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Abstract

In recent years, the rapid growth of human—machine interaction systems has created an
increasing need for machines that can perceive and interpret human emotions. Emotion recognition
systems, based on physiological signals, facial expressions, and speech, have become an essential
component in designing intelligent and responsive systems. One of the major challenges in emotion
recognition lies in the high dimensionality of extracted features, often caused by the large variety of
descriptors used in emotion modeling. This high dimensionality can lead to significant computational
cost, overfitting, and reduced classification accuracy due to the curse of dimensionality. Therefore,
effective feature selection becomes crucial to retain only the most relevant features while improving

recognition accuracy and reducing complexity.

The main objective of this doctoral work is to select the most relevant features from high-
dimensional data to develop an efficient emotion recognition system using mutual information
measures. Our first contribution proposes a baseline speech emotion recognition (SER) system using
a large set of acoustic features (MFCC, LPCC, and PLP), combined with MI-based selection strategies
(mRMR, ICAP, CIFE, and JMI). These features are classified using k-NN, SVM, and GMM
algorithms, combined with a voting rule strategy. Experimental results on the EmoDB dataset show
that applying the ICAP strategy reduces the feature vector size by 62.2% while improving the
recognition accuracy to 82.94%. Moreover, the introduction of a 1D-CNN with a stopping criterion
guided by classification accuracy achieved superior performance, where applying CIFE resulted in a

73.87% reduction of the feature vector with only 0.39% loss in accuracy.

The second contribution extends this framework to facial expression recognition (FER) using
Ml-based feature selection strategies. Experiments conducted on HOG descriptors extracted from the
CK+ and MUG datasets achieved 100% accuracy with over 60% feature reduction when using ICAP
combined with a 1D-CNN. Furthermore, applying mRMR to deep features extracted through transfer
learning with AlexNet and classifying them with k-NN yielded 97% accuracy using only 9 features
out of 1000.

The findings of this thesis demonstrate the effectiveness of MI-based feature selection
strategies in addressing the challenges posed by high dimensionality, offering an optimal balance

between recognition accuracy and computational complexity in emotion recognition systems.
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Keywords: Speech emotion recognition, facial expression recognition, high-dimension,

feature selection, mutual information, IDCNN, machine learning.
Reésume

Ces derniéres années, la croissance rapide des systémes d’interaction homme—machine a
engendré un besoin croissant de machines capables de percevoir et d’interpréter les émotions
humaines. Les systémes de reconnaissance des émotions, basés sur les signaux physiologiques, les
expressions faciales et la parole, sont devenus un élément essentiel pour la conception de systémes
intelligents et réactifs. L’un des principaux défis de la reconnaissance des émotions réside dans la
haute dimensionnalité des caractéristiques extraites, souvent due a la diversité de descripteurs utilisés
dans la modélisation des émotions. Cette dimensionnalité élevée peut entralner un coft
computationnel important, un surapprentissage, ainsi qu’une baisse de la précision de classification
en raison de la malédiction de la dimension. Ainsi, la sélection efficace des paramétres devient
cruciale afin de ne retenir que les plus pertinents, tout en améliorant la précision et en réduisant la

complexité.

L’objectif principal de ce travail doctoral est de sélectionner les parameétres pertinents a partir
de données de grande dimension afin de développer un systéeme de reconnaissance des émotions
performant, basé sur des mesures d’information mutuelle. Notre premiére contribution consiste a
proposer un systéme de reconnaissance acoustique des émotions, en utilisant un large ensemble de
parametres acoustiques (MFCC, LPCC et PLP) combinés a des stratégies de sélection basées sur
I’information mutuelle (mMRMR, ICAP, CIFE et JMI). Ces parametres sont classés a 1’aide des
algorithmes k-NN, SVM et GMM, associés a la stratégie de la régle de vote. Les résultats
expérimentaux sur la base de données EmoDB montrent que I’application de la stratégie de sélection
ICAP réduit la taille du vecteur des parametres de 62,2% tout en améliorant la précision a 82,94%.
De plus, I’introduction d’un 1D-CNN avec un criteére d’arrét guidé par la précision de classification a
permis d’obtenir des performances supérieures, ou 1’application de CIFE a entrainé une réduction de

73,87 % du vecteur de parametres avec seulement 0,39 % de perte de précision.

La deuxiéme contribution étend ce cadre a la reconnaissance des expressions faciales en
utilisant des stratégies de sélection de parametres basée sur 1I’information mutuelle. Des expériences
menées premierement sur les parametres HOG extraits des bases de données CK+ et MUG montrent

une précision de 100 % avec plus de 60 % de réduction des parameétres en utilisant la stratégie ICAP
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combinée avec le 1D-CNN. Deuxieémement, I’application de la stratégie MRMR aux parametres
extraits via 1’apprentissage par transfert avec AlexNet et leur classification par 1’algorithme KNN a
permis d’obtenir de bonnes performances avec 97 % de précision en utilisant seulement 9 parametres

sur 1000.

Les résultats de cette these montrent I’efficacité des stratégies de sélection de parameétres
basées sur I’information mutuelle pour relever les défis liés a la haute dimensionnalité, offrant un
compromis optimal entre la précision de reconnaissance et la complexit¢ computationnelle dans les

systémes de reconnaissance des émotions.

Mots-clés : Reconnaissance des émotions dans la parole, reconnaissance des expressions
faciales, haute dimension, sélection de parametres, information mutuelle, 1D-CNN, apprentissage

automatique.
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General Introduction

In recent years, artificial intelligence (Al) has been increasingly integrated into almost every
aspect of human life, ranging from healthcare and education to security, entertainment, and human
computer interaction. One of the emerging fields within Al is automatic emotion recognition (AER),
which aims to give machines the ability to perceive, analyze, and interpret human emotions [1]. Such
systems have attracted significant attention due to their potential applications in diverse domains,
including intelligent tutoring systems, affective computing, mental health monitoring, social robotics

and customer service [2].

Despite this progress, emotion recognition systems still face several challenges. Among the
most critical is the issue of high-dimensional feature spaces generated during the feature extraction
stage. Modern AER systems typically rely on a large number of features, whether acoustic, visual, or
physiological modalities, in order to represent the complex patterns that define emotional states.
However, not all extracted features are equally relevant or informative for this task. The presence of
redundant, irrelevant, or noisy features not only increases computational cost and memory
consumption but also worsens the so-called "curse of dimensionality", which often leads to degraded

classification accuracy [3].

Feature selection therefore plays a central role in the design of efficient emotion recognition
systems. By identifying an optimal subset of the most relevant features, feature selection not only
reduces system complexity but also improves interpretability and classification accuracy. Among
existing approaches, mutual information (MI)-based feature selection methods have gained particular
attention due to their strong theoretical foundations in information theory and their ability to quantify
nonlinear dependencies between features and class labels [4]. Nevertheless, the effectiveness of MI-
based methods strongly depends on the search strategy and, critically, on the choice of an appropriate
stopping criterion, which remains an open research issue in high-dimensional emotion recognition

tasks.

The main objective of this PhD thesis is to address these challenges by investigating and
enhancing MI-based feature selection strategies for high-dimensional automatic emotion recognition
systems. The proposed work aims to balance recognition accuracy with computational efficiency,
making emotion recognition systems more suitable for real-world and resource-constrained
environments. Specifically, this thesis seeks to achieve three core objectives:
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1. Enhance processing efficiency by reducing the feature set and thereby lowering computational

overhead.
2. Reduce memory usage through compact feature representations.
3. Mitigate the curse of dimensionality to improve the accuracy of emotion recognition models.

This research focuses on speech and facial expression modalities, which are among the most
widely studied and practically deployable sources of emotional information. These modalities are
non-intrusive, easily accessible, and well suited for real-world applications compared to physiological

signals.

Building upon this foundation, this thesis also explores the design of robust classification
systems that combine machine learning algorithms with voting rules as well as lightweight 1D
convolutional neural networks (1D-CNNs). These approaches are chosen to balance efficiency with

high recognition accuracy, making them particularly suitable for practical applications.
Within this context, the main scientific contributions of this thesis are presented as follows:

The first contribution consists in the design of a comprehensive speech emotion recognition
(SER) system based on the extraction of a large and diverse set of acoustic features, including MFCC,
LPCC, and PLP. To mitigate the effects of high dimensionality in the extracted feature space, several
MIl-based feature selection methods, namely mRMR, ICAP, CIFE, and JMI are systematically
applied. Emotion classification is performed using multiple machine learning algorithms such as
KNN, SVM, and GMM, combined with voting rule strategy. In addition, a lightweight 1D-CNN
architecture is proposed, incorporating a stopping criterion guided by classification accuracy to

automatically determine an optimal feature subset and further enhance system performance.

The second contribution extends the proposed framework to facial expression recognition
(FER). The FER system uses both handcrafted texture descriptors, such as LBP, HOG, LPQ, and
BSIF, and deep feature representations extracted from a pretrained AlexNet model. MI-based feature
selection strategies (MRMR, ICAP, CIFE, and JMI) are applied using different stopping criteria, while
classification is carried out using KNN and 1D-CNN models. This contribution demonstrates the
effectiveness and generality of MI-based feature selection across both traditional handcrafted features

and deep learned representations.
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This PhD thesis is structured into four main chapters, in addition to the general introduction

and conclusion:

Chapter I presents a general description of automatic emotion recognition. It introduces the
concept of emotion and its relevance to Al, followed by an overview of different modalities
(speech, facial expressions, physiological signals) and applications. The chapter also outlines
the architecture of AER systems, reviews the literature, and discusses feature extraction and

classification approaches.

Chapter II forms the core of the thesis, focusing on feature selection. It provides a theoretical
background on feature selection approaches, the information-theoretic foundations of mutual
information, and the challenges posed by high-dimensional feature spaces. Different search

strategies for feature selection and the role of stopping criteria are also discussed.

Chapter III addresses the application of feature selection to Speech Emotion Recognition
(SER). The chapter presents the proposed contributions, including the combination of machine
learning classifiers with voting rules, the design of a 1D CNN architecture for SER, and the
implementation of mutual information-based feature selection with greedy forward search and

stopping criteria. Extensive experimental results and evaluations are reported.

Chapter IV extends the application of feature selection to Facial Expression Recognition
(FER). This chapter covers both handcrafted features and deep features extracted through
transfer learning. The proposed system leverages MI-based feature selection and advanced
classification strategies, with experiments and results validating the effectiveness of the

approach.

Finally, the general conclusion summarizes the findings of the thesis, highlights the

contributions, and outlines potential future research directions.
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GENERALITIES OF AUTOMATIC EMOTION
RECOGNITION

I.1. INTRODUCTION

Emotion recognition is a crucial field within artificial intelligence that enables machines
to interpret human affective states and thereby enhance human—computer interaction. Its
importance lies in making interactions more natural and adaptive by allowing systems to
recognize and respond to human emotions. Emotions can be conveyed through different
modalities, including speech, facial expressions, gestures, and physiological signals, each
providing complementary information [5]. The ability to recognize emotions has led to a wide
range of applications in healthcare, education, security, marketing, and entertainment. To
achieve these applications, a typical emotion recognition system is composed of several stages,

including feature extraction, feature selection, and classification [6].

In this chapter, we introduce the fundamental concepts of emotion recognition, focusing
on its definition, applications, and modalities. We then present the state of the art of existing
systems and methods in emotion recognition, with a particular focus on speech and facial
expressions. This is followed by an overview of emotion recognition systems, and a detailed
discussion of the feature extraction and classification techniques used in this study. Together,
these sections provide a solid foundation for the subsequent chapters, where more advanced

approaches and research contributions will be examined.

I.2. OVERVIEW OF EMOTION

The concept and definition of emotion serve as the cornerstone for the field of emotion
recognition. Paul Ekman, in the 1970s, introduced the foundational concept of emotion, which

has profoundly influenced subsequent research and understanding in this domain [7].
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1.2.1.Defining Emotion

This subsection presents different perspectives on the definition of emotion. The

fundamental concepts are summarized as follows:

Definition 1: According to the Merriam-Webster Dictionary [8], emotion is described
as a conscious mental response, such as anger or fear, that is subjectively experienced as an
intense feeling, generally oriented toward a particular object and accompanied by characteristic

physiological and behavioral alterations.

Definition 2: As stated in [9], Emotion is a state that reflects evaluative judgments of
the environment, self, and others in relation to an organism’s goals and beliefs, motivating and

coordinating adaptive behavior.
Definition 3: Emotion [10] is a mental state linked to thoughts, feelings, and behavior.

Definition 4: Emotion [11] is an affective state triggered by interpersonal or external
events, involving an appraisal of the situation and expressed through physiological signals or

actions.

Definition 5: Emotions [12] are states of the central nervous system associated with a
range of behavioral, cognitive, somatic, and physiological responses that have evolved to fulfill

survival needs.

I.3. EMOTION RECOGNITION

Emotion recognition is the ability to identify and understand emotions expressed by
oneself and others, playing a crucial role in social interactions and various fields such as
psychology, neuroscience, and artificial intelligence. This capacity is not only essential for
effective communication but also has significant implications for mental health treatment and
human-computer interaction. As technology advances, the methodologies for emotion
recognition have expanded to include various modalities, most notably facial expressions,
speech, and physiological signals, each providing unique insights into emotional states and

enhancing the accuracy of emotion detection systems [13].

I.4. MODALITIES FOR EMOTION RECOGNITION

Emotion recognition systems use various modalities to identify and interpret human

emotions effectively. These modalities encompass different types of data inputs, including
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visual, auditory, and textual information, each contributing unique insights into emotional states

[14].
Visual Modality

Visual modality primarily relies on facial expressions and gestures to determine
emotions. This approach often involves the use of facial recognition technology, which analyzes
images or video frames to extract features indicative of specific emotional states. Recent
advancements have incorporated deep learning techniques, such as CNNs, to enhance accuracy

in recognizing emotions from facial sequences [15].
Auditory Modality

The auditory modality analyzes voice features such as tone, pitch, and intonation to
detect emotions. Speech processing techniques, including Fast Fourier Transform (FFT) and
Mel-Frequency Cepstral Coefficients (MFCCs), are commonly used to extract these features
from audio data. This modality is widely used because vocal expressions naturally convey

emotional information [16].
Textual Modality

The textual modality examines written or transcribed language to identify emotions.
Techniques from Natural Language Processing (NLP), such as sentiment analysis and linguistic
feature extraction, are applied to capture emotional content in text. Textual analysis is useful

for understanding expressed or implied emotions in communication [17].
Physiological Modality

Physiological signals, such as ECG, GSR, and EEG, provide direct measurements of the
body’s emotional responses. These signals capture subtle changes in heart rate, skin
conductance, and brain activity that reflect different emotional states. When combined with
deep learning models, including Transformers, physiological data can enhance the accuracy,

stability, and robustness of emotion recognition systems [18].
Multimodal Approaches

Recent trends in emotion recognition have favored multimodal approaches, which
combine data from various modalities to enhance overall performance. By integrating visual,
auditory, and textual information, these systems can leverage the strengths of each modality

while compensating for individual weaknesses [19].
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In this thesis, the focus is placed on speech and facial modalities, as they represent the
most natural and expressive channels for conveying human emotions in everyday interactions.
Speech provides dynamic information through prosody and vocal tone, while facial expressions
offer rich visual cues that are often considered universal indicators of affect. Together, these
two modalities complement each other, enhancing robustness and reliability in automatic

emotion recognition, especially in scenarios where one modality may be noisy or incomplete.

I.5. APPLICATIONS OF EMOTION RECOGNITION

In recent years, emotion recognition has gained significant attention due to its wide
range of applications in many domains. By enabling machines to interpret human emotions,
this technique enhances human-computer interaction, improves mental health monitoring, and
facilitates progress in areas such as security, education and entertainment. The ability to
automatically identify emotions from facial expressions, speech and physiological signals has
led to the development of innovative solutions with the aim of improving user experience,
decision making and overall well-being. Some of the major applications of emotion recognition

include [20]:
Healthcare and Mental Health Monitoring

Emotion recognition plays an important role in healthcare, especially in mental health
monitoring and diagnosis. By analyzing facial expressions, speech patterns and physiological
signals, the emotional recognition system can help detect stress [21], anxiety [22] and
depression [23] in an early stage. Furthermore, integrating emotion recognition into digital
health platforms, mobile applications, and telemedicine services enables real-time mental
health monitoring outside clinical settings. This capability allows for proactive intervention,

reducing the burden on healthcare professionals and enhancing patient outcomes [24].
Education and E-learning

Emotion recognition has become an essential tool in modern education and e-learning,
revolutionizing the way students interact with digital learning environments [25]. By analyzing
facial expressions, the emotion-aware system can assess students’ engagement, inspiration and
mental effort in real time. This capacity allows teachers and adaptive teaching platforms to
personalize the instructions, ensuring that students receive materials suited to their emotional

and cognitive states [26].
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Security and Surveillance

Detection and prevention of security threats is a long -term concern for government
agencies [27]. Research has detected the ability to analyze physiological and facial reactions to
identify signs of deception during interviews [28]. Such technology has been considered for
implementation in high-protection environments including airports to increase the assessment
of danger. Additionally, the recognition of emotions can be integrated into surveillance systems
to monitor the crowd [29], detect unusual emotional patterns, and identify potential risks. By
improving situational awareness and enabling active safety measures, this technique enhances

public safety and supports emergency response efforts.
Virtual Reality

Virtual Reality (VR) facilitates the presentation of realistic and dynamic stimuli in social
contexts, making it a valuable tool for assessing and training emotion recognition [30]. Studies
have shown that VR can enhance both the evaluation and development of emotion recognition

skills, particularly in individuals with severe mental illness [31].
Marketing and Customer Experience

In marketing, understanding customer emotions has become essential for predicting
consumer engagement and purchase decisions [32]. In customer service, real-time monitoring
of emotional states allows companies to detect frustration or satisfaction, personalize
interactions, and strengthen loyalty [33]. Contact centers also benefit from emotion-aware
systems that help managers identify dissatisfaction early and provide targeted employee

training [34].

I.6. EMOTION RECOGNITION SYSTEM OVERVIEW

An AER system, whether based on speech or facial expressions, generally follows a
structured process consisting of several key stages: preprocessing, feature extraction, feature
selection, and classification [20]. This process aims to transform raw input data into a predicted
emotional class. It begins with data acquisition, where emotional speech signals or facial images
are collected from annotated databases. The preprocessing stage prepares the data by removing
noise and standardizing input formats. In speech, this may involve silence removal,
normalization, and segmentation; for facial data, it often includes face detection, grayscale
conversion, and alignment. Following preprocessing, the system extracts meaningful features

that capture the emotional content. In SER, these features may include prosodic features such
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as pitch and energy, spectral features such as MFCC, PLP, and LPCC, as well as voice quality
features. In FER, the system may use handcrafted features such as HOG, LBP, LPG, and BSIF,
or deep features obtained from CNNs such as VGG16, VGG19, or AlexNet. Given the high
dimensional nature of the extracted features especially in image based or deep learning
approaches, feature selection plays a crucial role. It reduces dimensionality by identifying the
most relevant and non-redundant features, thereby enhancing classification performance and
minimizing computational cost. In this context, mutual information-based techniques are
particularly effective, as they evaluate the dependency between features and emotion labels,
allowing the system to retain only the most optimal features. The selected features are then used
by a classifier to determine the corresponding emotional class. Classification techniques range
from traditional machine learning models such as SVM, GMM, and k-NN, to deep learning
architectures like CNNs and recurrent neural networks (RNNs). It is also important to note that
the system is typically divided into two phases: a training phase, where the model learns from
labeled data, and a testing phase, where its performance is evaluated on unseen data. This
overall process applies to both speech and face based emotion recognition systems [35]. Within
the context of this thesis, the feature selection stage is of particular importance, as it directly
addresses the challenges associated with high-dimensional features. All these stages are
illustrated in Figure I-1 below, which provides a global overview of the emotion recognition

process adopted in this work.
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Figure I-10verview of the Emotion Recognition System Architecture [35]
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I.7. CHALLENGES IN AUTOMATIC EMOTION
RECOGNITION

Despite significant progress, AER systems continue to face multiple challenges that
limit their performance and generalization in real world conditions. These challenges arise
mainly from the high dimensionality of input data, system complexity, data variability, and

limitations in feature extraction and selection techniques.

One of the major issues is high-dimensional feature data, especially in modalities such
as speech, facial expressions, and EEG signals. Extracting informative features from these high-
dimensional sources often leads to redundancy, irrelevant information, and an increased risk of
overfitting, particularly when the amount of data is limited. Studies such as [36] and [37] have
emphasized the need for efficient feature selection strategies to reduce dimensionality while

preserving emotion-relevant features.

Another persistent challenge is system complexity. Deep learning-based AER models,
though powerful in automatic feature extraction, require extensive computational resources and
are prone to overfitting due to their large number of parameters and dependence on large, well-
balanced datasets. Works like [38] underline the difficulty of balancing model accuracy and

computational efficiency, especially in resource-constrained or real-time applications.

Furthermore, variations in data and recording conditions such as differences in speakers,
recording conditions, lighting, and background noise pose significant barriers to achieving
robust emotion recognition. In multimodal systems, feature fusion introduces additional
complexity, as shown in [39] and [19], where combining high-dimensional data from multiple
modalities (speech, text, face, EEG) increases computational load and complicates

optimization.

Finally, interpretability and explainability remain crucial challenges. As highlighted in
[40], many deep and hybrid AER models function as “black boxes,” making it difficult to
understand the contribution of individual features or network layers to the final classification

decision.

Page | 10



I. Generalities of Automatic Emotion Recognition H.Roubhi

I1.8. LITERATURE REVIEW ON EMOTION
RECOGNITION

The study of SER and FER has evolved significantly over the years, reflecting
advancements in technology and methodology. Recent literature highlights various approaches

and challenges associated with these fields.

I.8.1.Speech Emotion Recognition

Speech Emotion Recognition focuses on extracting meaningful features from audio
signals to classify emotional states. Over the years, methods have evolved from classical
feature-based approaches, such as prosodic and MFCC features combined with SVM or HMM
classifiers, to deep learning techniques using CNNs, LSTMs, and Transformers. This

subsection highlights representative works in this field.

Bhangale et al. [41] proposed a 1D Deep CNN that uses 39 MFCC coefficients along
with 715 additional acoustic features to enhance feature distinctiveness. Experiments on the
EmoDB database reported accuracies of 91.28% and 93.31%, respectively demonstrating the
effectiveness of the approach. Nevertheless, the direct application of this model entails
increased computational time and memory consumption due to the high dimensionality of the

extracted features.

Zhao et al. [42] introduced a hybrid CNN framework that combines a 1D-CNN for raw
speech processing with a 2D-CNN designed to capture spectral patterns from log-mel
spectrograms. This dual-path design aimed to extract complementary high-level features from
both temporal and spectral domains. To enhance training efficiency, transfer learning was
employed. On the EmoDB database, the model achieved accuracies of 91.78% for Speaker
Independent (SI) and 92.71% for Speaker Dependent (SD). Despite these promising results, the
approach suffers from computational inefficiency due to the complex multi-layer CNN

architecture.

Issa et al. [43] explored a diverse set of features of speech signals by extracting MFCCs,
Mel spectrograms, chromagrams, spectral contrast, and Tonnetz features. These handcrafted
features were passed through 1D convolutional and pooling layers to capture deeper features,
followed by a fully connected layer for classification. On the EmoDB dataset, the model

obtained an accuracy of 86.10%. Nevertheless, despite the diverse feature set, the architecture
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remains relatively complex and its recognition performance is modest, which limits its

applicability in real-world scenarios.

In [44], the authors applied a pre-trained D-CNN for feature extraction, followed by
correlation-based feature selection to keep the most relevant features. Several classifiers were
tested, including SVM, KNN, Random Forest, and MLP. Using the EmoDB database, MLP
achieved 90.05% in SI experiments, while SVM reached 95.10% in SD settings. Despite these
strong results, the reliance on correlation-based selection may exclude nonlinear features that

are important for accurate emotion recognition.

The representative studies discussed above are summarized in 7Table I-1, which provides
an overview of the datasets, features, classifiers, and reported performance for each approach

in SER.

Table I-1:0verview of Studies on SER: Datasets, Features, Feature Selection, Classifiers, and

Performance
Dataset | Features Classifier /| Dimension | Feature Performance Reference
Model Selection

EmoDB | 39 MFCCs, 715 | 1D D-CNN | Low/ High | None 91.28%, 41]
acoustic features 93.31%

EmoDB | .o speech, Hybrid 1D- | High None 91.78%  (SI), | [42]
Log-mel CNN + 2D- 92.71% (SD)
spectrograms CNN

(Transfer
Learning)

EmoDB MFCC, Mel ID-CNN + | High None 86.10% [43]
spectrogram, FC layer
chromagram,
spectral
contrast,

Tonnetz

EmoDB | Pre-trained D-| SVM, Medium Correlatio | 90.05%  (SI, | [44]

CNN features KNN, REF, n-based MLP), 95.10%
MLP (SD, SVM)
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I.8.2.Facial Expression Recognition

Facial Expression Recognition aims to classify emotions from visual cues, often relying
on deep learning architectures due to the high-dimensionality of image data. Methods have
progressed from handcrafted features like LBP or HOG with classical classifiers to deep CNNs
and Transformer-based models. This subsection highlights representative works in this field

[45].

Qin et al. [46] proposed an FER method combining Gabor wavelet transform with a
two-channel CNN. After preprocessing and key frame extraction, Gabor features were used to

train the CNN, achieving 96.81% accuracy on CK+.

The authors in [47] introduced a Custom Lightweight CNN-based model (CLCM)
derived from MobileNetV2 for FER. Evaluated on FER-2013, RAF-DB, AffectNet, and CK+
datasets, it achieved competitive performance (63% on FER-2013, 84% on RAF-DB) while
using only 2.3M parameters, fewer than MobileNetV2 (3.5M) and ShuffleNetV2 (3.9M).

Bendjillali et al. [48] developed a system that applies the Viola—Jones algorithm for face
detection, CLAHE for image enhancement, and DWT for feature extraction, followed by CNN
classification. This approach reached 96.46% on CK+ and 98.43% on JAFFE.

In [49], the authors proposed a three-stage FER framework: (1) feature extraction using
three DWT-based descriptors, (2) wrapper-based feature selection, and (3) SVM classification.
The method achieved 87.76% on CK+ and 89.66% on JAFFE.

The work in [50] presented a video-based FER framework using feature point
movement and block texture variability. Twenty-four feature points from the AAM were
analyzed, and expressive features were extracted and classified with a 1D-CNN. Reported

accuracies were 95.2% on BHU, 96.5% on MMI, and 97% on the merged dataset.

In [51], a genetic programming-based FER framework was proposed for feature
selection and fusion. It combined geometric and textural features through a tree-based genetic
algorithm, tested on DISFA+, CK+, and MUG datasets, achieving 94.2%, 98.0%, and 97.2%,

respectively.

Boukhobza et al. [52] integrated a wrapper-based feature selection approach with

localized facial region analysis (mouth, eyes, eyebrows). On the MUG dataset, their system
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achieved 100% accuracy with LDA while reducing the feature set by 50%. Eyebrow features

were found to be highly discriminative.

The studies reviewed above for FER are summarized in Table I-2, highlighting the

datasets, feature extraction methods, classification models, and their reported performance.

Table I-2:Overview of Studies on FER: Datasets, Features, Feature Selection, Classifiers, and

Performance
Dataset Features Classifier | Dimension | Feature Performance Refe
/ Model Selection rence
CK+ Gabor CNN High None 96.81%
wavelet [46]
features + 2-
channel CNN
FER-2013, | Raw images, | CLCM High None 63% (FER-2013), | [47]
RAF-DB, | MobileNetV2- 84% (RAF-DB)
AffectNet, | inspired
CK+ lightweight
CNN (CLCM)
CK+, DWT features | CNN High None 96.46% (CK+), | [48]
JAFFE + CNN (with 98.43% (JAFFE)
Viola—Jones +
CLAHE
preprocessing
CK+, 3 DWT-based | SVM Medium Wrapper 87.76% (CK+), | [49]
JAFFE descriptors 89.66% (JAFFE)
BHU, AAM feature | ID-CNN | High None 95.2% (BHU), | [50]
MMI, points + block 96.5% (MMI),
BHU+MMI | texture 97% (Merged)
DISFA+, Geometric + | Binary Medium Genetic 94.2% [51]
CK+, MUG | textural classifiers programming | (DISFA+),
features, (pairwise) 98.0%  (CK+),
genetic 97.2% (MUG)
MUG Local facial | LDA Medium Wrapper 100% (50% | [52]
regions feature reduction)
(mouth, eyes,
eyebrows)
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By reviewing representative studies in both speech and facial emotion recognition,
several trends and challenges become evident. SER research increasingly integrates temporal
modeling and deep embeddings, while FER research relies on high-dimensional visual features
and deep learning architectures. These observations motivate the need for robust feature

selection strategies, particularly in high-dimensional scenarios, which is the focus of this thesis.

I1.9. FEATURE EXTRACTION

Feature extraction is a crucial step in any AER system. Its purpose is to transform raw signals,
whether speech or facial images into informative representations suitable for classification. For
speech signals, this typically involves preprocessing, segmenting the signal into short-time
analysis windows, and extracting features that capture spectral and temporal characteristics. For
facial images, preprocessing may include normalization and alignment, followed by extraction
of texture or shape descriptors. By converting raw data into discriminative feature vectors, this

step enables the system to efficiently recognize emotions from complex inputs [53].

[.9.1.Speech Feature Extraction
1.9.1.1. Mel-Frequency Cepstral Coefficients (MFCC)

MFCCs are a popular feature extraction technique used primarily in speech and audio
signal processing. They provide a representation of the short-term power spectrum of an audio
signal, based on a nonlinear Mel scale of frequency, which closely resembles the human

auditory system's response to sound [54].
The main stages involved in the MFCC extraction process are summarized in Figure I-2

Speech signal

v

Pre-emphasis Logarithm
h 4 v
Framing and Windowing Discrete Cosine Transform (DCT)

| !

MFCC Features

Fast Fourier Transform (FFT)

y

Mel Filter Bank

Figure I-2: MFCC Feature Extraction Diagram [55]
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Pre-emphasis: This step boosts high-frequency components in the audio signal to

enhance the overall spectral characteristics.

Windowing: The pre-emphasized signal is segmented into overlapping frames,
typically 20-40 ms in duration. Each frame is multiplied by a windowing function, such as the

Hamming or Hanning window, to minimize discontinuities at the edges of the frames [56].

Fast Fourier Transform (FFT): The windowed signal is converted to the frequency

domain using the FFT algorithm, which facilitates the analysis of its frequency components.

Mel-Filter Bank: The FFT output is filtered using a bank of triangular filters spaced
according to the Mel scale, which aligns more closely with human perception of sound

frequencies

Log Power Spectrum: The output from the Mel-frequency filtering is transformed into

a log power spectrum.

Discrete Cosine Transform (DCT): Finally, the log power spectrum is subjected to
the DCT to obtain the MFCCs, which serve as the feature set for further analysis. The Mel scale
itself is a perceptual scale of frequencies that reflects the human auditory system's sensitivity
to different frequency ranges. This characteristic makes MFCCs particularly effective in

distinguishing various emotions conveyed through speech [57].

1.9.1.2. Perceptual Linear Prediction (PLP)

The PLP was introduced by Hermansky [58] and has since been widely adopted due to
its ability to enhance robustness against noise, reverberation, and echo, thereby improving
overall system performance. Its feature extraction process is based on three fundamental
psychoacoustic principles that approximate the human auditory system to estimate the auditory
spectrum and derive the PLP coefficients: (1) critical-band spectral resolution, (2) the equal-
loudness curve, and (3) the intensity-to-loudness power law, also known as cubic-root
compression [58]. The complete block diagram illustrating the extraction process of PLP

features from the speech signal is presented in Figure I-3.
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Speech signal

A4

(1) Frame Blocking and Windowing (5) Inverse Discrete Fourier Tansfrom

Y Y

- e (6) Solution for Autoregressive
(2) Critical Band Analysis Coefficients

| |

ALL POLE MODEL

(3) Equal Loudness Pre-emphasis

Y

(4) Intensity-Loudness Conversion

Figure I-3: PLP Feature Extraction Diagram [58]

1.9.1.3. Linear Predictive Cepstral Coefficients (LPCC)

LPCCs are a type of cepstral feature derived from Linear Predictive Coding (LPC)
techniques. They are widely used in speech and audio signal processing. The core principle of
LPCC lies in the assumption that a current speech sample can be approximated as a linear
combination of its preceding samples [59]. The algorithmic flow of the LPCC extraction
process is illustrated in Figure I-4. The first step consists of framing and windowing the input
speech signal using a Hamming window. Next, linear predictive analysis is performed, based
on the assumption that the configuration of the vocal tract primarily determines the
characteristics of the produced speech signal. To model this behavior, the vocal tract is typically
represented using a digital all-pole filter, whose transfer function in the z-domain is expressed
as:

G (1)

HZ) = —————
(@) 1-30_, apz*

Where H (z) represents the transfer function of the vocal tract, G denotes the gain of the
filter, a;, is the set of autoregressive coefficients known as the Linear Prediction Coefficients
(LPCs), and p indicates the order of the all-pole filter. An efficient technique commonly used

to estimate both the LPC coefficients and the filter gain is the autocorrelation method.

The final stage of the algorithm involves cepstral analysis, which refers to the process
of extracting the cepstrum from a speech signal. There are two primary approaches to cepstral

analysis: the Fast Fourier Transform (FFT)-based cepstrum and the LPC-based cepstrum [60].
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Speech signal

(1) Frame Blocking and Windowing

A\ 4

(2) Linear predictive analysis

A\ 4

(3) Cepstral Analysis

!

LPCC Features

Figure I-4: LPCC Feature Extraction Diagram [60]

1.9.2.Facial Feature Extraction

1.9.2.1. Histogram of Oriented Gradients (HoG)

The HoG is a well-known descriptor proposed by Dalal and Triggs [61]. It is a widely
used feature descriptor in various computer vision tasks, including human detection, FER, and
pedestrian identification. The underlying principle of the HoG descriptor is that the local
appearance and shape of objects can be effectively characterized by the distribution of intensity

gradients and edge orientations within an image.

HoG feature extraction involves dividing the image into small spatial regions, referred
to as cells. Within each cell, a one-dimensional histogram of gradient orientations is computed
using the local pixel intensities. These histograms are subsequently concatenated to form a
comprehensive representation of the image. To enhance robustness to illumination changes and
shadows, local contrast normalization is applied. This is achieved by grouping adjacent cells
into larger regions called blocks and normalizing the histograms within each block. This
normalization process significantly improves the descriptor’s invariance to variations in

lighting conditions.

1.9.2.2. Local Binary Patterns (LBP)

The LBP is a widely recognized gray-scale texture descriptor commonly employed in

image processing and computer vision tasks [62]. The LBP operator assigns a binary label to
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each pixel by thresholding the intensity values of its neighboring pixels against the value of the
central pixel. The resulting binary pattern is then converted into a decimal value, which serves

as the LBP code for that pixel.

To construct the feature vector, the image is typically divided into blocks, and
histograms of the LBP codes (with 2% = 256 possible values for a 3x3 neighborhood) are
computed for each block. These histograms are then concatenated to form the final feature

representation.

The original LBP operator is based on a 3%3 neighborhood, but it can be extended to
neighborhoods of different sizes. This is achieved by using a circular neighborhood and
applying bilinear interpolation when the neighboring points fall between pixel locations. The
extended version is expressed as LBP(P,R), where P represents the number of neighboring
points and R is the radius of the circular neighborhood. This generalization allows the LBP to
capture texture information at multiple spatial resolutions. The LBP code is then computed for

each pixel located at coordinates (%, y.) as follows:

P-1 ([_2)
LBPor = ) 5(g, — )2
p=0

Here, g, is the gray value of the center pixel (X¢,y.), gp represents the gray values of

Pequally spaced pixels on a circle with radius R, and s(x) is a thresholding function defined as

follows:

_(lifx=0 (I-3)
s(x) = {O otherwise

1.9.2.3. Local Phase Quantization (LPQ)

To address the limitation of LBP’s sensitivity to image blur, Ojansivu and Heikkila
proposed the LPQ descriptor [63]. LPQ enhances robustness to blur by quantizing the phase
information obtained from the local Fourier transform, which is less affected by blurring than

raw intensity values.

In this method, the 2-D local Fourier transform is computed withina (2R + 1) X (2R +
1) window centered around each pixel in an image of size n X n. From this transform, four

complex coefficients are retained, corresponding to spatial frequencies vl = [a, 0], v2 = [0, a],

v3 = [a,a], v4 = [—a,a], where a = —
2R+1
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The real and imaginary parts of these coefficients are then combined into an 8-
dimensional vector for each pixel, resulting in a matrix of size 8 X n?. This matrix is
decorrelated using a whitening operation, assuming a correlation of 0.95 between neighboring
pixels and a Gaussian distribution. The resulting values are then binarized: positive values are
set to 1, and negative values to 0. Each 8-bit column is converted into a decimal value (0-255),

creating a 256-dimensional histogram used for classification tasks.
1.9.2.4. Binarized Statistical Image Features (BSIF)

The BSIF descriptor, proposed by Kannala and Rahtu [64], learns filters directly from a
small set of natural images, distinguishing it from descriptors like LBP and LPQ that rely on
manually defined filters. For each pixel, BSIF generates a binary code by analyzing the local
intensity pattern within its neighborhood [65].

Given an image patch X of'size [ X [ pixels and a linear filter W; of the same dimensions,

the filter response S; is computed as follows:
s; = z W;(u, v)X(w,v) = wlx (1-4)

The vectors w; and x contain the pixel values of the filter W; and the image patch X,
respectively. The binarized feature b; is defined as b; = 1 if s; > 0, and b; = 0 otherwise. The

filters W; are derived through Independent Component Analysis (ICA).

1.9.2.5. Feature extraction-based transfer learning

Transfer learning, also known as knowledge transfer, is a machine learning technique
in which a model trained on one task can be refined or reused for another task [66]. Instead of
training a model from scratch, which is often time-consuming and requires large datasets,
transfer learning leverages pre-trained models, thereby addressing the challenges of training

deep learning algorithms when only limited data are available [67] [68].

Pre-trained models can be used in two main approaches: as feature extractors or as end-
to-end classifiers [67]. In the feature extraction approach, the pre-trained model serves as a
feature extractor, where the learned parameters are transferred to the new task without
modification [69]. Alternatively, in fine-tuning, certain parameters are adjusted to better adapt
to the target task. In the end-to-end approach, the entire model is trained on the target dataset,

starting from pre-trained weights.
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In this study, we adopt the feature extraction strategy by using pre-trained models such

as AlexNet and VGG16 as feature extractors for emotion recognition.

1.9.2.5.1. AlexNet

AlexNet is a convolutional neural network developed by Alex Krizhevsky et al [70], it
was trained on the ImageNet dataset and has a total of eight layers containing 62.3 million
learnable parameters. The model architecture consists of five convolutional layers with max
pooling, followed by three fully connected layers and two dropout layers. The ReLLU activation
function is applied to all layers except the final output layer, which uses the Softmax activation

function, as illustrated in Figure I-5.
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Figure I-5: AlexNet Feature Extraction [70]

1.9.2.5.2. VGG16

VGG16, similar to AlexNet, is a convolutional neural network introduced by Simonyan
and Zisserman [71], it was also trained on the ImageNet dataset and has a total of 16 layers with
13 convolution layers and 3 fully connected. VGG16 is widely used for image classification
because it applies multiple 3x3 filters with a stride of one in each convolutional layer. As shown
in Figure I-6, the 13 convolutional layers extract hierarchical features from the input, while the
fully connected layers perform classification. These layers are divided into five blocks, each
followed by a max-pooling layer. The model takes an input image of size 224x224 and outputs

the predicted object label [72].
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Figure I-6:VGG 16 Feature Extraction [71]

In this study, AlexNet and VGG16 were used in the feature extraction phase. By
leveraging the transfer learning approach, it was not necessary to retrain these models from
scratch, saving significant computational time. The fully connected layers, specifically Fc6,
Fc7, and Fc8, were used to extract features, and these layers were combined to generate a
comprehensive feature representation [73]. The details of the extraction process and the number

of features will be presented in Chapter IV.

I.10. CLASSIFICATION APPROACHES

In an AER system, the classification stage is generally divided into two primary phases:
model learning during training and decision making during testing. During the training phase,
the classifier learns to represent each emotion from labeled feature vectors and constructs
statistical models or discriminative boundaries that distinguish classes in the feature space. The
structure of the learned model depends on the selected approach, including probabilistic
modeling such as Gaussian Mixture Models, instance-based metric learning like k-Nearest
Neighbors, margin-based optimization such as Support Vector Machines, or hierarchical

feature learning using deep neural networks [74].

During the testing phase, the trained classifier applies the learned model to previously
unseen feature vectors and assigns them to the most likely class using a decision rule based on
likelihood, distance, similarity, or posterior probability. In this work, we use both machine
learning and deep learning approaches to perform emotion classification, allowing the system
to effectively learn from complex feature representations and achieve robust recognition across

varying conditions.
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1.10.1. Classical Machine Learning Classifiers
[.10.1.1. Gaussian Mixture Models (GMM)

A GMM is a probabilistic model that expresses a probability distribution as a weighted
sum of multiple Gaussian component densities [75]. It has been extensively employed in
biometric applications, particularly in emotion recognition, due to its capability to model data
distributions with high flexibility. Each GMM is defined by a set of parameters, including mean
vectors, covariance matrices, and mixture weights, which collectively describe how the data is
distributed. Several variants of GMMs exist, and the selection of a specific model often depends
on the available data and the type of application. Parameter estimation is typically performed
using the Maximum Likelihood (ML) approach, most commonly implemented through the
Expectation-Maximization (EM) algorithm, an iterative procedure that refines parameter
estimates to maximize the likelihood of the observed data. When adaptation from a pre-trained
model is needed, Maximum A Posteriori (MAP) estimation is used to update the parameters
using a Universal Background Model (UBM). The Gaussian distribution used in GMMs is

mathematically defined as follows:

(I-3)

1 -1
NG IE) = ~S =W - )

1
—(271)‘1/2@ exp (

where d represents the dimension of the feature vector, p is the mean, and ¥ denotes the

covariance matrix [76].

1.10.1.2. K-Nearest Neighbors (KNN)

The k-NN algorithm is a non-parametric classification method that assigns a class to a
data point based on the classes of its k nearest neighbors in the training dataset [77] [78]. Unlike
parametric models, k-NN makes no assumptions about the underlying data distribution and
relies solely on the features and labels of the stored samples. When classifying a new instance,
the algorithm determines the k nearest neighbors of a given data point using one of several
distance measures, namely Euclidean, Cityblock, Cosine, or Correlation and assigns the class
label that occurs most frequently among these neighbors. The parameter k controls the number
of neighbors considered and thereby influences the classification outcome. The basic K-NN

classifier procedure is outlined as follows:
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e Calculate the distance between the unknown test feature vectors A (44, 45, ... A4) and
all the known training feature vectors B; = (le, Bjz, ) Bjd) using the four following

metric distances:

distance(4, B;) (1-6)

for Euclidean

for Cityblock

for Cosine

(B 42 5L, 5}

d _ _
d (A, — AD(B:: — B:
= (i )( 2 ]) for Correlation

Y4, (A4 - A2 |xvL, (B; - B)

where d denotes the number of features, and A and B are the means of A; and B;

respectively.

o Select the shortest & distances from the unknown test feature vector.
e Determine the most common class label among these &k neighbors using a majority

voting approach [79].

1.10.1.3. Support Vector Machines (SVM)

The SVM classifier is a supervised machine learning algorithm introduced by Vladimir
Vapnik and his collaborators [80], [81]. Rooted in statistical learning theory, it was originally
developed for binary classification problems and later extended to handle multi-class
classification. The algorithm separates classes by finding an optimal hyperplane with the

maximum margin, which ensures improved generalization performance.

Initially, SVM was limited to linear classification. However, with the introduction of
kernel methods, SVMs gained the ability to perform nonlinear classification by implicitly
mapping the original data into a higher-dimensional feature space. In this transformed space,
the objective is to find a maximum-margin linear decision boundary. This effectively converts
a nonlinear problem into a linearly separable one while preserving the convexity of the

optimization.
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A simple example is illustrated in Figure I-7, where one-dimensional data samples x;
are mapped to two dimensions using the transformation (x;, x?). This corresponds to using a

polynomial kernel of degree 2, defined as:
K(x,x) = (x; - x + c)2 (1-7)

which captures quadratic relationships without explicitly computing the transformation

[72].

® o

Figure I-7: Transforming data from a nonlinear space to a higher-dimensional linear space [82]

In practice, several kernel functions are commonly used, as summarized in 7able I-3
For the experiments in this thesis, the Radial Basis Function (RBF) kernel was employed due

to its effectiveness in handling complex nonlinear relationships.

Table I-3:Common Kernel Functions Used in SVM

Kernel Name Mathematical Expression
Polynomial kernel K(xq,x3) = (x; T, xp)"
. . . llx; — x,|1?
Radial basis function kernel | K(xq,x,) =exp | — sz
lloc; — x|l
Laplace kernel K(xq1,%x3) = exp | — —3
Sigmoid kernel K(x4,x,) = tanh [a(x; Tx,) — bla,b > 0

1.10.2. Deep Learning Approaches

Deep learning is a subfield of machine learning within artificial intelligence, uses multi
layered neural networks to automatically learn hierarchical feature representations from raw

data. Deep learning models consist of interconnected layers of neurons that progressively
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transform inputs into more abstract and informative representations through nonlinear
mappings. CNN constitute a prominent class of deep learning architectures that excel at learning
spatial or temporal patterns by applying convolutional operations. Originally devised for image
recognition and computer vision, CNNs have been successfully adapted to one-dimensional

data, such as time series and sequential signals, yielding models known as 1D-CNNs [83], [84].

1.10.2.1. 1D Convolutional Neural Networks (ID-CNN)

Overview of 1D CNN Architecture

The architecture of a 1D CNN primarily consists of sequential layers that process 1D
data inputs through various stages. The fundamental components include convolutional layers,
pooling layers, and fully connected layers, each contributing to the overall performance of the

network in tasks such as data classification and feature extraction [85].
Convolutional Layers

The key component of a 1D CNN is the 1D convolutional layer, where filters or kernels
slide over the input data in a single dimension. This layer is responsible for extracting local

features from the input data, which are essential for understanding the underlying patterns [86].

Mathematically, the output of a one-dimensional convolution at position iin the

L** Jayer can be formulated as:

0) }M' -1 . .0 , O (H)
-1

X; =f() x; *kl.j +bj)
i=1

where:
(-1, iths :
x; ~’:the i""input feature map from the previous layer,

. kl.(]l.): the convolution kernel that connects input i to output j,

. bj(l): the bias term associated with the j"output,

o *: the one-dimensional convolution operator,

e f(-): the nonlinear activation function (such as ReLU, tanh), and

M: the number of inputs from the previous layer.

Page | 26



I. Generalities of Automatic Emotion Recognition H.Roubhi

The convolutional layers in a typical 1D CNN architecture are often configured in
modules that may also include max-pooling layers to aid in down-sampling and feature

abstraction.
Pooling Layers

Pooling layers are employed to reduce the dimensionality of the feature maps produced
by the convolutional layers. By aggregating information over localized regions, pooling helps

in reducing the number of parameters and computational load while also controlling overfitting

Common pooling methods used in 1D CNNs include max pooling and average pooling,

which serve to retain the most significant features while discarding less informative data [87].
Activation Functions

Activation functions, such as the Rectified Linear Unit (ReL.U), are utilized throughout
the layers of a 1D CNN to introduce non-linearity into the model. ReLU is defined as:

f(z) = max (0, 2z) (1-9)
Negative inputs are set to zero and positive inputs are passed unchanged, allowing the

network to focus on relevant features while mitigating the vanishing gradient problem.

This non-linearity enables the network to learn complex patterns and relationships
within the data. Each layer's activation output feeds into the subsequent layer, progressively

refining the feature representation before final classification [88].
Fully Connected Layers

Following the convolutional and pooling layers, fully connected layers play a critical
role in the final decision-making process of the network. The output from the convolutional and
pooling layers is flattened and passed through one or more fully connected layers, where each
neuron is connected to every neuron in the previous layer. These layers combine the high-level

features extracted by the earlier layers to perform classification tasks [89].
The output of a neuron in a fully connected layer can be expressed as:
z=f(W-x+b) (1-10)

where Wis the weight matrix connecting the inputs to the neuron, x is the input vector

from the previous layer, b is the bias term, and f(-) is the activation function (ReLU).
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For the final output layer in a classification task, the softmax function is typically used

to produce class probabilities:

. el (I-11)
V= Yk e’k

where ¥;is the predicted probability for class j.

I.11. DECISION FUSION USING VOTING RULES IN
EMOTION RECOGNITION SYSTEMS

In AER, speech signals are processed in short time frames, generating a sequence of
feature vectors that describe the emotional content over time. Two main strategies can be used
for classification: the whole sequence can be classified directly with a temporal model such as
an LSTM or HMM [90], or each frame can be classified independently using traditional
classifiers like KNN, GMM, or SVM [91].

However, when classifying frame by frame, the predicted labels may change from one
frame to another because of noise or speaker variations. To obtain a final and reliable decision
for the whole signal, we therefore need a fusion method that combines all frame level

predictions into a single result [92].

Among fusion techniques, voting rules have proven to be effective and widely adopted
[93][94] [95]. By considering the predictions across all frames, voting selects the most frequent
class, thereby reducing the impact of misclassified frames and enhancing overall system

stability.

In our work [96], we adopt the second approach: each feature vector is classified
independently using traditional machine learning classifiers, and a voting rule is applied to
produce the final emotion label for the signal. This strategy ensures consistent decisions across

the temporal sequence while avoiding the complexity associated with temporal models.

The following section presents the main voting strategies commonly used in emotion

recognition and discusses their contribution to improving decision reliability.

I.11.1. Definition of Voting Rule Strategy

A voting rule strategy is a technique used at the decision level to aggregate multiple
individual predictions into a single, final decision[97] [98]. In the context of emotion

recognition, it is particularly useful when multiple classifiers or predictions are available, for
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example, from different segments of a signal or from various feature representations. The goal
of voting is to improve system performance, enhance reliability, and reduce classification errors

by leveraging agreement among predictions to determine the final output [99].

1.11.2. Types of Voting Rules
1.11.2.1. Max Voting

The first and most widely used voting method is max voting [100], also commonly
known as majority voting or hard voting. This method operates by collecting the predicted class
labels and selecting the one that receives the highest number of votes, as illustrated in Equation
(I-12). In this thesis, majority voting is adopted as the primary decision fusion strategy to

determine the final emotion label from multiple frame-level predictions.

In our approach, we apply majority voting not across different classifiers, but across
multiple predictions generated from the feature vectors of the same input sequence. For
example, if a sequence yields the predicted labels [0,0,1], the final decision corresponds to the
most frequent label, which is 0. This technique, also known as max voting or hard voting, selects

the class that occurs most often among the individual predictions.
Formally, let {y;, y,, ..., yr} be the set of predicted class labels corresponding to the T feature
vectors extracted from a given input sequence. The final predicted label ¥ is obtained using:

¥y = mode(yy, Y2, ..., Y1) (I-12)

where mode(.) returns the class label that appears most frequently among the

predictions.

Unlike soft voting, which averages or aggregates predicted probability distributions and
is more computationally intensive, majority voting operates on discrete labels only, making it
both simple and efficient in terms of implementation and memory usage. Despite its limitations
in cases of uncertain or evenly split predictions, this method is well-suited to our sequence-

based classification framework due to its low complexity and robustness.

1.11.2.2. Averaging Voting

The second technique is the averaging voting method [101]. In this approach, predictions

generated by multiple models are combined by computing their average to produce the final
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output. The final prediction y is calculated as the arithmetic mean of the individual model

predictions:

(I-13)

|

M
1
y= Z}’i
i=1

where M is the total number of models and y;represents the prediction from the i*model.

1.11.2.3. A weighted Average Voting

The third voting strategy is weighted average voting, which represents a refined variant of the
standard averaging voting approach [102]. This method assigns distinct weights to each base
learner, reflecting the relative contribution of each model to the final prediction. The weighted
average for each class is computed by multiplying the prediction of each classifier by its
corresponding weight, summing these weighted predictions, and then dividing by the total sum
of the classifier weights, as expressed in the following equation:

o _ LWy (L14)

V=—~<m .

Liw;

where yis the final predicted value, Mis the total number of base learners, y;is the prediction

of the i-th base learner, and w;is the weight assigned to that learner.

I.12. CONCLUSION

In this chapter, we presented an overview of emotion recognition, highlighting its
applications and the different modalities through which it can be achieved. Our focus was
placed on speech and facial expression, given their wide use and effectiveness in emotion
recognition tasks. We reviewed the state of the art in both domains and introduced a general
overview of classification systems. Furthermore, we discussed feature extraction techniques
and classification algorithms, including both traditional machine learning and deep learning
approaches. Finally, we introduced the concept of combining machine learning algorithms with

voting rules to enhance classification performance.
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FEATURE SELECTION

IT.1. INTRODUCTION

In recent years, the explosion of high-dimensional data has presented both opportunities
and challenges for machine learning, deep learning and pattern recognition applications. One
of the key challenges lies in the presence of redundant or irrelevant features, which can degrade
model performance, increase computational cost and memory usage. This is particularly evident
in automatic emotion recognition systems, where datasets often contain a large number of
features extracted from speech, facial expressions, or physiological signals. In such contexts,
feature selection becomes a vital preprocessing step to select the most relevant features that

contribute to accurate and robust classification.

Feature selection refers to the process of selecting a subset of relevant features from the
original set without altering the original representation of the data. Unlike feature extraction
methods, which transform data into a new space, feature selection retains the original semantics
of the features, making the models more interpretable and often more efficient. The goals of
feature selection are manifold: to reduce dimensionality, lower computational cost and memory

usage, and enhance system performance.

In the context of emotion recognition, the need for efficient feature selection is amplified
by the curse of dimensionality. Selecting the right subset of features can significantly improve
system performance. Various feature selection techniques have been proposed in literature,
broadly categorized into filter methods, wrapper methods, and embedded methods, each with

its advantages and limitations.

This chapter presents an in-depth overview of feature selection techniques, with a
particular focus on MI-based approaches. MI offers a powerful criterion for measuring the
statistical dependence between features and class labels, allowing the selection of features that
are both relevant and non-redundant. It has demonstrated promising performance in balancing
relevance and redundancy.
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I1.2. FEATURE REDUNDANCY AND ITRRELEVANCE
IN HIGH DIMENSIONS

In high dimensional data spaces, such as those commonly faced in emotion recognition, not all
features contribute equally to the classification task. The presence of irrelevant features and

redundant features often hinders the classification accuracy.

Irrelevant features are those that carry little or no discriminative information with respect to the
target classes. Their inclusion increases the dimensionality of the feature space without
improving the classification accuracy, which can result in longer training times, higher

computational costs and memory usage [103].

Redundant features, on the other hand, may contain information that is already captured by
other features. While they may still have some relationship with the target variable, their
contribution is largely overlapping. This redundancy increases the dimensionality
unnecessarily, making the feature space more complex without yielding new or complementary

information [104].

The presence of irrelevant and redundant features is particularly problematic in high-
dimensional settings such as speech and facial, where feature vectors often comprise hundreds
or even thousands of dimensions. In such cases, the curse of dimensionality exacerbates the
issue, as dimensionality increases, data points become sparse, distance metrics lose

discriminative power, and the risk of overfitting grows [105].

To address these challenges, feature selection techniques aim to select a subset of features that
maximizes relevance while minimizing redundancy. Approaches based on MI are particularly
well suited for this task, as they measure both the dependency between features and class labels
(relevance) and the dependency among features themselves (redundancy) [106]. By filtering
out irrelevant and redundant dimensions, such methods not only improve recognition accuracy

but also enhance model interpretability and reduce computational burden.

IT.3. CURSE OF DIMENSIONALITY

The term curse of dimensionality, also referred to as the peaking phenomenon, was first
introduced by Richard E. Bellman [107] to describe the exponential increase in data volume

and complexity as the dimensionality of the feature space grows. From a theoretical perspective,
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adding more features should provide additional information, which in turn could improve the
performance of learning algorithms. However, in practice, this assumption does not always
hold. As dimensionality increases, the data often becomes sparse, leading to redundancy and

noise that can negatively impact the learning process [52].

In machine learning and pattern recognition, this phenomenon manifests as a
performance degradation when too many features are introduced [108]. Initially, as the number
of features increases, recognition performance tends to improve since informative features
contribute positively to discrimination. Nevertheless, beyond a certain point, the performance
curve reaches a peak and subsequently declines [109]. This decline results from the inclusion
of irrelevant or redundant features, which complicate the model, increase computational costs,

and often cause overfitting.

I1.4. FEATURE SELECTION PROCESS

In scientific literature, the concept of feature selection has been defined in multiple ways. While
many authors propose similar views, a few definitions highlight distinct conceptual aspects.

Some of the most representative definitions are outlined below:

o Kira et al. [110] define feature selection as “the task of identifying the minimal subset

of features that is both necessary and sufficient for representing the target concept.”

e Narendraetal. [111] describe it as “the process of selecting a subset of M features from
an initial set of N features (Where M < N), in which a criterion function is optimized

across all possible subsets of size M.”

e Koller et al. [112] emphasize dimensionality reduction, defining feature selection as the
task of selecting a subset of features that reduces the dimensionality of the original set

while preserving comparable classification accuracy.

o Kohavi et al. [113] formulate feature selection as the task of identifying a compact
subset of features such that the resulting class distribution, based on the selected
features, remains as close as possible to the distribution obtained when using the full

feature set.
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Building on these conceptual definitions, a typical feature selection procedure can be
described as a systematic process involving several key steps, as illustrated in Figure II-1. These

steps are summarized as follows:

e Generation: This step defines how the search space is explored to generate candidate

subsets of features.
o Evaluation: This step measures the quality or relevance of each feature.
e Stopping criterion: This specifies when the selection process should terminate.
« Validation: This step verifies whether the selected subset meets the intended objective.

11.4.1. Generation Procedures

The generation procedure consists of generating all possible subsets from an initial feature set
of size N, which results in a search space of 2" combinations. This exhaustive strategy provides
complete coverage and ensures that the globally optimal subset is identifiable. However, the
exponential growth of the search space with respect to the number of features makes this
approach computationally impractical, even for moderately sized feature sets. To address this
limitation, alternative generation strategies have been introduced, including complete

generation, heuristic generation, and random generation [115].

11.4.1.1. Complete

Complete generation procedures perform a full search to identify the optimal subset of features
according to an evaluation measure function. A method is regarded as complete if it guarantees

to always return the optimal subset. It is important to distinguish between a complete search
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and an exhaustive search. Exhaustive search is always complete because it evaluates every
possible subset, ensuring that the best one is identified. However, a complete search is not
exhaustive, specifically when the evaluation measure is monotonic, it is unnecessary to examine
all subsets to identify the optimal one. Although complete search remains computationally

expensive, it generally evaluates fewer subsets than exhaustive search [114].

I11.4.1.2. Random

This search method begins with a randomly selected subset and can proceed in two main ways.
The first is to generate candidate subsets in a random manner, referred to as the Las Vegas
algorithm [116]. The second integrates randomness into sequential search procedures. The role
of randomness is to help escape local optima within the search space. The computational

complexity of these approaches is generally in the order of O (N?).

I11.4.1.3. Heuristic

Heuristic search methods, also known as sequential or greedy approaches, sacrifice the
guarantee of finding the optimal subset and therefore risk overlooking the best solution. These
approaches are generally grouped into three types: forward selection, backward elimination,
and bidirectional selection. At each iteration of the generation procedure, these methods add or
remove features. With a search space complexity on the order of O(N?), heuristic methods are

simple to implement and fast in generating feature subsets [117].

11.4.1.3.1. Forward

Forward selection begins with an empty feature set and iteratively adds features one by one. At
each step, the feature whose addition provides the greatest improvement with respect to the
evaluation criterion is selected. This process continues until adding new features no longer

improves performance or until a stopping criterion is reached.

I11.4.1.3.2. Backward

On the other hand, backward elimination starts with the full set of features and progressively
removes them. At each iteration, the feature that contributes the least to the evaluation criterion
is eliminated. This procedure continues until no further improvement is possible or until the

subset reaches a predefined K features.
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I1.4.1.3.3. Bidirectional

Bidirectional selection combines both forward selection and backward elimination. The process
can begin either with an empty set or with the full feature set, and features are both added and

removed during the search.

11.4.2. Feature Evaluation

An optimal feature subset depends on the evaluation function used, meaning a subset considered
optimal by one function may not be optimal by another. Generally, evaluation functions aim to
measure the discriminative ability of a feature or subset to separate different class labels.
According to the literature, evaluation functions can now be broadly divided into five
categories: distance or divergence measures, information measures, dependence measures,
consistency measures, and classifier error rate measures. Each category is explained in the

following subsections [114].

11.4.2.1. Distance Measures

This evaluation function is also referred to as a divergence, separability, or discrimination
measure. In the case of a two-class problem, a feature X is considered more discriminative than
a feature Y if X induces a greater distinction between the conditional probability distributions
of the two classes. Conversely, if this difference equals zero, then X and Y are regarded as

indistinguishable. A typical example of this type of measure is the Euclidean distance [118].

I11.4.2.2. Information Measures

This measure relies on the information gain of the features. The information gain of a feature
is defined as the reduction in uncertainty, calculated as the difference between prior uncertainty
and the expected posterior uncertainty. Information gain reaches its maximum when the classes

are equally probable, while uncertainty is minimized under this condition [119].

11.4.2.3. Dependence Measures

Dependence measures, also known as correlation or similarity measures, evaluate how much
the value of one variable can be predicted from another. In the context of feature selection for
classification tasks, the correlation coefficient is a classical measure of dependence and is often
used to quantify the relationship between a feature and a class. If the correlation of feature X

with class C exceeds that of feature Y with C, then X is considered more relevant than Y. A
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related approach evaluates the dependence of a feature on other features, providing an

indication of its redundancy [120].

11.4.2.4. Consistency Measures

Consistency measures rely strongly on class label information and use the Min-Features bias,
aiming to select the smallest subset of features that separates classes as effectively as the full

set. An inconsistency arises when instances share identical feature values but differ in class

labels [121].

11.4.2.5. Classifier Error Rate Measures

Evaluation functions based on classifier error rates are commonly referred to as wrapper
methods, in which the classifier itself serves as the evaluation function. In this approach, feature
selection is directly guided by the performance of the classifier, which then uses the selected
features to predict the class labels of unseen data. This strategy typically yields high

classification accuracy; however, it is associated with significant computational cost.

11.4.3. Stopping Criterion

The stopping criterion (SC) determines when the feature selection process should terminate.
Since the optimal number of features is usually unknown, several approaches have been

proposed.

A first approach is the fixed threshold, where the procedure stops once a predefined number of
features, iterations, or computational budget is reached. This method is easy to apply but may

result in suboptimal subsets [122].

Another common approach is performance stabilization, which terminates the search when

adding or removing features no longer improves the classification performance [123].

For small subsets, exhaustive exploration can be used, where the search is completed only after
all subsets have been evaluated. While this ensures optimality, it is computationally expensive

in high dimensions.

More specific approaches are based on the recognition rate (RR). The first, SC1 (Relative RR

Criterion), considers a subset S as optimal if:

RR(S) = RR(F) (II-1)
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where F is the full feature set. This criterion is efficient since the process stops once the target

accuracy is achieved, often yielding smaller subsets [124].

The second, SC2 (Maximum RR Criterion), defines the optimal subset

S* as:
RR(S*) = rglcagcRR(S) (1I-2)

This approach ensures the highest recognition rate but requires more computation as more

subsets must be examined [125] [126].

In this thesis, SC1 and SC2 are used to guide the feature selection process, ensuring both

efficiency and optimal recognition performance.

11.4.4. Validation

Two main validation strategies are commonly used for feature selection methods: (i) evaluation
using artificial datasets and (ii) evaluation using real-world datasets. Artificial datasets are
designed with known relevant and irrelevant features, allowing direct comparison between the
selected subset and known features. In contrast, real-world datasets do not provide such prior
knowledge. Here, validation is performed by evaluating the impact of the selected subset on the
performance of a learning algorithm, for example by comparing classification error rates

obtained with the full feature set and with the reduced subset.

IT.S. FEATURE SELECTION APPROACHES

This section provides an overview of information theory as well as the different feature

selection strategies.

Feature selection plays a pivotal role in machine learning and pattern recognition, as it
focuses on reducing dimensionality by identifying and selecting the most relevant subset of
features from an initial set. This process enhances computational efficiency, minimizes memory
requirements, and can potentially improve system accuracy by mitigating the effects of the

curse of dimensionality [127].

Feature selection approaches are generally categorized into three main groups: Wrapper

approaches [128], Filters approaches and embedded approaches.
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I1.5.1. Filter approaches

Filter approaches select relevant features by relying on a performance metric,
independently of the classification system's performance. Once the optimal features are
selected, they can be used by classification algorithms. Broadly, feature filtering measures can
be categorized into distance [118], consistency [121], dependency [120], and information
measures [119]. They offer several advantages, including efficient scalability to high-
dimensional datasets, computational simplicity and speed, and independence from the

classification algorithm [129].

Univariate filter methods generally evaluate and rank individual features in isolation,
while multivariate filter methods assess the joint contribution of feature subsets, thereby

capturing interactions and redundancies among features.

A wide range of filter-based feature selection methods have been proposed in the
literature, each belonging to a specific class depending on the evaluation criterion. Table II-1

summarizes representative filter methods, their filter class, applicable tasks, and key references.

In this thesis, we focus on feature selection methods based on criterion of mutual

information maximization to assess both the relevance and redundancy of features.

Table II-1:Common Filter Methods for Feature Selection [130]

Studied
Method Filter Class Applicable Task b
y

Information Gain Univariate, Information Classification [131]
Gain Ratio Univariate, Information Classification [132]
Symmetrical Uncertainty Univariate, Information Classification [133]
Correlation Univariate, Statistical Regression [133]
Chi-square Univariate, Statistical Classification [132]
Minimum Redundancy Classification, [134]

Multivariate, Information
Maximum Relevance (mRMR) Regression

Multivariate, Information | Classification, [135]
JMI (Joint Mutual Information) '

Regression
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CIFE (Conditional Infomax | Multivariate, Information | Classification, [136]
Feature Extraction) Regression
Multivariate, Information | Classification, [137]
ICAP (Interaction Capping) )
Regression
Fast  Correlation-Based  Filter [133]
Multivariate, Information | Classification
(FCBF)
Fisher Score Univariate, Statistical Classification [138]
. ) o . Classification, [139]
Relief/ ReliefF Univariate, Distance _
Regression
Spectral Feature Selection (SPEC) / o o Classification, [140]
. Univariate, Similarity .
Laplacian Score Clustering
Feature selection for sparse o o . [141]
) Multivariate, Similarity Clustering
clustering
Localized Feature Selection Based o o _ [142]
. Multivariate, Statistical Clustering
on Scatter Separability (LFSBSS)
Multi-Cluster Feature Selection o o . [140]
Multivariate, Similarity Clustering
(MCES)
Feature weighting K-means Multivariate, Statistical Clustering [143]
ReliefC Univariate, Distance Clustering [144]

I1.5.2. Wrapper approaches

Wrapper approaches involve selecting a subset of features from the original feature set
and evaluating its relevance based on the performance of a classification algorithm. This
process requires training and testing for each potential feature subset, making wrapper methods
computationally expensive and time-consuming, particularly when dealing with high-

dimensional feature sets [145].
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I1.5.3. Embedded approaches

Embedded approaches integrate feature selection directly into the model training
process, allowing for the simultaneous optimization of the model parameters and the selection

of relevant features [146].

Although mutual information can, in principle, be employed in wrapper and embedded
approaches, it has proven to be most effective in filter-based approaches due to their scalability,
computational efficiency, and independence from any specific classifier. For this reason, the
following section is dedicated to mutual information-based filter methods in high-dimensional

settings.

I1.6. INFORMATION-THEORETIC FOUNDATIONS
FOR FEATURE SELECTION

I1.6.1. Fundamentals of Information Theory

Entropy and mutual information are fundamental concepts established within
information theory [147]. Initially introduced in the context of communication theory,
information theory aimed to address key questions related to data compression and transmission
efficiency [148]. Over time, its theoretical foundations have been widely adopted in the fields

of machine learning and feature selection.

11.6.1.1. Definition of Entropy

Entropy is a measure of uncertainty or randomness in a random variable. For a discrete
random variable Xwith alphabet X'and probability mass function p(x) = Pr {X = x}, for x €
X, the entropy H(X)is defined as:

(11-3)

HOX) == ) p(log, p(x)

xeX
The logarithm is taken to base 2 (default base), and the entropy is therefore expressed
in bits. We use the convention Olog (0) = 0, which is justified by continuity since x log(x) —
0 as x = 0. Therefore, adding outcomes with zero probability does not affect the entropy value.
If the logarithm is taken in base b, the entropy is denoted as Hy, (X). If the base of the logarithm

is e, the entropy is expressed in nats.
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It should be noted that entropy depends solely on the probability mass function p(x)of
the random variable Xand not on the specific values of the alphabet X'. Moreover, Shannon

entropy is bounded as follows:
0<HMX) <log, | X| (11-4)
where | X [denotes the number of elements in the alphabet. Equality is achieved if and

only if the distribution p(x)is uniform over X', meaning all outcomes are equally likely [147].

Intuitively, a high entropy value indicates that all events occur with approximately equal
probability, reflecting maximum uncertainty. In contrast, low entropy implies that event

probabilities differ significantly, indicating a more predictable outcome.

11.6.1.2. Joint Entropy and Conditional Entropy
11.6.1.2.1. Joint Entropy

The joint entropy H(X,Y) of two discrete random variables X and Y, quantifies the total
uncertainty associated with the simultaneous observation of both variables. It is defined as

follows:

HOGY) == ) ) pxy)log, p(x,y) ("
x€X yeyY
where p(x, y) denotes the joint probability of the simultaneous occurrence of x € Xand
yEY.
The value of joint entropy H (Y, X) lies within the following range:
max{H(X),HY)} < HX,Y) <HX)+ H() (1I-6)

The upper bound is attained when the variables X and Y are fully independent, indicating
that their combined uncertainty equals the sum of their individual uncertainties. In contrast, the
lower bound is realized when X is completely determined by Y, reflecting total dependence

between the two variables [147].

11.6.1.2.2. Conditional Entropy

Conditional entropy quantifies the amount of uncertainty that remains in a random
variable X given that the value of another variable Y is known. In other words, it measures the

residual uncertainty in X after incorporating the information provided by Y.
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The conditional entropy reaches its minimum value of zero when X is completely
determined by Y, meaning that knowing Y entirely eliminates uncertainty about X. Conversely,
it reaches its maximum when X and Y are statistically independent, in which case knowledge

of Y provides no information about X and does not reduce its uncertainty.

Formally, the conditional entropy is defined as:

1I-7
HX 1Y) == ) Py)og, P(x17) "
YEY x€X
The conditional entropy satisfies the following inequality:
0<H(XI|Y)<HX) (1I-8)

Here, H (X Y = yj) represents the entropy of the values x; that are associated with the
condition Y = y;. In other words, it quantifies the uncertainty of X given that Y takes the value
Vi

An alternative and equivalent representation of conditional entropy is given by:

HXI1Y)=HX,Y)—H(Y) (11-9)

11.6.1.3. Mutual Information (MI)

MI is a fundamental concept in information theory that quantifies the amount of
information shared between two random variables. It measures the reduction in uncertainty of

one variable due to the knowledge of the other [147].

For two discrete random variables X and Y , the mutual information is defined as:

VY — P(x,y) (1I-10)
1Y) = Zx ng Pey)logz (55550s)

Where:

e x and y denote individual outcomes (samples) of the random variables X and Y,

respectively.
e P(x) and P(y) represent the marginal probabilities of X and Y.
e P(x,y) denotes the joint probability distribution of X and Y.

Alternatively, it can be expressed in terms of entropy:
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IXGY)=HX)+HY)—H(X,Y) (II-11)

When the variables are continuous, probabilities are replaced by probability density

functions, and the summations become integrals:

p(x,y) ) dxd (1I-12)

IX;Y) = fy fX p(x,y)log, (p(x)p(y)

Figure II-2 illustrates the conceptual relationship between entropy and MI.

H(X, Y)

"

/ N
H(X) H¢Y)

Figure II-2: Venn Diagram Illustrating Mutual Information [136]

11.6.1.4. Multivariate Mutual Information (MMI)

While MI provides a measure of dependency between two random variables, many real-
world problems, including feature selection, involve interactions among three or more
variables. To capture these higher-order dependencies, MMI also known as interaction

information, has been introduced as an extension of MI to multiple variables [149].

For the case of three variables, called triple mutual information [150], the definition

differs between discrete and continuous variables.

For discrete random variables X,Y,Z with joint probability mass function p(x,y, z),

triple mutual information is defined as:

p(x, ¥)p(x, 2)p(y, 2) ) (1I-13)

I(X;Y;2) = Z P,y 2)log (p(x, Y, 2)p(X)p(¥)p(2)

X,Y,Z
For continuous random variables X, Y, Z the triple mutual information is expressed

using probability density functions as follows:

V. _ fxr (6 Y) fxz(x, 2) fyz (v, 2) (1l-14)
vz = Hy J e s
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where f(x,y,z) is the joint density and fx (x), fy (¥), fz(2) are the marginal densities.
This can also be equivalently written as:

G2 =10GY) - I(XGY 1 2)=15G2) —1(X;Z 1Y) (1-15)
=1(V;2)—1(Y;Z1X)

Unlike the two-variable MI, the multivariate extension can take positive, negative, or
zero values. A positive value reflects redundancy, or overlapping information among variables,
while a negative value indicates synergy, where the joint contribution provides more
information than the sum of pairwise interactions. In the context of feature selection, this
property is particularly useful as it allows one to distinguish between redundant and synergistic
feature interactions, thereby enabling the design of more effective selection strategies in high-

dimensional data [150].

To better illustrate this concept, Figure II-3 shows a Venn diagram of three variables,
where the central overlapping region corresponds to the multivariate mutual information,

highlighting redundancy or synergy depending on its sign.

H(Y) H(X)

/

Hz)

Figure II-3:Venn Diagram Illustrating Triple Mutual Information [147]

11.6.2. Mutual Information Estimation

The computation of MI relies on estimating both marginal and joint probability
distributions. In practice, obtaining their exact values is impossible; therefore, approximation
methods are required. Regardless of the chosen approach, accurate estimation of these
distributions is essential, as it directly affects the precision of the MI value and, consequently,

the overall system performance.
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A common and straightforward technique for probability estimation is the histogram
method, which was adopted in this study due to its simplicity and computational efficiency
[151]. Alternative methods include Parzen windows [152], kernel density estimation [153], and

the GMM approach [154], which has also been adopted in the literature.

A limitation of the histogram method lies in selecting an appropriate number of bins, k,
during the discretization process. To address this, several heuristic rules have been proposed,

the most widely used being Sturges’ rule, Scott’s rule, Freedman—Diaconis rule, and HGR.
Heuristic Rules for Bin Selection

Sturges’ Rule [155]: The bin width w is defined as

W= - (1I-16)
1+ log,(n)

where 7 is the range of the data and n is the number of observations. The number of bins

is then computed as k = r/w.

Scott’s Rule [156]: The bin width w is given by

3.49¢0 (1I-17)
w = 1

n3

where o 1s the standard deviation of the data set and n is the number of observations.

Freedman—Diaconis Rule [157]: The bin width w is defined as

2-I1QR (1I-18)
W="1/3

where IQR is the interquartile range (the difference between the 75th and 25th
percentiles) and n is the number of observations. The number of bins is then obtained as k =

r/w.

HGR Rule [158]: The number of bins k used to estimate mutual information with the

joint histogram method is given by:

1 1 (1I-19)
k= round{5+z 1 +4\/Z}

Np? (11-20)
avec L = T—pz) ((Z)% + (XJZ,)

where a,and «,, are constants
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p is the correlation coefficient

In the case of a Gaussian distribution, the number of bins k for the histogram-based MI

estimator is given by:

(1I-21)

k= d 1+1
=round {5+

where p is the estimator of the correlation coefficient.

In this study, Sturges’ rule was chosen for bin estimation, as it provides a simple and
effective approach for moderate-sized datasets, balancing accuracy and computational

efficiency compared to alternative rules such as Scott’s and Freedman—Diaconis [159].

IT1.7. MUTUAL INFORMATION-BASED FILTER
METHODS IN HIGH DIMENSIONS

In the process of a feature selection strategy, it is crucial to define an evaluation or
relevance criterion capable of quantifying the importance of each feature with respect to the
classification task. MI is among the most widely used criterion functions due to two key
advantages: (i) it captures both linear and nonlinear dependencies between features and the
target, making it more flexible and robust than correlation-based methods that detect only linear
relationships [160]; and (i1) it facilitates the selection of features that maximize the shared
information with the target variable, often leading to improved model performance, particularly

in high-dimensional datasets where many features may be redundant or irrelevant [161].

The MI(C; X) between a feature X and the class label C represents the reduction in the
uncertainty of C provided by the knowledge of X. This concept can be readily extended to
groups of features. However, when handling a large number of features in a dataset, exploring
all possible combinations becomes computationally difficult because the number of
possibilities grows exponentially, as shown by the law of combinations.

n n! (1I-22)
C = —_—
(k) k!'(n—k)!

To mitigate this challenge, iterative greedy algorithms such as Sequential Forward
Selection (SFS) are commonly used. Originally introduced by Battiti [119], SFS incrementally
selects feature subsets by adding one feature at a time according to predefined relevance criteria,

thereby significantly reducing computational complexity compared to exhaustive combinatorial
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searches. This strategy achieves a balance between computational efficiency and the capacity
to identify informative features. In this context, applying a feature selection procedure based on
a greedy forward selection approach that uses MI as the relevance criterion has proven to be a

highly effective solution [162].

Algorithm II-1 (pseudo-code) illustrates the standard forward greedy search procedure

applied in combination with mutual information as the selection criterion:

Algorithm II-1: Forward Greedy Feature Selection with MI

Input:

Features set F = {X1,X>,...,X»}

Desired number of features k
Output:

Subset of selected features S = {Xp1,Xp2,...,XpPi}
Algorithm Steps:
Initialization:

Initialize F with n features

Set S as an empty subset
Calculation of MI:

For each feature X;in F, calculate MI(C;X;)
Select the first feature

Identify X,1 maximizing MI1(C;X;)

Remove X1 from F and add it to S
Greedy selection (continue iterating from j = 2 until k features reached:
while size of S <k do

for each feature X;in F do

Calculate MI(C;S, X))

end for

Select Xy; from F maximizing MI(C;S,X;) at step j

Remove X,; from F and add it to S
Output:

Return subset S containing the selected k features
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Calculating MI from data requires estimating the probability density, which cannot be
accurate for high-dimensional features. As a result, most algorithms use measures based on at

most three variables (two features plus the class index).

We present the most common methods for feature selection based on mutual

information criteria, in which the order is limited to a maximum of three variables.

The first strategy, known as Mutual Information Maximization (MIM), establishes the

simplest criterion for feature selection at step j + 1. At this step, the feature X is determined

P+1)

as follows:

X

iy — AT8 Xi’ggij_Ml(C;Xi) (11-23)

J

At this stage, S; = S;_, U {Xp].} denotes the subset updated to include the new feature
Xpl.selected at step j. In this procedure, the relevance of each feature X;is assessed individually,

without considering redundancy with the features already included in S;for predicting the class
label C. This may result in the selection of redundant features that provide redundant
information about C, an issue that must be addressed. To tackle this problem, several strategies
have been proposed to optimize feature relevance while controlling redundancy [104], [151].

In the next subsection, we focus on four such strategies: mRMR, JMI, CIFE, and ICAP.

11.7.1. Feature Selection Based on Mutual Information

Maximization Criteria
I11.7.1.1. The Maximum-Relevance Minimum Redundancy (MRMR)

mRMR was introduced by Peng [134], [104] to overcome the MIM issue by enhancing
relevance with the class variable and minimizing redundancy between the selected features.

The mRMR formula is given as follows:

" J (11-24)
Xpp, = arg s MI(C; X;) — mkz MI (X;; Xp,)
=1

I1.7.1.2. Joint Mutual Information strategy (JMI)

JMI was introduced by Yang and Moody [135]. The JMI approach examines relevance and

redundancy by computing the mean value while incorporating the class label during MI
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calculation. JMI and MRMR share strong similarities, but their key distinction is how they

handle conditional redundancy. JMI formula is represented as follows:

(II-25)

) j
Xp,,, = arg xf?ﬁfcs, MI(C; X;) — mZ[MI(Xi;ka) — MI (X;; Xpi|C)]
k=1

I11.7.1.3. Conditional Infomax Feature Extraction strategy (CIFE)

Lin and Tang [136] introduced the CIFE criterion. This method focuses on maximizing the
information relevant to the joint class by explicitly minimizing redundancies between class-

relevant features. The criterion can be expressed as follows:

i (11-26)

=arg max MI(C; X;) — 2, [MI(X; Xy, ) — MI(X;; Xp, |C)]

X

Dj+1

11.7.1.4. The Interaction Capping (ICAP)

In the ICAP criterion [137], interaction information is integrated for feature selection. This

criterion can be expressed as follows:

(11-27)

X = arg Xirggg_x& MI(C; X;)

Dj+1
]

j
— Z max|MI(X;; X,,) — MI(X;; X, | C),0]
k=1

I1.8. CONCLUSION

In this chapter, we review the main feature selection approaches commonly discussed
in the literature, namely Wrapper, Filter, and Embedded methods. The Wrapper approach
evaluates subsets of features based on the performance of a classifier. While effective, it is
computationally expensive and thus more suitable for problems with low-dimensional features.
In contrast, the Filter approach operates independently of any classifier, evaluating features
based on predefined criteria such as information measures, statistical tests, similarity, or

distance metrics. This independence renders Filter methods computationally efficient and

Page | 50



II. Feature selection H.Roubhi

particularly well-suited for high-dimensional features. Embedded methods, on the other hand,

perform feature selection during the model training process itself.

In our study, we adopt a Filter-based approach using MI for feature selection in the
context of emotion recognition, motivated by the high dimensionality of the features typically
generated in this domain. MI is particularly advantageous because, unlike linear correlation
measures, it can capture non-linear dependencies between variables, which is crucial for

effectively modeling complex emotional patterns.

The standard Filter-based MI method is often combined with forward greedy search,
where a predefined number of K features is selected to complete the process. However, this
approach suffers from the lack of an effective stopping criterion, which may either lead to over-
selection or premature termination of the process. To address this limitation, we introduce a
deterioration factor into the forward greedy algorithm. This modification provides a trade-off
between the classification accuracy and the number of selected features. The details of this

proposed strategy will be discussed thoroughly in Chapter I11.
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APPLICATION OF FEATURE SELECTION FOR
SPEECH EMOTION RECOGNITION

ITI.1. INTRODUCTION

In this chapter, we explore the application of feature selection methods to SER systems,
with the goal of improving classification accuracy while reducing system complexity. SER
systems typically involve extracting a large set of acoustic features from speech signals, such
as MFCC, PLP, and LPCC. However, using high-dimensional feature vectors often leads to
increased computational cost, memory usage, and potential performance degradation due to the
curse of dimensionality. Feature selection thus becomes essential to retain only the most

relevant features, thereby optimizing both model performance and resource efficiency.

Many existing approaches in the literature classify entire sequence-level feature vectors
directly, often without applying any prior feature selection. This overlooks important factors
such as computational time and memory consumption, especially in real-time or embedded

contexts.

The work presented in this chapter is based on two published studies. The first focuses
on MlI-based feature selection combined with lightweight machine learning classifiers, namely
SVM, KNN, and GMM, using a frame-level classification approach followed by a voting rule
to aggregate decisions at the signal level [96]. The second study extends this methodology to a
deep learning context, where a one-dimensional CNN is combined with MI-based feature
selection guided by a stopping criterion [163]. In both cases, experiments are conducted on the

EMO-DB dataset using various feature sets and selection strategies.

This chapter presents the design of each system, the applied feature selection techniques,

and a comparative analysis of their performance and efficiency.
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I11.2. DATASET DESCRIPTION FOR SER

In the present study, the Berlin Emotional Speech Database (EmoDB) was selected as the
benchmark dataset for evaluating the proposed SER system. EmoDB is widely used in the
literature because it is balanced across genders and emotional classes, recorded under controlled
conditions, and covers a broad range of emotional states. A detailed description of the corpus is

provided below.

The database is composed of ten unique German sentences taken from common conversations,
divided into two subsets: Set A with five short sentences and Set B with five longer ones. Ten
voice actors, evenly split between male and female, pronounced these sentences while
emulating seven primary emotions: Anger (Angry), Boredom (Bored), Disgust (Disgust), Fear
(Fearful), Happiness (Happy), Sadness (Sad), and a Neutral (Neutral) state. The database,
composed of 535 utterances, was initially recorded at 48 kHz and then down-sampled to 16
kHz. For this study, Set A, with 277 utterances, served as the training dataset, while Set B, with
258 utterances, was used for testing. It is essential to point out that the testing sentences differ
in content from the training ones, resulting in an SER system that operates in an independent
text mode [164]. Table I1I-1 provides a comprehensive breakdown of the number of occurrences
used during the testing and training phases.

Table I1I-1:Distributing sentences from the EmoDB database across the 7 emotional states, both for
testing and training purposes.

C A

= E Y 172] i

2 S % g i & g

= @» by = =

E 5 2 5 Z 5 3 E 5

SEER] < 2] a <3 = 7)) 4
Number 127 81 46 69 71 62 79
Testing 62 40 21 34 33 30 38
Training 65 41 25 35 38 32 41
IT1.3. FEATURE EXTRACTION

The extraction of features involves converting each raw speech signal into a structured
sequence of low-dimensional, informative vectors suitable for the classification stage. This
transformation is achieved through a sequence of signal analysis steps, including preprocessing,

framing and windowing, and finally feature vector computation. These steps are designed to
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retain the key characteristics of the speech signal while reducing noise, redundancy, and

variability.
Preprocessing

Each speech utterance first undergoes silence removal to eliminate non-informative
parts, usually found at the beginning and end of the recording. The resulting signal is then
passed through a high-pass pre-emphasis filter with a coefficient of 0.97. This filter boosts
higher frequencies to balance the natural drop in energy at higher frequencies in speech and

improve the signal-to-noise ratio [165].
Framing and Windowing

The pre-emphasized speech signal is segmented into overlapping frames of 30
milliseconds, with a 10 millisecond shift between successive frames. This framing preserves
the temporal dynamics of the signal while facilitating short-time spectral analysis. Each frame
is multiplied by a Hamming window to minimize spectral leakage during the Fourier

transformation and to enhance frequency resolution.
Feature Vector Computation

From each windowed frame, three types of feature vectors are extracted: MFCC, LPCC,
and PLP. These methods provide different views of the speech spectrum, offering a rich and

diverse set of features for emotion classification.
e MFCC (Mel-Frequency Cepstral Coefficients):

MFCCs are computed by applying the Discrete Fourier Transform (DFT), followed by
a Mel-scale filter bank that mimics human hearing. The filter outputs are logarithmically scaled
and transformed using the Discrete Cosine Transform (DCT), resulting in a compact and
decorrelated feature set. In this work, 12 MFCC coefficients were extracted together with the
log-energy and their temporal derivatives, resulting in a 39-dimensional feature vector per
frame. The MFCC extraction parameters were configured in HTK (Hidden Markov Model
Toolkit) as shown in Figure I1I-1 [166].
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SOURCEFORMAT = WAV
SOURCEKIND = WAVEFORM
TARGETKIND = MFCC_E D A
SOURCERATE = 525
WINDOWSIZE = 388088.8
TARGETRATE = 188088.8
USEHAMMING =T
PREEMCOEF = 8.97
NMUMCEPS = 12
CEPLIFTER = 22

Figure Ill-1: HTK file Configuration [166]

Each parameter in the configuration file contributes to the quality and representativeness of

extracted speech features:

¢ SOURCEFORMAT = WAV / SOURCEKIND = WAVEFORM Indicates that the

input data consists of raw audio waveforms stored in standard WAV format.

e SOURCERATE = 625 Specifies the sampling period in 100-ns units. A value of 625
corresponds to a 16 kHz sampling frequency, which is commonly used in SER to

preserve the relevant spectral information.

e WINDOWSIZE = 300000.0 Represents the analysis window length in 100-ns units.
The configured value equals 30 ms, offering an appropriate trade-off between temporal

resolution and capturing the quasi-stationary speech characteristics.

e TARGETRATE = 100000.0 Sets the frame shift to 10 ms, ensuring frame-to-frame

overlap and maintaining continuity in the speech signal representation.

e USEHAMMING = T Enables the Hamming windowing function, which minimizes

spectral leakage at frame boundaries before applying the Fourier Transform.

e PREEMCOEF = 0.97 Defines the pre-emphasis factor applied to the input waveform.
This filter enhances high-frequency components to correct the natural spectral drop in

speech.

o NUMCEPS =12 Determines the number of static MFCC coefficients retained after the
DCT.
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o CEPLIFTER = 22 Applies cepstral liftering to improve the representation of cepstral
coefficients by reducing the influence of very low and very high quefrency components,

thus enhancing robustness to channel variations.

e TARGETKIND = MFCC_E_D_A Specifies the final feature vector format, which

includes:

MFCC static coefficients (12)
= E: Log-energy

D: Delta (first-order temporal derivatives)

A: Delta-Delta (second-order temporal derivatives)

This configuration is widely adopted in SER due to its ability to capture both spectral and

dynamic information of speech signals.
e LPCC (Linear Predictive Cepstral Coefficients):

The LPCC extraction process begins with autocorrelation followed by Linear Predictive
Coding (LPC) to estimate the spectral envelope of the signal. The resulting LPC coefficients

are then converted into cepstral coefficients.

In this work, LPCC features were extracted without including the energy term. Each
feature vector consisted of 12 static coefficients, along with their delta and delta-delta
derivatives, resulting in 36-dimensional vectors. The extraction was implemented using the

HTK framework with appropriate configurations that exclude energy-related components.
e PLP (Perceptual Linear Prediction):

PLP extraction incorporates auditory modeling, starting with critical-band analysis via
Bark-scale filtering, followed by equal-loudness pre-emphasis and intensity-loudness
compression. The resulting spectrum is modeled using autoregressive techniques to generate

cepstral coefficients.

Like LPCC, the PLP features were computed without the energy component, resulting
in 36-dimensional vectors (12 static + delta + delta-delta coefficients). These features provide

a psychoacoustically motivated representation that complements the MFCC and LPCC features.

All features (MFCC, LPCC, and PLP) were extracted using the HTK toolkit. The MFCC

configuration was detailed above, while the LPCC and PLP extractions followed similar setups,
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differing mainly in the TARGETKIND parameter and the omission of the energy component.

This unified approach ensured robustness, reproducibility, and consistency across feature types.

Figure III-2 illustrates the complete feature extraction process. It begins with the
common analysis steps described earlier. In this example, a single utterance is transformed into
a sequence of feature vectors using the HCopy command from the HTK toolkit. The same
procedure is applied to all utterances, with different feature descriptors extracted in parallel

namely, MFCC, LPCC, and PLP.

{
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LPCC Conf

: 3 Energy
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Figure III-2: HCopy Feature Extraction [166]
I11.4. SER SYSTEM USING MI-BASED FEATURE
SELECTION AND MACHINE LEARNING CLASSIFIERS
COMBINED WITH VOTING RULES

I11.4.1. Motivation and Objectives

Existing SER systems, such as those using GMM or Hidden Markov Models (HMM)),
often achieve high accuracy but are computationally expensive. These models require
significant processing power and memory, which limits their deployment in real-time or
embedded environments. This work aims to simplify the SER architecture by leveraging

lightweight classifiers namely SVM, KNN, and GMM alongside a MI based feature selection
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strategy and a voting rule method for decision level fusion. This combination targets three main
objectives: (i) reducing the dimensionality of the input feature set, (ii) improving system

efficiency and speed, and (iii) maintaining or improving recognition performance.

I111.4.2. System Architecture

The architecture of the proposed SER system is organized around three central
components: the use of machine learning classifiers, a decision mechanism based on voting

rules, and the later integration of feature selection techniques.

The process begins with the representation of each utterance as a sequence of feature
vectors extracted from the speech signal. These feature vectors, previously introduced in
Section I11.3, provide the acoustic information necessary for modeling emotional classes. In the
training phase, they are used to build models with one of the selected classifiers, KNN, SVM,
or GMM. In the testing phase, each feature vector of a new utterance is independently classified,

producing a sequence of frame level predictions.

To move from frame level to utterance level recognition, the system applies a voting
rule mechanism. Instead of relying on isolated predictions, all frame level outputs are
aggregated, and the class that receives the majority of votes is assigned as the final emotion
label of the utterance. This decision level fusion strategy enhances robustness by reducing the
influence of noisy or ambiguous frames and yields more stable global predictions. It is
particularly well suited to SER, since emotions are typically consistent throughout an utterance
even if individual frames vary acoustically. In this way, the voting rule offers a computationally

efficient yet effective alternative to more complex temporal models.

Although the baseline system relies on classifiers and voting rules, a third element,
feature selection phase will be used to further enhance performance. By identifying the most
informative features and reducing redundancy, feature selection improves both recognition
accuracy and computational efficiency, thereby strengthening the system beyond its baseline

configuration.

The overall flow of the proposed system is illustrated in Figure I1I-3, which highlights
the path from feature vector representation through classification, voting rule fusion, and the

later integration of feature selection.
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Figure IlI-3:Flowchart of the proposed SER system, showing feature vectors, classifiers, voting rule
fusion

I111.4.3. Feature Selection Strategy

The feature selection process aims to identify the most relevant and informative features
from two distinct feature sets: a low-dimensional set composed of MFCC features, and a high-
dimensional set obtained by combining MFCC, PLP, and LPCC features. These features are
extracted for the SER task. To efficiently reduce dimensionality while maintaining relevant
information, four mutual information-based feature selection methods are implemented: CIFE,

JMI, mRMR, and ICAP.

Each of these strategies seeks to maximize the mutual information between the selected
features and the target emotion classes, while minimizing redundancy among the features
themselves. In practice, the estimation of mutual information relies on histograms constructed
through discretization of the feature values, where the number of bins is determined using

Sturges’ formula.

Figure I1I-4 illustrates the overall process of the feature selection framework. The
process begins with the input feature vectors, which are processed to select the best subset of
features based on mutual information criteria. The selected features are then evaluated using
classifiers to measure their performance. If the obtained performance does not meet the desired
threshold, the process iteratively refines the selection until the optimal performance is reached.
Once the best performance is achieved, the system outputs the optimal subset of features that

balance relevance and redundancy most effectively.
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Figure I11-4:Overview of the mutual information-based feature selection framework

To determine the optimal number of features, two stopping criteria are applied:

o SCI1: The selection process stops as soon as the classification accuracy equals or exceeds
the accuracy obtained using the full feature set. This criterion typically yields compact

subsets, making it suitable for real-time or resource-constrained applications.

e SC2: The process continues until the highest possible accuracy is achieved, regardless

of subset size.

Additionally, a tolerance factor a € [0.01,0.05]is introduced to allow slight
performance degradation compared to the full feature set. This tolerance defines an acceptable
trade-off between performance and model complexity, offering a flexible compromise for

practical deployment.

Through these selection methods and stopping criteria, the proposed feature selection
strategy serves as a performance-enhancing and complexity-reducing component within the
overall SER framework, ensuring both computational efficiency and high discriminative

capability.
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I11.4.4. Results and Analysis

I11.4.4.1. Classifier Performance with MFCC Features

The initial experiments evaluated the performance of three classifiers using MFCC
features. For the KNN classifier, the Euclidean distance metric was used to measure similarity
between feature vectors. The parameter k, representing the number of neighbors considered in

classification, was varied from 1 to 10 to observe its impact on performance.

Table I1I-2 reports the accuracy obtained for each value of k. The best accuracy of
76.53% was achieved when k = 2, indicating that considering two nearest neighbors provides
the most reliable classification with the MFCC feature set. Increasing k beyond 2 usually

reduced accuracy, as more distant neighbors from other classes can confuse the classifier.

Table I1I-2:Accuracy of the SER system using the KNN classifier as a function of number of neighbors k

Value of K 1 2 3 4 5 6 7 8 9 10

Accuracy (%) | 76.36 | 76.53 | 74.80 | 75.19 | 75.19 | 75.58 | 74.03 | 72.88 | 72.48 | 70.54

For the SVM classifier, experiments were conducted by varying the Box Constraint
(BC) parameter while keeping the kernel scale set to auto. Table I1I-3 shows the accuracy
obtained for different BC values. The optimal performance of 83.72% was achieved for BC =
8, indicating that this value provides the best trade-off between margin maximization and

misclassification penalty.

Table I1I-3:Accuracy of the SER system using the SVM classifier as a function of Box Constraint (BC)
parameter

SVM
BC
Accuracy (%) 82.17 | 83.33 |83.33 |83.72 | 83.33 |8255 |82.17 |8Ll.78 | 82.17

2 4 6 8 10 12 14 16 18

For the GMM classifier, experiments were performed by varying the number of
Gaussian components. 7able I11-4 presents the results, showing that the highest accuracy of
85.27% was obtained with 14 components. This performance surpasses both KNN and SVM

classifiers, establishing GMM as the most suitable baseline classifier for the proposed system.
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Table 111-4:Accuracy of the SER system using the GMM classifier as a function of GMM components

GMM

2 4 6 8 10 12 14 16 18
components

Accuracy (%) 77.51 |79.84 | 78.68 | 82.17 |80.23 | 82.55 | 8527 |77.90 | 78.68

These results highlight the importance of tuning classifier-specific parameters. For
KNN, k = 2 was optimal; for SVM, BC = 8 gave the best performance; and for GMM, 14

components yielded the highest accuracy.

I111.4.4.2. Feature Selection with MFCC Features

To further enhance performance, feature selection strategies were applied to the GMM
classifier using MFCC features. The results, presented in Table III-5, reveal that the JMI
strategy significantly improved accuracy to 86.82% while reducing the feature set from 39 to
30 features. The ICAP strategy also achieved dimensionality reduction, maintaining the
baseline accuracy of 85.27% with only 30 features. In contrast, CIFE and mRMR did not yield

improvements beyond the performance of the full feature set.

Table I1I-5:Accuracy and Selected Feature Numbers Using CIFE, JMI, mRMR, and ICAP with MFCC

Descriptors"
SC1 SC2

Number of selected | Accuracy | Number of selected | Accuracy

features (%) features (%)
CIFE |39 85.27 39 85.27
IMI 30 86.82 30 86.82
mRMR | 39 85.27 39 85.27
ICAP |30 85.27 30 85.27

Figure III-5 presents the recognition accuracy as a function of the number of selected
features. It can be observed that the performance of all strategies stabilizes when the number of
selected features exceeds approximately 15. The JMI strategy demonstrates the most significant

improvement, reaching a maximum of 86.82% at 30 features.
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Figure III-5: Recognition accuracy as a function of the number of selected features MFCC

I11.4.4.3. Feature Selection with High-Dimensional Features

To investigate the impact of higher-dimensional input, additional descriptors (PLP and
LPCC) were combined with MFCC, resulting in a 111-dimensional feature space. The

corresponding feature vector is represented as follows:

[ MFCC1 ..., MFCC 12,E,A MFCC 1, ...,A MFCC 12, AE,
AAMFCC 1...,AA MFCC 12, AAE, (1I-1)
Feature Vector= LPCC1..,LPCC12,ALPCC1,..,ALPCC 12,AALPCC1...,
AA PCC12,
PLP1 ...,,PLP12,APLPI,..,APLP 12,AAPLP 1..,AA PLP12]

Here, the descriptors are concatenated in a structured order: MFCC features (including
log-energy) first, followed by LPCC and then PLP features, with each type including static,
delta (A), and delta-delta (AA) coefficients.

The performance of the GMM classifier with varying Gaussian components is reported
in Table I1I-6. The best accuracy of 82.55% was achieved with 6 components, which is lower
than the performance obtained with MFCC alone. This confirms the detrimental effect of the

curse of dimensionality when using high-dimensional descriptors.
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Table 111-6:Accuracy of the SER system using the GMM classifier as a function of GMM components
with 111 features

GMM

2 4 6 8 10 12 14 16 18
components
Accuracy
%) 78.29 | 82.17 | 82.55 | 74.80 |73.64 | 72.48 |74.03 |73.64 |73.25
(1]

To mitigate the curse of dimensionality, feature selection strategies were applied. The

results are summarized in Table I11-7.

e According to SC1 (favoring the smallest number of features while maintaining good
performance), ICAP is the best strategy, selecting 42 features and achieving an accuracy
of 82.94%. mRMR follows closely with 48 features and an accuracy of 82.55%, while
JMI and CIFE show limited improvement.

e According to SC2 (favoring the highest accuracy even if more features are selected),
ICAP again provides the best result with 95 features and an accuracy of 84.49%,
followed by mRMR with 104 features achieving 84.10%. JMI slightly improves to
82.94%, whereas CIFE remains at 82.55%.

Table I11I-7:Accuracy and number of relevant features using CIFE, JMI, mRMR, and ICAP strategies
with high-dimensional vectors

SC1 SC2
No. of selected features Accuracy (%) | No. of selected features Accuracy (%)
CIFE 111 82.55 111 82.55
IMI 68 82.55 88 82.94
mRMR | 48 82.55 104 84.10
ICAP 42 82.94 95 84.49

The experimental results indicate that simply concatenating MFCC, LPCC, and PLP
descriptors into a high-dimensional vector is not sufficient to improve recognition accuracy;
instead, it can degrade performance due to increased redundancy and the curse of

dimensionality.

Feature selection significantly mitigates this effect:
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o ICAP emerges as the most effective strategy, balancing a reduced number of features

with high classification accuracy.

e mRMR is also effective, achieving slightly lower accuracy than ICAP while still
providing a significant improvement compared to using the full high-dimensional

feature set without selection.

o Strategies like JMI provide only minor improvements, whereas CIFE offers no

meaningful gain.

Figure I1I-6 provides a graphical representation of accuracy as a function of the number
of selected features. The results indicate that all strategies converge to stable performance levels
once approximately 40 features are retained, suggesting that a relatively small subset of features

is sufficient to achieve competitive accuracy while reducing computational costs.

Emotion recognition rate

Recognition Rate
[)]
(@]
T

1 1 1 1 1 1 1
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# of selected features

Figure I1I-6.: Variation in accuracy with the number of selected features for CIFE, JMI, mRMR, and
ICAP using the GMM classifier.

ITI.S. SER SYSTEM USING MI-BASED FEATURE
SELECTION AND A 1D-CNN CLASSIFIER

IT1.5.1. Motivation and Challenges

1D-CNNs have proven to be effective for sequential data such as speech. However, as
the input dimensionality increases, the complexity of the CNN model rises sharply. This not

only increases memory consumption but also leads to overfitting and longer training times. To
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address this, we propose integrating a feature selection stage into the CNN model. The objective
is to select an optimal subset of features using mutual information, while introducing a stopping

criterion to regulate the number of features chosen during the greedy forward selection process.

I11.5.2. 1D-CNN Architecture Description

The one-dimensional convolutional neural network proposed in this work is designed
to classify emotional states from speech signals by analyzing sequential acoustic features. This
architecture was selected for its ability to efficiently model temporal dependencies within one-
dimensional input vectors, such as MFCC, LPCC, and PLP features, without requiring large

computational resources.

The network consists of two ConvlD layers, each followed by a ReLU activation
function and a normalization step to enhance training stability and reduce internal covariate
shift. The first convolutional layer uses 260 filters when processing the 39-dimensional MFCC
input, and 150 filters when using the extended 111-dimensional feature set that combines
MFCC, LPCC, and PLP. This layer applies a kernel size of 3 with stride 1, enabling it to capture
short-term dependencies across neighboring frames. The second convolutional layer doubles
the number of filters used in the first layer, namely 520 filters for the MFCC configuration and
300 filters for the 111-dimensional input, allowing the model to extract richer and more abstract

representations in deeper layers.

After the convolutional blocks, the output is passed through an average pooling layer
with a pool size of 2, reducing the temporal dimension of the feature maps and helping to
prevent overfitting. The pooled feature maps are flattened and passed to a fully connected layer,
followed by a softmax output layer that produces the probability distribution over the target
emotion classes. The model is trained using the categorical cross-entropy loss function and
optimized with the Adam optimizer. The architecture of the proposed 1D-CNN model is
illustrated in Figure I11-7. It shows the sequential flow from the input acoustic features through

the convolutional and pooling layers to the final classification stage.

Two configurations were evaluated during experimentation. The first uses only 39
MFCC features, while the second incorporates a richer, high-dimensional representation with
111 features by combining MFCC, LPCC, and PLP. The 1D-CNN model achieves strong
performance in both settings, with 91.09% accuracy using MFCC and 91.47% with the full

feature set. Despite the increase in input size, the model remains compact and efficient due to
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the limited number of layers and the integration of average pooling and feature selection

techniques.

This 1D-CNN architecture strikes a balance between depth and efficiency. It is
particularly well suited to speech-based emotion recognition tasks, and when combined with
the mutual information-based feature selection and stopping criterion proposed in the next
section, it supports scalable and high-performance emotion classification even in high-

dimensional settings.
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Figure I1I-7: Proposed SER System

I111.5.3. Performance with MFCC Features

In the first experimental configuration, the SER system was trained and evaluated using
feature vectors consisting of 39 MFCC coefficients. To ensure reliable performance, a grid
search was carried out to identify the most effective combination of hyperparameters for the
1D-CNN model. The parameters investigated included the number of convolutional layers, the
number of filters per layer, kernel size, batch size, learning rate, number of epochs, and the
optimization algorithm. The corresponding ranges and the selected values are presented in

Table I11-8.

To mitigate overfitting, the network architecture was deliberately kept simple,
consisting of two convolutional layers followed by a global average pooling layer. This reduced

the number of trainable parameters while preserving the network’s ability to learn
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discriminative patterns. Additionally, normalization layers were applied to stabilize training

and improve generalization.

With this setup, the system achieved an accuracy of 91.09% on the EmoDB database.
This result confirms that the 1D-CNN architecture is capable of effectively classifying

emotional speech when trained with MFCC descriptors.

Table 111-8:Hyperparameters and performance of the 1D-CNN classifier with MFCC features

Parameter Type Range of Values Selected Value
Number of 1D Convolution 4 5
Layers
Number of filters 8512 260
Size of kernel I1x1-7x1 3x1
Batch size 8-32 22
Learning rate 0.0005-0.01 0.001
Number of epochs 50-500 190
Optimization Algorithm Adam - SGDM Adam
I11.5.4. Performance with High-Dimensional Feature Vectors

The second configuration extended the input to a high-dimensional feature vector of
111 components by combining MFCC, LPCC, and PLP descriptors. The rationale was to
investigate whether complementary features could provide additional discriminative
information beyond MFCC alone. The hyperparameters selected for this configuration are

provided in Table I11-9.

The maximum accuracy obtained with this high-dimensional input was 91.47%, which
is only a marginal improvement compared to the MFCC-only case. However, this performance
gain came at the cost of increased complexity. The system required more memory, longer
training time, and became more susceptible to overfitting due to redundancy among features.
This observation illustrates the curse of dimensionality, where increasing the feature space does

not necessarily lead to better performance but can instead reduce the system’s efficiency.
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Table I11-9:Hyperparameters and performance of the 1D-CNN classifier with 111-dimensional feature

vectors
Parameter Type Range of Values Selected Value
Number of 1D Convolution Layers 2—4 2
Number of filters 8-512 150
Size of kernel 1x1-7x1 3x1
Batch size 8-32 22
Learning rate 0.0005-0.01 0.001
Number of epochs 50-500 160
Optimization Algorithm Adam - SGDM Adam

III1.5.5. Feature Selection with High-Dimensional Vectors

To address the limitations of high-dimensional input, feature selection was applied
using four Ml-based strategies: CIFE, JMI, mRMR, and ICAP. These methods are applied to
the 111-dimensional combined feature vector described in Equation (I1I-1), aiming to retain
only the most informative parameters while reducing redundancy and improving computational

efficiency.

The results showed that MFCC features consistently ranked among the most relevant,
reinforcing their importance in SER. Energy related features and certain LPCC and PLP
descriptors were also selected, indicating that complementary features can contribute useful
information. The top ten selected features for each strategy, along with the corresponding

recognition accuracies, are summarized in 7able 111-10.

Table I1I-10:Top ten selected features and accuracies using CIFE, JMI, mRMR, and ICAP (NF': number
of selected features; Acc (%): accuracy)

CIFE IMI mRMR ICAP
Features

NF Acc% NF Acc% NF Acc% NF Acc%
X1 2 51.55 2 51.55 2 51.55 2 51.55
X2 13 58.52 13 58.52 5 53.10 1 61.62
X3 76 67.05 1 67.05 87 67.82 5 60.46
X4 40 70.54 40 62.01 86 64.34 79 63.95
X5 1 70.93 77 68.99 25 59.30 87 69.37
X6 5 72.86 76 65.11 9 70.15 86 75.19
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X7 4 75.58 5 69.76 4 76.35 3 82.55
X8 41 76.35 4 76.74 1 77.13 9 83.72
X9 9 76.74 79 72.48 3 82.17 40 82.17
X10 78 81.78 9 77.13 10 81.78 12 79.84

To further illustrate the impact of feature selection, Figure I1I-8 presents recognition

accuracy as a function of the number of selected features. All methods reached a plateau around

25 features, confirming that a relatively small subset is sufficient to achieve near-optimal

performance. This result demonstrates the importance of feature selection as a means of

balancing accuracy and computational efficiency.
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Figure III-8: Accuracy versus number of selected features using MI-based strategies with the 1D-CNN

60

80

100

In the traditional greedy forward selection algorithm, as presented in Chapter I1.7, the

stopping condition is generally determined by a predefined number of features k. However, this

approach does not take into account the classification performance or the relevance of the

selected subset in relation to the target classes. As a result, it may lead either to the selection of

an excessively large set of features that includes redundant or irrelevant information, or to a

feature set that is too limited, thereby omitting critical discriminatory features. To overcome
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this limitation, we propose an improved stopping criterion that integrates classification

accuracy into the feature selection process.

The proposed criterion introduces a tolerance factor & € [0.01, 0. 05], which defines
the allowable degradation in performance relative to the accuracy achieved using the full feature

set, denoted as Accyy;.

The selection process is terminated once the subset of selected features yields an

accuracy satisfying:
Accuracy(S) = (1 — a)Accuracy(F )

This threshold provides a flexible trade-off between accuracy and dimensionality. A
small value of a keeps high accuracy, while a larger value allows selecting fewer features, even
if accuracy drops slightly. This way, the system can automatically choose a good number of

features without needing to fix k in advance [35].

The proposed stopping criterion integrated into the greedy forward selection algorithm

is given as follows:

Algorithm III-1:Greedy Forward Selection with Stopping Criterion

Input:
Features set F = {X1,X3,...,Xn }
Deterioration factor a
Output:
Subset of selected features § = {Xpl,sz, e Xpm }, withm <n
Algorithm Steps:
Initialization:
Initialize F with n features
Set S as an empty subset
Calculation of Mutual Information (MI):
For each feature X;in F, calculate MI(C;X;)
Select the first feature:
Identify X,; maximizing MI(C;X;)
Remove Xp1 from F and add it to S
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(Greedy selection) continue iterating from j = 2 until Accuracy(S) = (1 -

a)Accuracy(Fqy):

while Accuracy(S) < (1 — a) Accuracy (F,y) do

for each feature X;in F do
Calculate MI(C, S, X;)

end for
Select X,; from F maximizing MI(C;S,X;) at step j
Remove X, from F and add it to S

end while

Output:
Return subset S verifying

Accuracy(S) = (1 — a) Accuracy (F)

I11.5.7. Performance Evaluation of the Proposed Stopping

Criterion

In this subsection, the results of applying the proposed stopping criterion are presented.
The purpose of this criterion is to determine the smallest subset of features that sufficiently
represents the target classes while avoiding the need to process the full high-dimensional feature
space. By integrating the stopping rule into the feature selection process, the algorithm
identifies a reduced feature set that balances recognition accuracy and computational efficiency.
The deterioration factor a, ranging from 0.01 to 0.05, was used to control the acceptable
reduction in accuracy relative to the baseline accuracy (Acc_All=91.47%) obtained with all 111

features.

The outcomes of these experiments are summarized in 7able I1I-11, which reports the
number of selected features (#SF), classification accuracy (Acc%), runtime, memory usage,
and number of trainable parameters for each value of a. This comprehensive evaluation
provides insight into the trade-off between performance and computational requirements
achieved by each feature selection strategy when combined with the proposed stopping

criterion.
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Table 11I-11:Performance evaluation of the proposed stopping criterion across CIFE, JMI, mRMR, and
ICAP strategies

Method a #SF Acc % Runtime (s) | TP Memory
k (thousands) (MB)
0.01 29 91.08 65.93 151.5k 220.96
0.02 29 91.08 65.93 151.5k 220.96
CIFE 0.03 24 88.75 60.20 149.2k 195.50
0.04 21 87.98 58.20 147.9k 185.00
0.05 20 87.20 57.80 147.4k 179.80
0.01 54 90.69 66.80 162.7k 234.45
0.02 34 89.92 63.00 153.7k 215.10
IMI 0.03 29 89.53 65.93 151.5k 220.96
0.04 22 88.37 59.00 148.3k 189.70
0.05 19 87.20 57.20 147k 171.60
0.01 92 89.93 77.08 179.8k 409.69
0.02 58 89.92 68.00 164.5k 241.18
0.03 29 88.75 65.93 151.5k 220.96
mRMR 0.04 29 88.75 65.93 151.5k 220.96
0.05 24 87.20 60.20 149.2k 195.50
0.01 65 91.08 68.61 167.7k 258.38
0.02 67 90.31 72.83 168.6k 259.32
ICAP 0.03 24 89.53 60.20 149.2k 195.50
0.04 24 89.53 60.20 149.2k 195.50
0.05 19 87.20 57.20 147k 171.60

The results reveal several key observations. When a = 0.01 or 0=0.02, the CIFE method

selected only 29 features while maintaining an accuracy of 91.08%, which is nearly equivalent

to the baseline performance. This reduction corresponds to a 73.87% decrease in dimensionality

(eliminating 82 features) and was accompanied by significant computational gains.

Specifically, runtime decreased to 65.93 seconds, memory usage dropped to 220.96 MB, and

the number of trainable parameters was reduced to 151.5k. These results highlight the efficiency

of CIFE at low deterioration levels.

When the deterioration factor was increased to 0=0.03 and 0=0.04, the ICAP strategy

demonstrated favorable results. At these levels, ICAP selected 24 features, achieving an

accuracy of 89.53% while reducing runtime to 60.20 seconds, the number of trainable
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parameters to 149.2k, and memory usage to 195.50 MB. These reductions illustrate that ICAP
provides a more balanced trade-off between accuracy and efficiency compared to mRMR and

JMI under similar conditions.

At the highest deterioration factor a=0.05, all strategies converged to an accuracy of
87.20%. In this case, JMI and ICAP produced the most compact representations, each selecting
19 features, a reduction of 82.88% relative to the original 111 features. Among them, ICAP
achieved the best computational efficiency, with runtime reduced to 57.20 seconds, 147k
trainable parameters, and 171.60 MB of memory usage. Although accuracy was reduced at this
level, the system still retained acceptable recognition performance while achieving substantial

efficiency gains.

Taken together, these results demonstrate the effectiveness of the proposed stopping
criterion in reducing the dimensionality of the feature space while maintaining a controlled
balance between accuracy and efficiency. By avoiding arbitrary choices of the number of
selected features, this approach ensures that feature selection remains adaptive and
performance-driven, thereby supporting the development of SER systems suitable for real-time

and resource-constrained environments.

IIT.6. CONCLUSION

In this chapter, we investigated the application of feature selection methods for SER
task, aiming to enhance recognition performance while reducing system complexity. Two main
approaches were explored: a machine learning based framework combining lightweight
classifiers (KNN, SVM, GMM) with MI-based feature selection and voting rules, and a deep
learning approach integrating MI-based feature selection into a 1D-CNN architecture with a

proposed stopping criterion.

Experiments conducted on the EmoDB dataset demonstrated several important findings.
First, among the baseline classifiers, GMM achieved the highest accuracy, highlighting its
suitability for frame level emotion modeling. Applying MI-based feature selection consistently
improved or maintained performance while reducing the number of features. When combining
MFCC, LPCC, and PLP into a high-dimensional 111-feature vector, ICAP strategy reduces the
feature vector size by 62.2% while improving the recognition accuracy to 82.94%,
demonstrating that feature selection can effectively mitigate the curse of dimensionality in high-

dimensional spaces by enhancing efficiency without compromising performance.
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The integration of MI-based feature selection into the 1D-CNN further demonstrated
the effectiveness of dimensionality reduction in deep learning contexts. The model achieved
high accuracy with both MFCC only (91.09%) and high-dimensional input (91.47%), while the
proposed stopping criterion allowed adaptive selection of a minimal subset of features. This
mechanism provided a flexible trade-off between accuracy and computational efficiency: in the
maximum reduction scenario, ICAP selected only 19 features (an 82.88% reduction) while
maintaining acceptable performance and significantly reducing memory usage, runtime, and

the number of trainable parameters.

These findings underscore the pivotal role of feature selection in SER, providing an
efficient, high-performance framework suitable for both traditional and deep learning

approaches.
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IV

APPLICATION OF FEATURE SELECTION FOR
FACIAL EXPRESSION RECOGNITION

IV.1. INTRODUCTION

FER has developed rapidly in recent years. Earlier FER systems mainly relied on
handcrafted features, such as LBP, HOG, BSIF, and DWT, to describe facial textures and
structures. With the rise of deep learning, especially CNNSs, it became possible to automatically
extract highly discriminative features directly from facial images, reducing the need for manual

feature design.

However, both handcrafted and deep features often produce high-dimensional feature
vectors, which increase computational cost and may affect classification performance. To
address this issue, this chapter applies MI-based feature selection to reduce redundancy and

retain only the most informative features for emotion classification.
Two approaches are presented in this work:

1. Handcrafted feature-based approach: LBP, LPQ, BSIF, and HOG features are
extracted and combined with MI-based feature selection, then classified using a 1D-

CNN.

2. Deep feature-based approach: Features are extracted from AlexNet, a pre-trained
CNN model, combined with MI-based feature selection, and classified using a KNN

classifier.

Using MI-based feature selection with the two stopping criteria, SC1 and SC2, the most
informative and optimal features are selected, ensuring a balance between dimensionality

reduction, recognition performance, and processing time.
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The results presented in this chapter demonstrate that MI-based feature selection, when
applied to both handcrafted and deep features under SC1 and SC2, improves recognition
performance and reduces processing time, highlighting its effectiveness in developing efficient

and accurate FER systems.

Iv.2. DATASET DESCRIPTION FOR FER

We tested the proposed system using two benchmark datasets for FER: the MUG dataset
and the CK+ dataset. These datasets include a wide variety of facial image scales and intricate
variations. Each dataset was divided into training and testing sets, with 70% allocated for

training and 30% for testing the model's accuracy, following the commonly used split ratio.

IV.2.1. MUG Dataset

The MUG [167] dataset comprises 86 participants (51 males and 35 females) aged
between 20 and 35 years. However, only 52 participants are available to researchers via the
internet. The images in the dataset were captured using a camera and two 300 W light sources,
with each participant seated on a chair against a blue background. Images were recorded at a
rate of 19 frames per second, with a resolution of 896 x 896 pixels in JPEG format. Each
participant exhibited seven distinct facial expressions, with each emotion captured across

several image sequences (typically three to five), consisting of 50—160 images per sequence.

IV.2.2. CK+ Dataset

The dataset CK+ [168] is one of the most widely used in FER systems. The dataset
comprises 981 images extracted from 327 video sequences involving 118 participants. Each
sequence includes 10 to 60 frames, capturing the transition from a neutral to an extreme facial
expression. The images are categorized into seven basic expressions with a resolution of 48 x
48 pixels, as detailed in Table IV-1. In this table, we present the number for each facial

expression across the two datasets used in this study to evaluate the proposed FER system.

Table IV-1:Number of images for each expression in the two datasets. The emotions are denoted by the
following abbreviations: Anger (AN), Disgust (DI), Fear (FE), Happiness (HA), Sadness (SA), Surprise (SU),
Neutral (NE), and Contempt (CO)

Dataset | AN DI FE HA NE CO SA SU >

CK+ |135 177 75 207 / 54 84 249 981

MUG | 260 255 240 260 260 / 245 260 1780
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IV.3. FER SYSTEM BASED ON TRADITIONAL
FEATURES AND MI-BASED FEATURE SELECTION

Iv.3.1. Feature Extraction and Preprocessing

Prior to the feature extraction process, all facial images within the datasets undergo a
pre-processing phase, during which the facial region is localized using the Haar cascade
classifier proposed by Viola and Jones [169]. Following this, feature vectors are extracted by
applying four texture-based descriptors including LBP, LPQ, BSIF, and HOG to the entire
facial region. Each resulting feature map is subsequently partitioned into four non-overlapping
blocks, and a 256-bin histogram is computed for each block. The histograms obtained from
these blocks are then concatenated to form the final feature vector [170]. During
experimentation, the parameters of each descriptor were varied within predefined ranges, and

only the best-performing parameter values are reported below.

The specific parameter ranges explored and the selected optimal values for each

descriptor are reported as follows:
e LBP descriptor:

The number of neighboring points was fixed at P = 8, while the radius R was varied in the

range 1 < R < 8. The best performance was obtained at R = 5.
e LPQ descriptor:

The local window size R was varied in the range {3’ 5’ 7}. The optimal results were achieved

with a window size of R = 5.
e BSIF descriptor:

Square filter sizes were varied from 5 X 5to 11 X 11, and the number of bits was varied in

the range {5,6,7,8}. The best configuration employed 7 X 7patches encoded using 8 bits.
e HOG descriptor:

The cell size was varied in the range {4 X 4,5 X 5,8 X 8}, and the number of orientation
bins was varied from 6 to 9. The optimal configuration used a cell size of 5 X 5with 9

orientation bins.
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Table IV-2 presents the dimensionality of the resulting feature vectors for each descriptor using

the selected optimal parameters.

Table IV-2:Number of features for each descriptor

Descriptor Number of blocks per Number of features
image

LBP 4x256=1024

LPQ 4 Blocks of size 50 x 4x256=1024

BSIF 50 4x256=1024

HOG 4 x 9(Bins) x (5 x 5) (Celles) =900
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Figure IV-1:Flowchart of Feature Extraction and Selection Process

The facial feature descriptors discussed earlier produce high-dimensional feature
vectors. Hence, applying a feature selection technique is essential to retain only the most
informative and discriminative features. Dimensionality reduction not only improves
computational efficiency and reduces memory requirements but can also enhance recognition
accuracy by mitigating the curse of dimensionality. To achieve this objective, several MI-based
feature selection methods namely, mRMR, JMI, CIFE and ICAP are used. Figure IV-1

illustrates the feature extraction and selection process described previously.

Page | 79



IV. Application of Feature Selection for Facial Expression Recognition H.Roubhi

1vV.3.2. Performance with 1D-CNN Classifier

The architecture of the proposed one-dimensional CNN is illustrated in Figure 1V-2.
The training stage focuses on learning discriminative patterns of facial expressions, while the
testing stage evaluates the overall recognition performance of the FER system. Both stages rely
on handcrafted feature descriptors, including LBP, LPQ, BSIF, and HOG. These descriptors
are subsequently refined through a feature selection process to reduce dimensionality and retain

the most informative features.
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Figure IV-2: Proposed FER System

The designed network consists of two Conv1D layers. The first convolutional layer
employs 64 filters, each followed by a Rectified Linear Unit (ReLU) activation function to
introduce non-linearity and mitigate the vanishing gradient problem. Normalization layers are
also incorporated to ensure consistent data distribution across network layers. The second
convolutional layer doubles the number of kernels relative to the first one, further enhancing
the network’s representational capacity. Both convolutional layers use a kernel size of 3x1 with
a stride of 1. Increasing the number of filters in deeper layers contributes to higher recognition

accuracy, as reported in [43].

A Randomized Search strategy was employed to identify the optimal set of
hyperparameters for the 1D-CNN in combination with the four descriptors. The key
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hyperparameters, their search ranges, and the final selected values are summarized in 7Table

1V-3.
Table IV-3:Hyperparameters of the proposed 1D-CNN classifier
Parameter Type Range of Values Selected Value
Number of 1D Convolution | 2—4 2
Layers
Number of filters 8512 64
Size of kernel 1x1-7x1 3x1
Batch size 8—64 32
Learning rate 0.0005—0.01 0.001
Number of epochs 64—512 128
Optimization Algorithm Adam - SGDM Adam
I1v.3.3. Optimal Descriptor for FER

This section analyzes the performance of the proposed FER system when combined
with different feature descriptors. The evaluation is based on two main criteria: Recognition
Rate (RR) and Processing time for full features (PTF) during the classification phase. It is
important to note that PTF only refers to the classification stage using 1D-CNN and does not

include the feature extraction process.

The recognition rates and processing times obtained with each descriptor on the MUG

and CK+ datasets are presented in Table V-4 and 5, respectively.

Table IV-4:Recognition Rate (RR), Processing Time for Full Features (PTF), and Total Number of
Features (TNF) for Various Descriptors on the MUG Dataset

Descriptor RR (%) PTF (s) TNF
LBP 99.06 13.69 1024
LPQ 99.81 13.72 1024
BSIF 96.63 13.39 1024
HOG 99.43 13.35 900
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Table IV-5:RR, PTF and TNF for Various Feature Descriptors on CK+ Dataset

Descriptor RR (%) PTF (s) TNF
LBP 99.33 9.06 1024
LPQ 98.66 8.91 1024
BSIF 98.99 9.024 1024
HOG 98.99 8.56 900

The results in Table V-4 demonstrate that the BSIF descriptor consistently yields the
lowest RR (96.63%) across all descriptors on the MUG dataset. Conversely, LPQ achieves the
highest RR (99.81%), but with the longest processing time (13.72 s). The HOG descriptor
provides a competitive RR (99.43%) with the lowest processing time (13.35 s), making it

particularly suitable for real-time applications where computational efficiency is critical.

On the CK+ dataset (7able IV-5), LBP achieves the highest RR (99.33%), although it
also requires the longest processing time (9.06 s). HOG, while slightly less accurate (98.99%),

outperforms other descriptors in terms of efficiency, achieving the shortest processing time

(8.56 3).

From these findings, it can be concluded that HOG represents a balanced trade-off
between accuracy and computational efficiency, making it the most versatile descriptor for FER
applications across multiple datasets. Therefore, in the subsequent analysis of feature selection
strategies, HOG is chosen as the primary descriptor to evaluate the influence of dimensionality

reduction on both recognition performance and computational efficiency.

1V.3.4. Impact of Feature Selection
1V.3.4.1. Influence on Classification Performance

Table IV-6 and 7 summarize the effect of different feature selection strategies including
CIFE, ICAP, JMI, and mRMR on the RR and the number of selected features for four
handcrafted descriptors (HOG, LPQ, LBP, and BSIF) on the CK+ and MUG datasets. Two
stopping criteria (SC1 and SC2) are used to determine the optimal number of features, allowing

an assessment of the trade-off between compact feature subsets and classification performance.
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The Tables present the results of feature selection strategies applied to different feature
extraction descriptors (HOG, LPQ, LBP and BSIF) and feature selection strategies (CIFE,
ICAP, JMI and mRMR) for the CK+ and MUG datasets.

Table 1V-6:Evaluation of Feature Selection strategies: Number of Selected Feature and RR for HOG,
LPQ, LBP, and BSIF Descriptors on CK+ Dataset using SC1 and SC2

SC1 SC2
No. of selected features | RR (%) | No. of selected features | RR (%)
CIFE 144 98.99 361 100
ICAP 304 98.99 692 100
HOG | JMI 170 98.99 361 100
mRMR 304 98.99 729 100
CIFE 361 98.66 679 100
LPQ | ICAP 207 98.66 561 100
JMI 384 98.66 899 100
mRMR 283 98.66 497 100
CIFE 379 99.33 1017 100
LBP | ICAP 435 99.33 868 100
IMI 281 99.33 1007 100
mRMR 441 99.33 711 99.66
CIFE 937 98.99 937 99.33
BSIF | ICAP 724 98.99 724 99.33
IMI 841 98.99 841 98.99
mRMR 531 98.99 531 98.99

Table IV-7:Evaluation of Feature Selection strategies: Number of Selected Feature and RR for HOG,
LPQ, LBP, and BSIF Descriptors on MUG Dataset Using SCI and SC2

SC1 SC2
No. of selected features | RR (%) | No. of selected features | RR (%)

CIFE 208 99.62 367 100

ICAP 94 99.43 278 100

HOG | JMI 114 99.43 331 100
mRMR 120 99.43 376 100

CIFE 506 99.81 633 100

LPQ | ICAP 465 100 465 100
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IMI 296 99.81 662 100
mRMR 452 99.81 708 100
CIFE 478 99.25 720 99.81
LBP | ICAP 258 99.06 586 100
IMI 112 99.06 359 99.81
mRMR 205 99.43 481 100
CIFE 643 96.63 975 98.31
BSIF | ICAP 392 97.19 941 98.87
IMI 450 96.82 871 98.50
mRMR 462 96.82 933 98.87

The results presented in Tables IV-6 and 7 reveal that the RR generally improves or
reaches 100% as the stopping criterion shifts from SC1 to SC2, indicating SC2’s ability to select
a more comprehensive feature set that optimizes classification performance. On the CK+
dataset (7able 1V-6), most descriptors achieve 100% RR under SC2, except for BSIF, which
shows a slight decrease. Similarly, on the MUG dataset (7Table IV-7), all descriptors except
BSIF reach 100% RR under SC2, highlighting SC2's effectiveness.

The number of selected features varies significantly across feature selection methods
and descriptors. SCI typically selects fewer features, prioritizing computational efficiency, as
seen with HOG on MUG, where ICAP selects only 94 features compared to 208 by CIFE. In
contrast, SC2 prioritizes higher RRs by selecting more features, but this requires more
computation. For example, on the CK+ dataset, LBP under SC1 selects 379 features for CIFE

strategy, which increases to 1017 under SC2.

Figure IV-3 (a) and (b) illustrate the results achieved by the four feature selection
methods (CIFE, ICAP, JMI, and mRMR) applied to all descriptors on the CK+ and MUG

datasets, respectively.

It is worth noting that all the curves exhibit an approximate plateau once 20% of the
total features are selected by any of the feature selection strategies. This means that
dimensionality reduction can be effectively done for both datasets to reduce the processing time

and lower memory consumption.

The results achieved using LPQ features are similar to those obtained with HoG and

LBP, as noted in the previous study, where BSIF demonstrated less impressive results.

Page | 84



IV. Application of Feature Selection for Facial Expression Recognition

H.Roubhi

both datasets.

100

95

90 |

@
a

Among the feature selection strategies, CIFE performs slightly worse than the others on

HOG

[0}
© ICAP
© 80 mRMR
s ‘ IMI
2 T5
[ —
=4
8 70
o

65

60

55

50 1 i | L i I 1 | )

0 100 200 300 400 500 600 700 800 900
# of selected features

100 LBP
QL
& ICAP
5 mRMR
=70 JMI
c
[=2)
Q
(5]
@

60

50

40 \ | L A | )

200 400 600 800 1000 1200

# of selected features

Recognition Rate

Recognition Rate
~
o

LPQ

100

90

o]
o

(a) CK+ Dataset

Recognition Rate

HOG
DAk ad uiad dead i d b B it b e budail. o L as i i) 2y

2 . -CIFE
& ICAP
= mRMR
2 70 JMI
[—
[=2}
Q
O
Q
14

60

50

40 1 1 1 1 L 1 1 1 1]

0 100 200 300 400 500 600 700 800

# of selected features

900

100

90

80

70

60

50

40

30

20

mRMR
JMI
60
50 |
40 I L | | . )
0 200 400 600 800 1000 1200
# of selected features
{66 BSIF
JMI
50 |-
40
30 \ . L L I |
0 200 400 600 800 1000 1200
# of selected features
LPQ
ICAP
mRMR
JMI
I L L L \ )
0 200 400 600 800 1000 1200

# of selected features

Page | 85



Recognition Rate

IV. Application of Feature Selection for Facial Expression Recognition H.Roubhi

100

90 I

80

70

60

50

40

30

20

LBP BSIF
i i T
g b il IR
(L ’y [ !
CIFE
ICAP ®
mRMR w®
JMI o CIFE
5 ICAP
= 60 mRMR
) JMI
o
3
I ¥ 50
40
30
1 1 1 1 1 ] 20 1 1 1 1 1
200 400 600 800 1000 1201 0 200 400 600 800 1000
# of selected features # of selected features

(b) MUG Dataset

Figure IV-3:graphical representation of feature selection strategies with various descriptors

1V.3.4.2. Influence on Computational Efficiency

system

In this section, we assess the advantages of the feature selection process with respect to

complexity, particularly in terms of processing time, and its impact on the system's RR.

The HOG descriptor, combined with various feature selection strategies, was chosen for this

experiment as it demonstrated strong performance in the previous section in terms of both

accuracy and the number of selected features.

Tables 1V-8 and 9 present the number of selected features using various feature selection

strategies, along with their corresponding RR, Reduction Rate of Processing Time (RRT) and

Reduction Rate of Features (RRF) given as follows:

Where:

(1V-1)
RRT(%) = - — P15 100
0) = —57F
(1V-2)
RRF (%) = = NSF 100
= X
(%) TNF

PTF is the processing time for full features.
PTS is the processing time for the selected features.
TNF is the total number of features.

NSF is the number of selected features.
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Table IV-8:Number of Selected Features, RR, RRF, and RRT for Feature Selection Strategies on the

CK+ Dataset
No. of RR (%) RRF (%) RRT (%)

selected

features
CIFE 361 100 59.88 62.03
ICAP 692 100 23.11 17.40
IMI 361 100 59.88 62.03
mRMR 729 100 19.00 13.20

From Table IV-8, we can conclude several key observations regarding the impact of

different feature selection strategies (CIFE, ICAP, JMI, and mRMR):

CIFE and JMI select 361 features from the full set of 900, showing greater efficiency
compared to ICAP and mRMR, which select 692 and 729 features, respectively.

CIFE and JMI achieve higher processing time reduction rates (62.03%) compared to
ICAP (17.40%) and mRMR (13.20%).

All strategies enhance the system's RR to 100%, demonstrating the crucial role of

feature selection process in improving the performance of SER system.

Table IV-9:Number of Selected Features, RR, RRF, and RRT for Feature Selection Strategies on the

MUG Dataset
No. of RR (%) RRF (%) RRT (%)
selected
features
CIFE 367 100 59.22 61.42
ICAP 278 100 09.11 63.82
IMI 331 100 63.22 62.62
mRMR 376 100 58.22 59.85

Table IV-9 provides several important insights into the effects of various feature

selection strategies:

ICAP achieves the highest RRT of 63.82%, reflecting the highest efficiency in reducing

computation time compared with the full feature set. JMI and CIFE also show considerable
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reduction rates of 62.62% and 61.42%, respectively, while mRMR has the lowest RRT equal
to 59.85%. Thus, ICAP proves the highest computational performance.

ICAP is the most efficient method, with the best RRF (69.11%) compared to other

strategies.

All methods achieve a perfect RR of 100%, highlighting the importance of feature

selection strategies.

Both tables highlight the selection of a compact feature set, which significantly reduces
processing time. This optimization not only accelerates computations but also enhances

suitability for real-time applications and environments with limited computational resources.

Figure IV-4 provides a detailed (zoomed) visualization of the relationship between the
number of selected features and the corresponding RR obtained using the HOG descriptor under
various MI-based selection strategies, namely CIFE, ICAP, JMI, and mRMR. As illustrated in
Figure IV-4(a), both the JMI and CIFE criteria achieve the maximum recognition accuracy of
100% when approximately 361 features are selected, highlighting their strong capability to
identify the most discriminative subset of features. Similarly, Figure IV-4(b) demonstrates that
the ICAP strategy attains an equivalent 100% accuracy with only 278 selected features,
confirming its superior efficiency in reducing dimensionality while preserving full
classification performance. These results emphasize the effectiveness of MI-based feature
selection in achieving an optimal balance between compact feature representation and high
recognition accuracy.
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Figure IV-4:Zoomed View of Selected Features and RR Using Different Feature Selection Strategies
with the HoG Descriptor
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IV.4. FER SYSTEM BASED ON DEEP FEATURES AND
MI-BASED FEATURE SELECTION

IV.4.1. Performance with KNN using Deep Features

In this study, AlexNet was employed in the feature extraction phase of the FER system.
By leveraging a transfer learning approach, the need to re-train AlexNet was eliminated within
the FER task, resulting in significant time savings. The fully connected layers of the AlexNet
model (FC6, FC7, and FC8) were employed for feature extraction, as they provide compact and
discriminative representations of facial expressions. Furthermore, these three layers were also
combined in order to evaluate whether aggregating multiple layers could enhance classification

performance.

Table IV-10 presents the dimensionality of the feature vectors extracted from each fully

connected layer, as well as the combined representation.

Table IV-10:Number of Features for Fully Connected Layers in AlexNet

Fully Connected Layers Number of Features
FCé6 4096
FC7 4096
FC8 1000
Combined Layers 9192

The subsequent experiments focus on the optimal configuration of the KNN classifier
by determining the best number of neighbors (K) and the most effective distance metric
(Euclidean, Cityblock, Correlation, and Cosine). Performance was evaluated on the features

extracted from each fully connected layer (FC6, FC7, and FCS8), as well as their combination.

I1V.4.1.1. KNN Optimization with AlexNet FC6 Features

The FC6 layer provides a vector with 4096 features. Table IV-11 reports the recognition

rates for different values of K (from 1 to 10) across the four distance metrics.
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Table IV-11:Performance of KNN Classifier Using Different Distance Metrics with AlexNet FC6

Features
K Euclidean Cityblock Correlation Cosine
1 94.31 93.97 94.31 94.31
2 79.93 79.93 80.93 80.93
3 73.91 74.58 71.57 71.90
4 67.22 67.55 63.54 64.21
5 66.22 66.88 63.21 63.54
6 67.55 67.89 66.55 67.89
7 72.90 72.57 69.89 69.56
8 73.24 73.91 71.57 71.57
9 74.91 75.25 71.90 71.90
10 76.58 77.59 73.24 71.57

The highest recognition rate (94.31%) is obtained at K=1 with all distances except

Cityblock. Recognition rates decrease sharply for K=2 to K=5, dropping to approximately 66%,

indicating that larger K reduces the influence of the nearest neighbor. Beyond K=5, recognition

rates slightly improve, reaching 76.58% at K=10 (Euclidean).

1V.4.1.2. KNN Optimization with AlexNet FC7 Features

The FC7 layer also produces 4096-dimensional feature vectors. Table IV-12

summarizes the recognition rates.

Table IV-12:Performance of KNN Classifier Using Different Distance Metrics with AlexNet FC7

Features
K Euclidean Cityblock Correlation Cosine
1 95.32 95.31 95.31 96.32
2 79.59 79.59 79.93 79.93
3 73.91 73.91 71.90 71.23
4 63.54 63.87 65.55 65.21
5 62.20 62.54 62.20 61.20
6 63.21 63.21 65.88 65.21
7 67.89 66.88 69.23 68.56
8 69.56 68.56 70.56 70.23
9 69.56 69.89 70.56 70.23
10 69.23 68.89 68.89 71.90
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The best performance is achieved with K=1 and Cosine distance (96.32%). Correlation
and Cosine yield more stable results compared to Euclidean and Cityblock as K increases,

suggesting that they better capture higher-level dependencies in FC7 features.

I1V.4.1.3. KNN Optimization with AlexNet FC8 Features

The FCS8 layer produces a lower-dimensional vector (1000 features). Table IV-13

summarizes the results.

Table 1V-13:Performance of KNN Classifier Using Different Distance Metrics with AlexNet FCS8

Features

K Euclidean Cityblock Correlation Cosine
1 95.65 95.31 95.65 95.65
2 80.93 80.93 81.60 81.60
3 75.25 74.58 74.91 74.91
4 06.88 65.55 70.23 70.23
5 62.87 63.87 67.22 67.22
6 62.54 63.21 68.56 68.56
7 62.21 65.88 67.22 67.22
8 65.88 67.22 67.89 67.89
9 66.22 65.88 65.55 65.55
10 65.21 66.22 66.22 66.22

At K=1, the classifier achieves the best recognition rate (95.65%) across all metrics
except Cityblock (95.31%). Accuracy decreases with higher K, reflecting the drawback of

considering too many neighbors.

1V.4.1.4. KNN Optimization with Combined AlexNet Features

Table IV-14 presents results when combining FC6, FC7, and FCS8 features (9192

dimensions).

Table IV-14:Performance of KNN Classifier Using Combined AlexNet Features (FC6 + FC7 + FCS8)

K Euclidean Cityblock Correlation Cosine
1 94.31 94.31 94.31 94.31
2 79.59 79.93 80.60 80.60
3 74.58 73.91 71.57 72.57
4 65.88 64.88 64.21 64.88
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5 66.55 66.55 64.21 63.87
6 69.23 69.56 65.55 65.55
7 72.57 70.56 70.23 69.89
8 73.57 72.57 70.90 71.57
9 75.58 72.57 70.23 70.23
10 77.59 74.24 70.56 70.56

The highest accuracy (94.31%) is observed at K=1, consistent across all distance
metrics. However, this configuration does not outperform FC8 alone, which achieved 95.65%.

Therefore, FC8 features are selected for the subsequent feature selection experiments.

Although the FC7 layer achieves the highest recognition rate (96.32%) when using K=1
and Cosine distance, it produces a high-dimensional feature vector of 4096 features. In contrast,
the FC8 layer provides a much lower-dimensional feature set with only 1000 features while
maintaining a comparable recognition rate (95.65%). Despite a slight reduction in accuracy
compared to FC7, FC8 is selected because the large decrease in the number of features makes
it more suitable for subsequent feature selection, improves classifier efficiency, and reduces
overall computational complexity. Furthermore, combining FC6, FC7, and FC8 features results
in a very high-dimensional space (9192 features) without achieving better performance than
FC8 alone. Therefore, FC8 features offer a better balance between recognition performance and
feature dimensionality and are selected for the feature selection experiments presented in the

next section.

1V.4.2. Impact of Feature Selection on FER System Performance

This section evaluates the effect of feature selection applied to FC8 features. Table
IV-15 reports the number of selected features and the corresponding RR obtained using JMI,
ICAP, CIFE, and mRMR under two stopping criteria: SC1 (RR > RR(end)) and ST2 (RR =
max(RR)).
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Table IV-15:Number of Relevant Features and Recognition Rates (RR) with Different Feature Selection

Strategies
SC1 SC2
# of relevant # of relevant
RR (%) RR (%)
features features
JMI 18 95.65 196 97.00
ICAP 11 95.65 118 96.32
CIFE 980 95.65 980 95.65
mRMR 9 97.00 9 97.00

Compared with the full feature set of 1000 features (95.65%), feature selection not only
reduces dimensionality but also improves performance. Notably, mRMR achieved the highest
RR (97.00%) with only 9 features, demonstrating superior compactness and discriminative
power. Similarly, JMI and ICAP required only a small subset of features (18 and 11,
respectively) to reach or surpass the baseline. By contrast, CIFE selected nearly the entire set

(980 features) without significant improvement, indicating limited effectiveness.
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Figure IV-5 illustrates the evolution of recognition rates as a function of the number of
selected features. It can be observed that only a small number of features, about 10, using
mRMR is sufficient to achieve top performance, while larger subsets offer diminishing returns.
This behavior highlights the advantage of MI-based methods in overcoming the curse of

dimensionality, where excessive features may degrade performance.

IV.5. CONCLUSION

This chapter presented the design and evaluation of an FER system based on both
traditional and deep feature representations, combined with MI-based feature selection
strategies. Two main approaches were investigated: (i) the use of handcrafted descriptors,
specifically HOG, followed by feature selection; and (ii) the exploitation of deep features

extracted from AlexNet through a transfer learning, also refined by MI-based feature selection.

In the first part, HOG descriptors combined with MI-based feature selection proved
highly effective in reducing dimensionality and improving efficiency. On CK+, the system
achieved 100% recognition with only 361 features (62.03% reduction in processing time) using
CIFE or JMI, while on MUG, 278 features (63.82% reduction) with ICAP yielded comparable
performance. These results confirm the importance of feature selection in overcoming the curse

of dimensionality while maintaining high accuracy.

In the second part, deep features extracted from AlexNet were evaluated using a KNN
classifier. Among the fully connected layers, FC8 achieved the best performance (95.65%),
while combining features from multiple layers did not yield further improvements. To enhance
efficiency, MI-based feature selection was applied to FC8 features. The results showed that
methods such as JMI and ICAP reduced dimensionality while preserving accuracy, whereas
mRMR achieved the highest recognition rate (97.00%) with only 9 features out of 1000,

showing a significant reduction in dimensionality with superior performance.

These findings highlight that integrating feature selection with both traditional and deep
features not only enhances recognition accuracy but also significantly improves computational
efficiency, establishing a strong foundation for developing robust FER systems suitable for real-

time applications.
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This thesis focused on the challenge of high dimensionality in emotion recognition, a
domain where the rapid growth of data with large features often increases computational
complexity and can ultimately degrade classification accuracy caused by the phenomenon of
curse of dimensionality. The main objective of this thesis is to propose and evaluate MI-based
feature selection strategies that effectively reduce dimensionality while maintaining, or even
improving, recognition accuracy. Practically, we explored two of the most widely studied
modalities for emotion recognition, speech and facial expressions, as they represent practical

and less constrained approaches.

For SER, we investigated the application of several machine learning algorithms,
including KNN, SVM, and GMM combined with voting rules, together with MI-based feature
selection strategies such as CIFE, ICAP, mRMR, and JMI. Various acoustic feature extraction
methods were employed, including MFCC, PLP, and LPCC. Results showed that the GMM
classifier achieved an accuracy of 85.27% with 39 MFCC features, compared to 82.55% with
a high-dimensional feature vector of 111 features. Applying the JMI strategy to MFCC features
reduced the feature set by 23.07%, while improving accuracy to 86.82%. In high-dimensional
settings, the ICAP strategy achieved 82.94% accuracy with a substantial 62.2% reduction in

dimensionality.

We further introduced a 1D-CNN-based approach and proposed a stopping criterion for
feature selection guided by classification accuracy. The results demonstrated that 1D-CNN
outperformed traditional GMM classifier, achieving 91.09% with 39 selected MFCC features
and 91.47% with 111 features. Using the CIFE strategy with our stopping criterion resulted in
a 73.87% reduction in the feature vector size, with only a 0.39% decrease in accuracy, thereby

ensuring an optimal trade-off between complexity and performance.

For FER, we applied both handcrafted feature extraction methods (HoG, LBP, LPQ,
BSIF) and deep feature extraction with AlexNet. The same MI-based feature selection strategies
were used as in SER. The proposed 1D-CNN system achieved a 100% recognition rate using
only 361 HoG features out of 1024, corresponding to a 62.03% reduction in processing time on
the CK+ dataset when applying CIFE or JMI. On the MUG dataset, 278 HoG features were
sufficient to achieve a 63.82% reduction with ICAP. Furthermore, AlexNet FC8 features
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classified with KNN achieved 95.65%, while the mRMR strategy improved performance to
97% using only 9 features out of 1000, representing a 99.1% reduction.

These findings demonstrate that mutual information-based feature selection strategies,
particularly when combined with deep learning models, significantly enhance emotion

recognition performance while reducing computational complexity.

This research provides significant contributions to the domain of emotion recognition,
offering both methodological advances and empirical validation. Nonetheless, several avenues

remain open for further exploration:
1. Multimodal Emotion Recognition:

Future work should investigate the fusion of multiple modalities such as speech,
facial expressions, physiological signals, and body gestures. While multimodal systems
typically yield higher recognition rates, they introduce considerable complexity. Feature
selection will therefore play a key role in reducing redundancy and ensuring tractable

system design.
2. Integration of Vision Transformers (ViTs):

Recently, ViTs have gained prominence as powerful feature extractors. Unlike
CNNs, ViTs use self-attention to capture long-range dependencies, making them well
suited for tasks like emotion recognition. Future research could explore the integration
of feature selection with ViTs in order to reduce feature dimensionality and enhance

system performance.
3. Exploration of Alternative Feature Selection Techniques:

While this thesis primarily focused on MIl-based feature selection, other
advanced approaches, such as ReliefF, LASSO and genetic algorithms, could be
explored and systematically compared to MI-based methods. Such work would
contribute to identifying the most effective strategies across different modalities and

datasets.

Through these perspectives, future research can advance towards more accurate,
efficient, and scalable emotion recognition systems, further pushing the boundaries of affective

computing.
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