 0.67+0.03
DT No R SBN 826 054 +0.06 0.56+0.05 0.60+0.02 0.64+0.02
RF Yes S SBN 824 0.53+0.04 057+0.04 064+0.01 0.70+0.01
KNN No S SBN 826 0.53+0.04 054+005 0.65+0.04 0.65+0.03
SVM No M SBN 826 0.51+0.07 054+007 073+£0.02 0.76+0.01
SVM Yes S SBN 824 0.52+0.01 053+0.00 0.86+001 0.88=+0.01

Table B.23: Summary of the results obtained on the ICANS dataset using the best models
and parameters from the EPEDD dataset with the Voice signal. The best F1-score and BA
are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA

SVM No S SBN 251 0.43 +0.02 045+0.02 0.78+0.04 0.80+0.02
SVM Yes S SBN 250 043 +0.04 044+005 074+0.02 0.75+0.02
RF No S SBN 251 0.38+0.06 0.40+0.07 0.78+0.02 0.79+0.03
DT No R SBN 251 0.38+0.05 039+004 052+001 0.53=+0.03
RF Yes S SBN 250 0.37+0.06 038+006 0.75+0.03 0.77+0.03
RF No R SBN 251 0.35+0.02 036+001 0.81+003 0.82=+0.02
SVM No M SBN 251 0.30+£0.04 035+002 047+0.08 0.54=+0.03
KNN No S SBN 251 031+0.02 033+002 042+0.02 0.42+0.01
DT No S SBN 251 0.30+£0.04 033+£0.04 0.62+002 0.65=+0.01
SVM No R SBN 251 011+0.02 024+001 0.14+0.03 0.27+0.00
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Table B.24: Summary of the results obtained on the EMOUER] dataset using the best
models and parameters from the EPEDD dataset with the Voice signal. The best F1-score
and BA are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA

SVM No M SBN 377 0.80£0.04 0.80+0.04 098+0.00 0.98=+0.00
SVM No S SBN 377 076 £0.01 0.77+0.01 091+0.03 0.91=+0.03
KNN No S SBN 377 0.75+0.03 0.75+0.03 1.00+0.00 1.00+0.00
SVM No RN SBN 377 0.70+0.03 0.70+0.04 091+0.02 0.91=+0.02
RF No S SBN 377 0.70+0.07 0.70+0.07 0.82+0.02 0.82=+0.02
RF Yes S SBN 376 0.69+£0.06 0.69+0.06 0.80+0.03 0.80=+0.03
SVM Yes S SBN 376 0.69+0.03 0.69+0.03 0.89+0.04 0.89+0.04
RF No R SBN 377 0.68+£0.06 0.69+006 0.82+002 0.82=0.02
DT No S SBN 377 0.64£0.09 0.64+009 093+001 0.93+0.01
DT No R SBN 377 054+£004 056+002 096+0.00 0.96=0.00

Table B.25: Summary of the results achieved by the best models and parameters on the
EMOUER] dataset using the Voice signal. The best F1-score and BA are highlighted and
the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA

SVM No M SBN 377 0.77+0.09 0.77+0.09 1.00+0.00 1.00=+0.00
SVM No M FCN 377 0.75+0.06 075+0.06 0.94+001 0.94+0.01
RF No S SBN 377 075+0.03 0.75+0.03 0.70+0.04 0.71+0.04
AB No M SBN 377 0.75+0.05 0.75+0.05 1.00+0.00 1.00+0.00
SVM No S FCN 377 0.74+0.07 0.74+0.07 097+0.01 0.97+0.01
KNN No M SBN 377 073+0.03 0.73+0.03 0.85+0.01 0.85+0.01
KNN No S SBN 377 073+0.05 0.73+0.05 085+0.00 0.85+0.01
RF Yes S SBN 376 071+0.06 0.71+0.06 0.82+0.02 0.82+0.02
KNN No S FCN 377 0.70+0.04 0.71+0.03 0.87+0.03 0.87+0.03
RF No No No 377 070+0.04 071+004 0.89+0.02 0.89=+0.02

Table B.26: Summary of the results obtained on the ICANS dataset using the best models
and parameters from the EMOUER] dataset with the Voice signal. The best F1-score and
BA are highlighted and the results are sorted in descending order.

Normalization

Model Signal Feature N¢ Samples Test Train
Amplitude Type Domain F1 BA F1 BA

SVM No M FCN 251 0.43 +0.02 045+0.02 0.78+0.04 0.80+0.03
SVM No S FCN 251 0.43 +0.02 045+0.02 0.78+0.04 0.80+0.03
SVM No M SBN 251 0.40+0.05 041+006 1.00+0.00 1.00=+0.00
RF Yes S SBN 250 0.38+0.04 041+004 059+001 0.62=+0.03
RF No S SBN 251 036 £0.03 0.38+0.03 0.68+0.02 0.71+0.03
RF No No No 251 0.35+0.04 038+004 0.76+0.03 0.77+0.02
KNN No S SBN 251 0.34+£002 036+002 045+0.06 0.45=+0.05
KNN No M SBN 251 0.33+£0.01 035+£0.02 0.39+002 0.40=+0.02
KNN No S FCN 251 031+0.05 034+004 038+0.02 0.40=+0.02
AB No M SBN 251 0.30+0.04 033+£0.03 099+001 0.99=+0.01
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(a) ICANS dataset.

Kurtuosis Spectral Bandwidth

Energy Spectral Min

Mean SCR Recovery Time

Min Spectral Min

Number SCRs

Names

Std SRC Recovery Time

Med SCR Recovery Time

Kurtuosis SCL Amplitude

Med Spectral Min

Min SCR Recovery Time

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
Relative Importance

(b) YAAD dataset.
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(c) AMIGOS dataset.

Figure B.10: Relative importance of the top ten features used in each dataset for the EDA
signal, namely (a) ICANS dataset, (b) YAAD dataset, and (c) AMIGOS dataset. Max -
Maximum; Med - Median; Min - Minimum; Std - Standard Deviation.
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(a) ICANS dataset.
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(b) YAAD dataset.
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(c) AMIGOS dataset.

Figure B.11: Relative importance of the top ten features used in each dataset for the ECG
signal, namely (a) ICANS dataset, (b) YAAD dataset, and (c) AMIGOS dataset. Min -

Minimum.
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(a) ICANS dataset.

Mean MFCCO

Energy Spectral Contrast3

Energy Spectral Min

Std Spectral Contrast2

Max Spectral Contrastl

Names

Max MFCCO

Mean Spectral Contrastl

Std Spectral Contrastl

Min Spectral Contrast5

Mean Pitch

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
Relative Importance

(b) EPEDD dataset.
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(c) EMOUER] dataset.

Figure B.12: Relative importance of the top ten features used in each dataset for the Voice
signal, namely (a) ICANS dataset, (b) EPEDD dataset, and (c) EMOUER] dataset. Max -

Maximum; Med - Median; Min - Minimum; Std - Standard Deviation.
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Table B.27: Summary of the results obtained on the EPEDD dataset using the best models
and parameters from the EMOUER] dataset with the Voice signal. The best F1-score and
BA are highlighted and the results are sorted in descending order.

Normalization Test Train
Model Signal Feature N¢ Samples
Amplitude Type Domain F1 BA F1 BA

SVM No M SBN 826 0.67 £0.01 0.66+0.01 1.00+0.00 1.00=+0.00
SVM No S FCN 826 0.59+0.02 061+003 085+001 0.88+0.01
RF No S SBN 826 0.57+£0.01 0.61+0.01 0.66+0.04 0.70+0.04
SVM No M FCN 826 056 +0.02 059+0.03 071+0.01 0.75+0.01
KNN No M SBN 826 0.55+0.03 056+0.02 0.61+0.02 0.61+0.02
KNN No S SBN 826 0.53+0.03 054+0.02 063+0.02 0.62+0.01
RF No No No 826 0.51+0.04 054+004 0.61+0.00 0.65+0.00
RF Yes S SBN 824 049+0.01 054+002 056+0.01 0.63+0.01
AB No M SBN 826 048 +0.03 047+0.03 0.82+0.02 0.82+0.02
KNN No S FCN 826 047 +0.04 047+0.03 0.58+0.02 0.57+0.01
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MULTIMODAL EMOTION RECOGNITION

Table C.1: Optimal outcomes for each late fusion technique across different fusion types
in the ICANS dataset.

Fusion Experiments

Fusion Type Maetrics 1 5 3 1
Voting F1 0.51+0.03 043 +0.03 045+0.07 047 +0.04
BA 052+0.04 049+0.04 048+0.08 0.50=+0.06
Averaging F1 0.50+0.03 049+0.03 043+0.04 0.49+0.06
BA 054+0.02 053+0.04 044+0.05 0.52+0.09
Max Voting F1 0.47 £0.00 0.50+0.00 0.48 +0.00 0.55+0.00
BA 0.51+0.00 0.55+0.00 0.45=+0.00 0.61=+0.00
Weighted F1 050 +£0.03 0.50+0.01 0.48+0.05 0.51+0.02
Averaging BA 0.55+0.02 0.52+0.02 0.49+0.07 0.53+0.05

All metrics are macro averaged; (1) - EDA + ECG + VOICE | (2) - EDA + ECG | (3) - EDA + VOICE |
(4) - ECG + VOICE

Table C.2: Contigency matrix of the best late fusion results obtained in each group of
modalities used. This representation is meant to keep track of which modalities might be
hindering or benefiting from the fusion strategy. The best results are highlighted.

Modalities

FDA ECG Voice ‘ecuracy

1.00 055 0.61 0.41

EDA 1.00 0.55 - 0.44

1.00 - 0.45 0.39

058 1.00 0.55 0.39

Modalities ECG 055 1.00 - 0.44
- 1.00 0.63 0.47

051 043 1.00 0.49

Voice 0.45 - 1.00 0.49

- 0.58 1.00 0.50

Accuracy score is reported; (1) - EDA + ECG + VOICE; (2) - EDA + ECG;
(3) - EDA + VOICE,; (4) - ECG + VOICE.
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Table C.3: Optimal outcomes for each late fusion technique across different fusion types

in the YAAD and AMIGOS dataset.

Fusion Type Maetrics YA A[])) atasejﬁvﬂ COS
Voting F1 0.38 £0.05 0.47 +0.03
BA 047 £0.09 048 +£0.04

Averaging F1 0.38 £0.06 0.45+0.04
BA 0.38 £0.08 0.48 +0.03

. F1 0.39 + 0.00 0.48 + 0.00

Max Voting  pu (594000 054+ 0.00
Weighted F1 0.38 £0.00 0.46 +0.03
Averaging BA 0.48 +0.08 0.50 +0.02
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ADDITIONAL EXPERIMENTS

Table D.1: Number of emotions per type of task.

Task HVHA LVHA LVLA HVLA

Memory Recall 34 11 1 15

Visual 33 18 24 46

Auditory 15 14 5 26

Audiovisual 12 0 0 0

Acting 26 18 7 11

1.00

0.95 w4 EDA
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W \oice
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0.80 1§
0.75 4
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0.40 4
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0.30 4
0.257
0.20 4
0.15
0.10 4
0.05 4
0.00 -

Score

/

23 34
Intervals of Intensity

Figure D.1: Graphical representation of the performance obtained for each interval of
intensity of an emotion, in the ICANS dataset. Accuracy score is reported taking into
account the best ten models of each modality.
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Figure D.2: Graphical representation of the performance obtained for each type of sample
weight, in the ICANS dataset. Accuracy score is reported taking into account the best ten
models of each modality.
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Figure D.3: Graphical representation of the performance obtained for each label from
different annotator (or subject itself), in ICANS dataset. Accuracy score is reported taking
into account the best ten models of each modality.
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Figure D.4: Graphical representation of the performance obtained for arousal and valence
(2-class problem in each case), in ICANS dataset. Accuracy score is reported taking into
account the best ten models of each modality.
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Figure D.5: Graphical representation of the performance obtained for the actual versus
expected emotion, in ICANS dataset. Accuracy score is reported taking into account the
best ten models of each modality.
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Figure D.6: Graphical representation of the performance obtained trought the acquisition protocol, in the ICANS dataset. Each bin of the

X-axis represents a different stimuli. Accuracy score is reported taking into account the best ten models of each modality.
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FEATURES EXTRACTED

Detailed descriptions of some features extracted on each data modality are showed in this

section. Features extracted from the spectral domain of the three modalities are described:

Spectral Rolloff: frequency below which a certain percentage of the total spectral
energy of the signal is contained. For example, the spectral rolloff frequency for
90% of the energy represents the frequency below which 90% of the total energy is

contained;

Spectral Bandwidth: a measure of the width or spread of frequencies in a signal.
It quantifies how wide or narrow the frequency content is in a given segment of the
signal. A higher spectral bandwidth indicates a broader range of frequencies, while
a lower spectral bandwidth suggests a narrower concentration of frequencies;

Spectral Centroid: weighted average of the frequencies present in the signal, with

each frequency weighted by its amplitude value;
Spectral Contrast: the STD of the power spectrum around the spectral centroid;

Spectral Entropy: measure of the disorder or randomness of the frequency distri-

bution of the signal;

Spectral Maximum: maximum amplitude value in the frequency spectrum of the

signal;

Spectral Minimum: minimum amplitude value in the frequency spectrum of the

signal;

Spectral Mean: arithmetic mean of the amplitude values in the frequency spectrum

of the signal.

Features extracted from the whole EDA signal:

SCR Pulse: the amplitudes values from a SCR pulse;
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¢ SCR Risetime: the time between the stimuli and the instants where the SCR pulse

reaches the peak;

* SCR Recoverytime: when the SCR pulse peak recovers (decline) to half of it’s am-
plitude;

¢ SCR Amplitude: the phasic component of the EDA signal;
¢ SCL Amplitude: the tonic component of the EDA signal;
¢ SCR Intervals: the consecutive intervals between peaks of SCRs pulses;

* Number of SCRs Pulses: it quantifies the count of pulses corresponding to SCRs
pulses within a signal.

Features extracted from each frame of an ECG signal:
¢ BPM: measures the HR, indicating the number of heartbeats occurring in one minute;

¢ IBIL represents the time interval between successive heartbeats, essentially measur-
ing the duration between two heartbeats;

¢ STD of NN INtervals: measures the variability of HR, specifically the STD of the
intervals between consecutive normal heartbeats (NN intervals);

¢ STDSD: quantifies the variability between consecutive HR differences, providing
insight into short-term HR fluctuations;

¢ RMSSD: calculates the square root of the mean of the squared differences between
successive HR intervals, primarily reflecting short-term HRV;

¢ pnn20: it’s the percentage of adjacent RR intervals differing by more than 20 mil-
liseconds, an index of HRV and cardiac autonomic function;

¢ pnn50: it’s the percentage of adjacent RR intervals differing by more than 50 mil-
liseconds an index of HRV and cardiac autonomic function;

¢ HRMAD: a measure of the dispersion of HR values around the mean;

¢ RRPL: STD of points perpendicular to the line of identity in a Poincaré plot, a graph
that shows the relationship between successive NN intervals;

* RRPW: STD of points along the line of identity in a Poincaré plot;

¢ HR Entropy: short-term variability, a measure of the variability of HR over short

time intervals;

* RRPL/RRPW: the ratio of the STD of points perpendicular to the line of identity to
the STD of points along the line of identity in a Poincaré plot;
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¢ Breathing Rate: the number of breaths per minute, estimated from the Respiratory

Sinus Arrhythmia (RSA), the variation in heart rate that occurs with breathing.
Features extracted from the the full ECG signal:

* VLF: the power in the signal that is located in the frequency ranging within [0.0033,
0.04] Hz;

¢ LF: the power in the signal that is located in the frequency ranging within [0.04,
0.15] Hz;

¢ HF: the power in the signal that is located in the frequency ranging within [0.15, 0.4]
Hz;

¢ LF/HEF: the ratio of the power in the LF band to the power in the HF band;

¢ Total Power: the total power in the HR signal, which is the sum of the power across
all frequency bands;

* VLF Percentage: the percentage of power in the VLF band relative to the total power
in the HR signal;

* LF Percentage: the percentage of power in the LF band relative to the total power
in the HR signal;

* HF Percentage: the percentage of power in the HF band relative to the total power
in the HR signal;

¢ LF Norm: the normalized power in the LF band, which is the LF power divided by
the total power minus the VLF power;

¢ HF Norm: the normalized power in the HF band, which is the HF power divided
by the total power minus the VLF power.

Features extracted from the frames of a Voice signal:

* MFCC: a representation of the spectral envelope of a sound signal, based on a linear

cosine transform of a log power spectrum on a nonlinear mel scale of frequency;

¢ CPP: a measure of the prominence of the highest peak in the cepstral spectrum,
which can indicate the clarity of the most prominent formant in a speech signal;

¢ LPCC: a set of coefficients obtained from the linear prediction analysis of a speech

signal, used to model the spectral envelope of the signal;

® ZCR: it’s the rate at which the signal changes sign, which can be used to estimate
the frequency content and periodicity of the signal.

Features extracted from the full Voice signal:
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* Mean Pitch: represents the average FO of a voice signal and indicates the typical

pitch level of a speaker’s voice during a segment of speech;

¢ STD of Pitch: measures the variation in FO values within a voice signal, reflecting

the degree of pitch instability or variability during speech;

¢ Harmonic to Noise Ratio (HNR): a measure that quantifies the amount of additive

noise in the voice signal;

* Local Jitter: this is the average absolute difference between consecutive periods,
divided by the average period;

* Local Absolute Jitter: this is the average absolute difference between consecutive

periods, in seconds;

* Rap Jitter: this is the Relative Average Perturbation, the average absolute differ-
ence between a period and the average of it and its two neighbours, divided by the

average period;

¢ PPQ?5 Jitter: thisis the five-point Period Perturbation Quotient, the average absolute
difference between a period and the average of it and its four closest neighbours,

divided by the average period;

¢ DDP Jitter: this is the average absolute difference between consecutive differences
between consecutive periods, divided by the average period;

* Local Shimmer: this is the average absolute difference between the amplitudes of
consecutive periods, divided by the average amplitude;

* Local dB Shimmer: this is the average absolute base-10 logarithm of the difference
between the amplitudes of consecutive periods, multiplied by 20;

¢ APQ3 Shimmer: this is the three-point Amplitude Perturbation Quotient, the av-
erage absolute difference between the amplitude of a period and the average of the

amplitudes of its neighbours, divided by the average amplitude;

¢ AQPQ5 Shimmer: this is the five-point Amplitude Perturbation Quotient, the av-
erage absolute difference between the amplitude of a period and the average of the

amplitudes of it and its four closest neighbours, divided by the average amplitude;

¢ APQ11 Shimmer: this is the 11-point Amplitude Perturbation Quotient, the aver-
age absolute difference between the amplitude of a period and the average of the

amplitudes of it and its ten closest neighbours, divided by the average amplitude;

¢ DDA Shimmer: this is the average absolute difference between consecutive differ-
ences between the amplitudes of consecutive periods.
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