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PREFACE

There has been a surge in the adoption of online learning systems as a result of the covid outbreak.
This research is geared toward the application of Speech emotion Detection in detecting an emotion of a
lecturer during a teaching process in an online learning environment, in other to measure the performance of
the educators. This will ensure that the quality of learning is maintained in a virtual classroom. It is a big step
towards improving educational technology.

This research is an aspect of speech processing that is limited to emotion detection from speech in a
virtual classroom environment, as such, it requires a dataset of audio lessons from this platform for optimum
results. This however is difficult due to some limitations in the education technology that will help in the
capturing of the speeches. We collected the dataset from participants that were willing to give these lessons
from a prepared lesson material, expressing the required emotions in their utterances. The result is promising
and can effectively be integrated into an online learning system.
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ABSTRACT

Speech Emotion Recognition: Application in Distance Learning Education
Dahiru TANKO

Master's Thesis

FIRAT UNIVERSITY
Graduate School of Natural and Applied Sciences

Department of Digital Forensic Engineering

February 2022, Page: x + 53

Affective computing is a branch of artificial intelligence that tries to pass the innate human capabilities
of emotional intelligence to machines to enhance a smooth interaction between humans and computer
systems. Speech emotion recognition is an essential aspect of affective computing and plays a significant role
in designing systems and machines that recognize, analyze, interpret, and simulate human emotional states.
In this project, the concept of speech emotion recognition is being integrated into a distance learning system
to investigate the lecture delivering performance via a distance learning platform. To archive this, the
performance is classified into three categories: interesting, Neutral, and boring, depending on the lecturer’s
emotional state. The project is implemented using intelligent machine learning techniques to recognize and
interpret a lecturer’s emotional state. It is carried out in four major stages of data preprocessing, feature
extraction, feature selection, and classification. Our model adopts a comprehensive feature generation
approach that utilizes a shoelace graph pattern as a local feature generator alongside tunable Q wavelet
transform (TQWT). The best four feature vectors from the feature generation stage are selected and merged
to obtain the final feature vector. After that, we applied an NCA method at the feature selection stage to select
512 most discriminative features. We then perform the classification using the SVM classifier. Our proposed
network performed well, giving us an accuracy of 96.41% when applied on the Turkish dataset and 94.97%
when applied on the English dataset.

Keywords: Speech emotion recognition, Distance learning, Shoelace pattern, Machine learning; Artificial
intelligence.
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OzET

Uzaktan Egitim Uygulamalarinda Konusma Duygu Tanima
Dahiru TANKO

Yiksek Lisans Tezi

FIRAT UNIVERSITESI
Fen Bilimleri Enstitiisii

Adli Bilisim Miihendisligi Anabilim Dal1

Subat 2022, Sayfa: x +53

Duygular1 tanimlama/hesaplama, insanlar ve bilgisayar sistemleri arasinda sorunsuz bir etkilesimi
gelistirmek i¢in duygusal zekanin dogustan gelen insan yeteneklerini makinelere aktarmaya c¢alisan bir yapay
zeka dalhidir. Konugmadan duygu tamima, duygusal hesaplamanin 6nemli bir yoniidiir ve insan duygusal
durumlarimi taniyan, analiz eden, yorumlayan ve simiile eden sistem ve makinelerin tasarlanmasinda 6nemli
bir rol oynar. Bu projede, konusmada duygu tanima kavrami, bir uzaktan 6grenme platformu araciligiyla
performans sunan dersi aragtirmak i¢in bir uzaktan 6grenme sistemine entegre edilmektedir. Bunu arsivlemek
icin performans ii¢ kategoride siniflandirilir: egitmenin duygusal durumuna bagl olarak ilging, N&tr ve sikici.
Proje, bir dgretim gorevlisinin duygusal durumunu tanimak ve yorumlamak i¢in akilli makine 6grenimi
teknikleri kullanilarak uygulanmaktadir. Veri 6n isleme, 6zellik ¢ikarma, 6zellik se¢imi ve siniflandirma
olmak iizere dort ana asamada gergeklestirilir. Modelimiz, ayarlanabilir Q dalgacik doniisiimiiniin (TQWT)
yant sira yerel Oznitelik iireteci olarak bir ayakkabi bagi grafik desenini kullanan kapsamli bir 6znitelik
olusturma yaklasimini benimser. Nihai 6znitelik vektoriinii elde etmek igin 6znitelik olusturma asamasindan
en iyi dort 6znitelik vektori segilir ve birlestirilir. Daha sonra, en ayirt edici 512 6zniteligi segmek igin
Oznitelik se¢cim asamasinda komsuluk bilesen analizi (NCA) yontemi kullanilmistir. Ardindan destek vektor
makinesi (SVM) siiflandiricisimt kullanarak smiflandirmayr gergeklestiriyoruz. Onerilen ydntem iyi
performans gosterdi ve bize Tiirkge veri setine uygulandiginda %96,41 ve Ingilizce veri setine

uygulandiginda %94,97 dogruluk sagladi.

Anahtar Kelimeler: Konusmadan duygu tanima, Uzaktan Egitim, Ayakkabi1 bag: 6riintiisii, Makine
Ogrenmesi, Yapay Zeka
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SYMBOLS AND ABBREVIATIONS

Symbols
a : Signal Scaling Parameter (Low-pass Sub-Band)
B : Signal Scaling Parameter (High-pass Sub-Band)

Abbreviations

ShoePatNet23 : Shoelace Pattern Network 23

SER : Speech Emotion Recognition

NCA : Neighborhood component Analysis

TQWT : Tunable Q-Factor Wavelet Transform

DWT : Discrete Wavelet Transforms

HCI : Human-Computer Interaction

Ed-tech : Education Technology

Acc : Accuracy

SVM : Support Vector Machine

CNN : Convolutional Neural Network

MLP : Multilayer Perceptron

BLSTM : Bi-directional Long Term Short Term memory
HMM : Hidden Markov Model

MLR : Multivariate Linear Regression

GMM : Gaussian Mixture Model

FMLLR : Feature-space Maximum Liklihood Linear Regression
MEDC : Mel-energy Spectrum Dynamic Coefficient
PNN : Probablistic Neural Network

VQ : Vector Quantization

ZCR : Zero Crossing Rate



1. INTRODUCTION

Speech emotion recognition (SER) is the study and analysis of speech signals via a collection
of carefully selected methodologies to detect, process, and classify the embedded emotions in a
speech signal. It is a research area that has seen a rapid increase in research interests due to its
numerous area of applications, most especially, its application in enhancing human-computer
interactions (HCI). Emotion is a conscious reaction subjectively experienced as a strong feeling,
usually directed towards a specific object and typically accompanied by physiological and
behavioral changes in the body [1]. In simple terms, it is a state of feeling. Humans display one
form of emotion or the other at any point in time depending on their inner state or mood. Their
emotional state often determines how they act and react to the people and things around them. It
can be expressed in one’s physical appearance such as in the facial and general body reaction and
can also be embedded in the words we speak. This makes the voice an important means of
communication as it has been shown to not only convey meanings but also emotional state. It is
possible to identify these emotions through spoken words because when a word is spoken, the tone
and the pitch of the sound alongside other speech features convey the embedded emotion in it. It is
evident that when people are happy, they tend to speak differently as to when they are sad, or bored.
Happy is a positive emotion that is characterized by excitation features of speech [2]. Happy voices
are generally known to be loud with considerable variability in loudness, have a high and variable
pitch, and also a higher speech rate [1]. Putting these three features of speech together, we created
a new speech emotion dataset with three different classes namely; positive, neutral, and negative
which is used alongside our novel speech emotion recognition model to classify the lectures which
are delivered via a distance learning platform. Given the emotional state of the lecturer, our model
will be able to tell if the lecture is interesting, neutral, or boring. This is because there is a direct
correlation between one’s emotional state and his reaction to his environment and that emotion
plays a crucial role in conveying ideas during communication [3]. A lecturer in a happy mood gives
a speech with high excitation features and would spark the learning atmosphere and enhance the
students learning abilities. But when the lecturer is bored, his speech has low excitation features
and could impact the learning abilities of the students in a negative manner. Many studies have
been carried out on speech emotion recognition, that detects and classify the basic and complex
emotions using some popular speech emotion datasets and or electroencephalogram (EEG) datasets
[4-8], But this research focuses on the application of speech emotion recognition in distance
learning, we will be focusing on those emotions that are related to academics and that influences
learning in an academic environment. These emotions are called academic emotions.

Research has shown that students’ learning and achievement are greatly influenced by these

academic emotions [9]. This influence has been validated concerning how academic emotions



motivate the students towards learning. For instance, learners are more likely to spend their time
and resources if the learning environment is laden with activities that are enjoyable and interesting
rather than anxiety-laden or boredom-inducing [10]. Students’ interest in learning materials is
triggered and maintained by emotions [11]. Emotions also stimulate the more cognitive aspects of
learning, as they can induce diverse states of information processing and problem-solving in a
learner [12], and influence or hinder students’ self-regulation of learning [13]. The impact which
academic emotions have on students’ performance and achievement is associated with cognitive
and motivational mechanisms such as reasoning resources, learning motivation, and methods of
learning [14, 15]. Positive emotions like enjoyment, hope, and pride certainly possess a positive
influence on motivation, the use of easy learning approaches and self-regulation, and the
availability of cognitive resources for task engagement [13]. As opposed to this, negative emotions
impede motivation and trigger the requirement for the adoption of more inflexible strategies, such
as simple rehearsal and algorithmic procedures. In particular, negative effects such as anger,
anxiety, and boredom are thought to impair cognitive resources and self-regulation [13, 16].

Most studies have implemented SER using deep learning techniques achieving a good level
of accuracy. Since deep learning techniques are known to have computational and time
complexities, we developed a handcrafted method of feature generation technique alongside a
classical machine learning technique for the classification of emotions. Our SER network adopts a
comprehensive feature generation approach that modeled a shoelace framework hence the name
shoelace pattern. It is a local feature generation method that generates low-level features. To further
enhance the feature generation ability of our network, a tunable Q wavelet transform (TQWT) is
applied to decompose the speech signal into sub-bands where the shoelace pattern is used to extract
features from both the raw speech and the sub-band signals. The best four feature vectors are
selected and merged to obtain a final feature vector. Neighborhood component analysis (NCA)
method has been used to select the 512 most informative features which are used in the

classification stage with an SVM classifier to classify the emotions.

1.1. Problem Statement

There has been an increase in the adoption of the distance learning education system among
many learning institutions. However, one major problem faced in this system is how to effectively
measure the effectiveness of the online learning system in other to ensure the quality of learning.

In line with the inquiries into the role of teachers’ emotion, enthusiasm, principles of
teaching, and classroom management in learning , we try to develop an intelligent machine learning
technique that will classify and rate a lesson given in a virtual classroom based on the emotions

displayed by the teachers during the teaching process.



1.2. Purpose

The outbreak of the covid-19 pandemic has opened the door for the wider adoption of
distance learning systems among many learning institutions [1]. As a result, learners are made to
take lectures and learn from the comfort of their homes. This ensures the continuation of learning
in the wake of the lockdown that governments introduced to limit physical contacts among people
to curtail the spread of the covid-19 virus. This has changed the education system dramatically,
with the distinctive rise of e-learning, whereby teaching is undertaken remotely and on digital
platforms. As a result of this, many learning institutions have come to realize other benefits of
adopting the distance education learning system, such as cost reduction (for the students and
management) and convenience in terms of the flexibility it offers. Furthermore, research suggests
that online learning has been shown to increase retention of information, and take less time,
meaning the changes coronavirus have caused might be here to stay. Therefore, these institutions
are likely to continue embracing this learning system either in totality or partially in the post-
coronavirus era. Even before the emergence of the coronavirus, there was already a surge in growth
and adoption in education technology (ed-tech), with global investments in education technology
exceeding eighteen billion U.S dollars as of 2019. The overall market for online learning has been
projected to reach about $350 Billion by 2025. Whether it is language apps, virtual tutoring, video
conferencing tools, or online learning software, there has been a significant surge in usage since
COVID-19.

Hence, there is a need to put in place a measure to ensure the quality of learning via the e-
learning system. One such possible measure is by checking and analyzing the performance of
lecturers or teachers during the lecture. This will help to improve upon to meet the necessary
standards, format, and quality of online courses as well as virtual classrooms. One way to archive
that is to measure the performance of the one presenting the lecture (instructor, teacher, and or
lecturer) In this work we choose to do that by analyzing the emotional state of the lecturer while
giving a lecture or lesson to determine if he displays the appropriate affects that fosters learning
since our emotion at a particular point in time determines or contributes to our mood and can affect
how we interact with others then. given the emotional state, it is possible to tell if the lecture is
interesting or not and if it is neutral. Hence, we will be able to measure the quality of the learning

taking place via these platforms.

1.3. Hypothesis

This research is carried out to verify the hypothesis that, When viewed as a pattern

recognition problem, speech emotion recognition can be implemented using machine learning



techniques to detect and classify embedded emotions in a speech signal, and that it can be
effectively employed in a learning environment to monitor the quality of learning.

1.4. Thesis Structure

The thesis is written and presented in the format below.

Chapter one is an introduction to the study. It is a brief statement about the importance of the
research subject and a brief explanation of the method and the result we obtained.

Chapter two present the studies in the literature that have tried to tackle the same subject
either directly or indirectly. In this chapter, we try to present the results of these other studies as
well as their methods and materials.

Chapter three discuss in detail, the theories behind some popular concepts that were adopted
in this study from speech generation, features of speech, emotions, and how it is related to learning
and cognition. We also talked about voice emotional cues that were employed in generating the
dataset for this research.

In chapter four, we discuss in detail the materials we used for this experiment most especially
the dataset. This is the heart of this project as it explains in detail every aspect of the developed
model. It also explains the algorithms used and some mathematical backing of some theories and
concepts that were employed in the model.

In chapter five, we present the result and findings of our model. We discuss the model
performance on the different datasets that were used using tables and charts.

Chapter six is a conclusion from our experiment and highlights the contribution of our

research to the body of knowledge. And we further put forward a recommendation as well.



2. RELATED STUDIES

The concept of speech emotion recognition has continued to receive attention because of
humans’ quest to develop an emotionally aware machine to make human-machine interaction more
human-like. It has always been the central goal of artificial intelligence to create a system that
models a human in character and appearance. To achieve this level of intelligence, a precise and
complete understanding of human language (both in context and paralinguistic properties) will
always be the core goal of Al. Emotion and cognition are major components of this. therefore
research on speech emotion recognition has gained attention continuously over the last decades.
Some models on speech emotion recognition have been suggested in the past. Tuncer et al [4]
postulated a model for accurate speech emotion recognition tasks. Their model uses a feature
generation technique called the Twine shuffle pattern (Twine-Shuff-pat) and a TQWT technique to
extract high-level features for the classification of emotion. Dias Issa et al [5] in their model used
a deep learning framework. Their model architecture extracts mel frequency cepstral coefficient
(MFCC), Chromagrams, Mel-scale spectrograms feature and uses one-dimensional convolutional
neural network (CNN) for classification. they were able to achieve 95.51% for the berlin database
of emotional speeches (EMO-DB) dataset. Shuzhen et al [17] proposed a spatiotemporal and
frequential cascaded attention network to tackle the challenges of extracting emotional features
from a long utterance. J. Ancilin et al [18] in their work choose to extract a Mel frequency cepstral
coefficients from the magnitude spectrum of the signal instead of the energy spectrum with the
exclusion of discrete cosine transform to extract a Mel Frequency Magnitude Coefficient. After
classifying with SVM, they achieved an accuracy of 95.25% for the Urdu database and 81.50%,
64.31%, 75.63%, for Berlin Database of Emotional Speech (EMO-DB), Ryerson Audio-Visual
Database of Emotional Speech and Song (RAVDESS), and Surrey Audio-Visual Expressed
Emotion (SAVEE) datasets respectively. Qiupu et al [19] proposed a dual-level architecture which
they called dual-attention bi-directional short term, long term memories (BLSTM) for SER. They
also introduced a new data preprocessing technique of linear interpolation and decimation and
tested their model on the interactive emotional dyadic motion capture database (IEMOCAP) dataset
and obtained an accuracy of 70.29%. Londhe et al [20] in their work of speech emotion recognition
on the Indian dataset presented different machine learning techniques to Speech concepts. They
employed the MFCC features from the speech signal and carried out classification tasks with SVM,
Hidden Markov Model (HMM) and artificial neural network (ANN). The SVM classifier performs
better with an accuracy of 90.60% after evaluation with various paradigms in the machine learning
classifier. In a study by Kerkeni et al [21], they presented a Methods and Case Analysis of feature
extraction methods for Speech Emotion Recognition tasks with MFCC feature. They performed the

classification task using SVM and Multivariate Linear Regression (MLR). From the result of their



experiment, the best result was obtained when they combined the mel frequency cepstral coefficient
(MFCC) feature with Mass Spectrometry features, the accuracy was 90%. A neural network of
Multilayer Perceptron is employed in another SER task by Cai et al [22]. They employed the
Gaussian mixture model (GMM), feature-space maximum likelihood linear regression (FMLLR),
and MFCC features. they used multilayer perceptron (MLP) to carry out the classification task. In
Kerkeni et al [23], and Automatic SER Using Machine Learning was proposed that uses MFCC
and Linear Predictive Coding (LPC) as the features for the task. The authors used MLR, recurrent
neural network (RNN), and SVM classifiers of which SVM gave an experimental accuracy of 86%.
The SVM has the advantage that it required a lesser amount of data as compared to RNN. In Pan
et al [24], they presented speech emotion recognition research that utilized SVM as a classifier and
LPCC, MFCC, and Mel Energy Spectron Dynamic Coefficient (MEDC) features. The highest
experimental result from this study is 90% using the combination of MFCC + MEDC -+ Energy +
Pitch features. A probabilistic neural network (PNN) was used by Palo et al [25] for SER. Here the
strategies used are the sub-band spectral to Vector Quantization (VQ) for feature extraction where
VQ is computationally less complex. 90% accuracy was attained with the PNN and it proved to be
the fastest classifier as well ( for this task) and is less complex. Javidi et al [26] presented an SER
study using C5.0, NN, and SVM Classification algorithm. The features used here are Zero cross-
rate (ZCR) and MFCC. The system reached 89% classification precision. The NN improves the
systems’ response-ability to uncertain circumstances. Palo et al [27] put forward an Emotion
recognition study using Multilayer Perceptron and GMM for the Oriya Language. They employed
many speech features alongside MFCC, Perceptual Linear Prediction (PLP), and LPC. After
classification, MLP offers the highest accuracy with 87% accuracy. The combination of PLP and
LPC always yield better result and at the same time fast with a lower frequency of operation. In
another study, Motamed et al [28] came up with an emotion detection model that is based on a
revised brain affective learning standard. It integrates the concepts of the brain computing interface
(BCI). MLP and Adaptive Neuro-Fuzzy Inference Method (ANFIS) were used as the classifiers
with MFCC being used as the feature. MLP attained 84% precision accuracy of a human speech
emotion. ANFIS has found extensive use in many platforms due to its excellent detection,
simulation, and conflict resolution capabilities and has been implemented in many multiple
platforms. In Chiou et al [29], an SVM was adopted and fed with the ZCR and MFCC features of
the speech for the SER task. They achieved 85% accuracy. They also employed Principal
Component Analysis (PCA) for dimensionality reduction. The ZCR feature helps improve the
efficiency of the model. Jacob et al [30] suggested the use of logistic regression (LR) and decision
trees (DT) as classifiers to model an emotion detection system. MFCC features were extracted and
used for the classification. The decision tree gave classification accuracy of 93.63% while the

highest accuracy that was obtained with logistic regression was 73%. Decision trees have less



computational complexities with fewer requirements elicitation or data preparation during pre-
processing in comparison with other classification algorithms. A Comparative Neural Network
Study for SER was conducted by Palo et al [31] using MFCC, PLP, and Linear Prediction Cepstron
Coeficient (LPCC) Vector Quantization (VQ) features. an accuracy of 83% was attained with an
NN whereas MLP achieve an accuracy of 80%. The neural network handled the noise and missing
data present in the data better. The author proposed in another study [32] the use of LPC and VQ
features with a Radial Base Function Neural Network (RBFNN) as the classifier. The study
introduced a powerful combination of design strategies combining the feature sets of (LP VQC and
pH VQC) which increases the mean precision and accuracy to 90.55%. Shagra et al [33] developed
a model for the recognition of emotion from Age- and Gender-based Voice built-in classifiers using
Hierarchical ML Models. EGeMAPS and MFCC have used features. The Hierarchical MLP
Classifier improves the efficiency of the model and increases the accuracy of the model to 74%
after the models are integrated. Prasomphan et al [34] in their research of SER used LPCC and
MFCC spectral features. they carried out a classification comparison with ANN, SVM, and GMM,
in which SVM gave a better prediction accuracy in different circumstances. It gave an accuracy of
85%. Chen et al [35] postulate a classification model for emotion detection systems. In their system,
they employed features and applied an SVM, ANN for classification tasks. Before the
classification, a PCA was used to reduce the dimension of the extracted MFCC features which
improved the model outcome and accuracy. Four different experiments were conducted using a
combination of characteristics and classifiers. But SVM, Fisher combination came out on top with
85.6% accuracy. A Speaker-dependent speech emotion recognition was presented in a study by
Dahake et al [36] using the MFCC feature with an SVM classifier. KNN and HMM classification
algorithms were also used to compare the result with that of SVM. SVM provides 84% accuracy
using autocorrelation and Average Magnetude Difference Function (AMDF) algorithms. To reduce
the computational cost and the complexity of the model, the AMDF values of the speech signal
structure are converted into one-bit signals. In another research by Rajisha et al [37] on Malayalam
Language Emotion Detection Framework for performance analysis using ANN and SVM
classifiers. They also used the MFCC features and the pitch. The result analysis indicates that
emotion detection with ANN vyields a higher accuracy (88.4%) as compared to SVM. ANN models
how the human brain functions as the basis for designing algorithms to model dynamic patterns
and predictive problems dividing the audio into a segment of small frames thereafter detecting the
pitch at each frame. Pan et al [24] proposed a study of SER using an SVM classifier in combination
with various features like FO, ZCR, LPC, and MFCC. The MFCC has the best consistency in giving
the best accuracy with linear kernel on all databases. It achieved 89.80%, 93.57%, and 98%
accuracy on Berlin, Japan, and Thai emotion repositories respectively. It also gave an accuracy of
71.8 And 88.7% for the qualified and test data collection in RBF(Kernel). The SVM is useful in



conditions where the number of measurements is more than the number of samples and is relatively
stable in the memory. Yu et al [38] presented an SER model using an Optimized SVM classifier.
MFCC feature is employed for this task. RBF kernel functions were used to get the Optimized
SVM, which provides 88.75% accuracy. SVM classifier is very useful in a high dimensional space.
Chenchah et al [39] presented a speech detection task in a noisy atmosphere. Spectral conditions
Subtraction, wavelet transforms and Minimum Mean Squared Error (MMSE) and MFCC features
were used with HMM classifier. The technique discards the comparison of error rate with SER
additive noise.

In a study by Likitha et al [40] on human Speech emotion detection with an MFCC feature
of the speech. The classification algorithm of SVM and HMM was used. This model gave a
recognition rate of 80%.

Kamaruddin et al [41] proposed a model for analysis of driver behavior through speech
emotion detection. The feature used here is MFCC and the classifier is an MLP classifier. Adaptive
network-based fuzzy interface system, Generic Self organizing of fuzzy neural networks were
integrated into the classifier during implementation. 70% accuracy was obtained. Bandela et al [42]
presented a study on Stressed speech emotion recognition. A GMM learning algorithm was used
as a classifier with T-MFCC, 93.3% prediction accuracy was attained which is comparatively better
than the MFCC feature. Iliou et al [43] introduced Comparative Analysis of SVM-MLP-PNN
classifiers for Speech Emotion Recognition. Here the MFCC, Pitch are used as features to the
classifiers. This analysis shows that PNN has a better accuracy of approximately 94%. Peerzade et
al [44] proposed a study of SER. Tactic and SVM is one of the better classifiers than MLP. SER
application is in demand in the area of Psychological diagnosis, robotics, mobile speech recognition
technology, emotion identification in call centers, voice mail delivery, which are few mentioned
here. In Khanchandani et al [45] they proposed an emotions identification model using MLP and a
generic feed-forward neural network. The purpose of the MLPNN is to extract prosodic features
while GFFNN is used for classification. The following overall accuracy was achieved with
MLPNN, 93%; and GFFNN, 90%. In Reddy et al [46] a model was presented that is a fusion of
many algorithms. They utilized MFCC, DWT features, and KNN, SVM classifiers. The
performance of the model was greatly improved when approximating the frequency of time
information to 94%. The Fusion-based algorithm gave a good performance for this task.

Studies have also been carried out on the application of affective computing in the distance
education system. Most of the studies however focus on the emotional state of the learner. Maryam
Imani et al [47] presented a survey of SER in an e-learning system where they compared different
emotion recognition methods. Ken Chen et al [48] present a study on speech emotion recognition
in e-learning based on eight different emotions using a neural network. They achieve 50%

classification accuracy. Arindam et al [49] present a study on the implementation of an effective e-



learning strategy based on biophysical signals of facial expression for the detection of learner’s
emotions. Cen, Ling et al [50] postulate an SER model that explored emotion recognition from
continuous speech to come up with a real-time speech emotion recognition system. Their SER
system comprises voice activity detection, implemented fully using machine learning techniques
that incorporate speech segmentation, speech signal pre-processing, feature generation, emotion
classification, and statistical analysis of affective frequency. They tested their model with both pre-
recorded datasets and real-time recordings conveyed in four distinct affective groups. They

achieved average accuracies of 90% and 78.78% in the two experiments, respectively. headings



3. THEORETICAL BACKGROUND

This section describes the theories behind the different concepts that have been used in this

research.

3.1. Speech Signal

Speech is a human vocal communication that uses phonetic combinations of vowel and
consonant to form a sound of words[1]. It is created at the vocal cords, travels through the vocal
tract, and is produced at the speaker’s mouth. It gets to the listener’s ear as a sound wave which is
then decoded by the listener based on the semantic and syntactic characters of the words. The voice
or vocal signal constitutes a particularly important means of communication. Vocal signals have
been shown to convey not only relatively enduring features like age and gender but also a wide
range of transitory states such as health and power [51]. It has been proposed that the human voice
also conveys emotional states, each characterized by a unique acoustic profile[52-54]. During
communication, speakers perform many different intentional and unintentional speech acts, e.g.,
persuading, asking, informing, declaring, directing, and can also use enunciation, intonation,
degrees of loudness, tempo, and other non-representational or paralinguistic aspects of vocalization
to convey meaning. In their speech speakers also unintentionally communicate many aspects of
their social position such as sex, age, place of origin (through accent), physical states (alertness and
sleepiness, vigor or weakness, health or illness), psychic states (emotions or moods), physio-
psychic states (sobriety or drunkenness, normal consciousness, and trance states), education or
experience, and the like. When a listener hears this sound, he/she synthesizes this sound to extract
this information through active thinking as the speaker must draw upon past experiences with the
speaker symbol and paralinguistic agents to align his thinking with that of the speaker[55] in other
to gain a true perception of the message being passed across. It is very important to learn from our
perception of speech sound in other to be able to develop systems or machines that truly understand
human language. Speech is perceived as an audio signal which is a form of sound with a frequency
range between 20 to 20,000 Hz that corresponds to the lower and upper human hearing limit. It is
an analog signal and also requires processing for a speech-related task as most of these tasks require
signals in a digital state. Speech signal processing is, therefore, regarded as a special case of signal

processing

3.1.1. Features of Speech

Every speech processing application employs certain properties or features of speech signals

in other to achieve its target goal. Audio features are the characteristic of sound or an audio signal



that can be extracted and fed into statistical or machine learning algorithms to build intelligent
systems. Audio classification, speech recognition, automatic music tagging, audio segmentation,
and source separation, audio fingerprinting, audio denoising, music information retrieval, are some
of the audio applications that use such features include and more. Audio features are predominantly
categorized based on: level of abstraction, temporal scope, musical aspect, signal domain, and
machine learning approach. These all encapsulate the statistics of sound.

Level of abstraction: This is an audio feature categorization method that applies to musical
signals and not on every audio. The audio is categorized into (i) high-level, (ii) mid-level, and (iii)
low-level signals.

Temporal aspect: This audio feature categorization method applies to all audio signals and
not just musical audio. It categorizes features into (i) instantaneous, (ii) segment level, and (iii)
global.

Musical aspect: This categorizes audio features based on acoustic properties that include
beat, rhythm, timbre (color of sound), pitch, harmony, melody, etc.

Signal domain: It is the most useful signal categorization method for performing machine
intelligence tasks. It categorizes features into (i) time-domain features,(ii) frequency-domain
features, and (iii) time-frequency domain features. The signal domain features consist of the finest
or rather descriptive features for all kinds of audio signals.

As stated above, signal domain features are the most essential features for audio processing
for machine learning tasks. There are two major categories of the signal domain features, these are
temporal and spectral features. They both carry unique information about the speech signals and
can be retrieved to aid the proper analysis of speech signals.

Temporal Features: These refer to those features of the speech signal that are retrieved in
the time domain. They have a simple physical representation and are very easy to extract because
they are usually extracted from the waveform of the raw audio. Some of the time domain features
are zero-crossing rate, signal energy, amplitude envelope, minimum energy, etc.

Spectral features: These are features of the speech signal in the frequency domain. They are
obtained after the transformation of the signal from the time domain to the frequency domain using
a signal transformation method such as Fourier transform. Examples include band energy,
fundamental frequency, frequency components, spectral centroid, spectral flux, spectral density,
spectral roll-off, etc. These features can be used to identify the notes, pitch, rhythm, etc.

Time-frequency features: These features combine both the time and frequency components
of the audio signal. The time-frequency representation is obtained by applying the Short-Time
Fourier Transform (STFT) on the time domain waveform. Spectrogram, Mel-spectrogram, and

constant-Q transform are examples.
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3.2. Emotion

There has not been an agreed-upon definition of emotion in the literature due to its complex
and ambiguous nature[56, 57] despite several attempts by researchers to truly understand what it
means. Though synonymous, it is often mistaken to mean the same thing with affect, feeling, and
mood. And “Mood” is often subtler, long-lasting, less intensive, more in the background, giving
the affective state of a person a tendency in a positive or negative direction [58]. The concept of
emotion applies to all aspects of human existence[59], and its study has been on for centuries[12].
A comprehensive understanding of emotion is very vital in social psychology[60], and in artificial
intelligence, as humans try to develop emotionally aware machines and systems. Furthermore, the
recent emergence of cognitive neuroscience as an inspiration for understanding human cognition
has highlighted its interaction with emotion[61, 62]. Though the definition of the concept of
emotion might be quixotical, it will be very important to include the component of subjective
experience, accompanying physiological responses, behavioral expression, and consequences[59].
Therefore, the term emotion can be referred to as a conscious reaction subjectively experienced as
a strong feeling which is directed toward a specific object[63], typically accompanied by
physiological and behavioral changes in the body. Simply put, it is a mental state of being. Several
works in the literature have explored different ways in which emotionally valenced information can
direct or influence attention[64-66], and influence decision processes[67]. Some researchers view
emotion primarily as a psychobiological phenomenon[68] while others view them as primarily

psychological[69], hence the concept varies from researcher to researcher.

3.2.1. Classes of Emotion

Despite the universality nature of affective states, there exists a constant argument over the
concise nature and the number of basic emotions exhibited by humans. Some literature categorizes
the basic emotions into five[70], others categorize them into six [71], and some categorize them
into seven[72]. Darwin in his evolutionary work on emotion as a means of adaptation for survival
was perhaps the first to systematically identify and categorize a comprehensive range of basic
emotions in connection to the primitive instincts of survival[72]. His classification included over
thirty different emotions that were further categorized into seven groups, merging similar emotions
[73]. Since then, several emotion researchers have agreed on the existence of two types of human
emotions: Primary and Secondary. Primary emotions are evoked by a stimulus, e.g., fear in sudden
noise. Secondary or social emotions such as embarrassment, jealousy, guilt, pride are those that
arise later in an individual’s development when systematic connections are identified between
primary emotions and categories of objects and situations [74]. Though the precise number of the

basic emotion might be a subject of debate, the most and easily recognizable affective states, that
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influences the categorization of other affective states are Happiness, Sadness, fear, anger, disgust,
and surprise: as agreed upon by most researchers based on Darwin evolutionary work and are
regarded as universal emotion since they cut across different cultures.

Some researchers came up with a different approach to classifying emotions, different from
the conventional method of labeling. One of these approaches profers solutions towards the
quantification of emotion in a dimensional space. An example is a circumplex model of emotional
categorization in a spatial domain[75] deploying valence and arousal dimensions instead of emotion
labels, projecting the user’s affective state in a two-dimension emotional space. Another approach
is one that referred to several indicators that identify the quality of an effect that are mostly used to
measure emotions[76]:

« Arousal (activating/deactivating)

» Valence (positive/negative)

* Intensity (high—low)

* Duration (long-short)

* Frequency of its occurrence (frequent—occasionally)

« Time (retrospective like relief, actual like enjoyment, prospective like hope).

There is also an approach that perceives emotions as a state which are specific to a situation
versus trait (apply to a broader context) that follow three different categories[77]:

« Core affect (moods like feeling blue),

» Emotional episodes (state emotions like sadness), and

« Affective tendencies (trait emotions like being depressed).

3.2.2. Emotion and learning

There is an increasing interest in and knowledge about the relationship between emotion and
learning. There is rarely a learning process without emotions [76]. The concept of the significance
of the close relationship of learning and emotion has already been pointed out by the early Greek
philosophers like Aristotle, by renowned psychologists like Wilhelm Wundt and by pioneering
educators like Maria Montessori, therefore, it is not at all new. Despite the glaring relationship
between learning and emotion, not much is known about it. For a long time, learning was mainly
analyzed in terms of cognitive or motivational aspects. Many learning theories have failed to
acknowledge the affective processes for a long period. To gain a deeper insight into the complex
area of learning they focused on cognition only. To answer the basic questions of how and why
emotions influence the learning process, The interdependency of learning and emotion has to be
analyzed theoretically and further investigated empirically. Several theories hold at least some
empirical evidence [76]. The majority of these theories are deducted from an experimental study

on mood induction, which studied the effects of mood on information processes. Mood induction
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is a process of inducing a subject with a pleasant and unpleasant emotion for some time. This can
be achieved by using personal memories, or by being confronted with positive or negative
information, or by experiencing a positive or negative situation, and so on.

1. One of the most referenced theories of emotion and learning is called ‘mood-
congruence-hypothesis’: It is based on the idea of cognitive networks of the brain [78]. This
hypothesis predicts that mood congruence fosters cognitive processes based on the organization of
our brain. A positive mood like enjoyment boosts the remembrance of Positive information (such
as feedback after a successful test) than in a negative mood (like sadness); negative emotions on
the other hand enhance the remembrance of negative information such as finding you have failed
an exam. The architecture of our brain plays a major role in the power of congruence because the
brain is organized by associations and semantic similarities: the closer is the location of the
information and the easier the activation, the more similar and the stronger the association.

2. Schwarz (1990) The second theory suggested is the theory of “mood as
information” which is based on the informative ability of a mood [79]. According to the theory, the
important point is the variety of information that is embedded in the mood of a learner. Positive
signifies the presence of positive characteristics in a situation while negative mood signals negative
elements. Like a ‘How-do-1-feel?” heuristic, a person interprets their mood and reacts positively in
a positive mood and aversively in a negative mood.

3. The integration of the effects of the two theories above brought about the formation
of the hypothesis of ‘mood-dependent cognitive styles’. It proposes that a positive mood indicates
a pleasant and safe environment: a kind of environment that offers optimal preconditions for holistic
and creative thinking as it enables open-mindedness.

To analyze the functions of emotions for school learning, a contextual shift from
experimental research in laboratories to the classroom is necessary, as well as to connect the results
from mood research to school research. What can be learned from mood research for school
learning? The general message is that the fact that there are no simple effects of mood urges us to
look into details. It encourages us not only to focus on learners' moods and learning outcomes but
also to look at processes. The processes, in this case, are regarded as mediator variables, they tend

to stimulate motivation in a learner. Figure 3.1 below presents some common mediator variables.
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Figure 3.1. Effect of mood and emotion on school learning

The teacher’s mood can evoke the learning mood in students during the process of learning.
A negative impulse from a teacher might be more influential than a negative impulse from a
learning topic. The concept of these academic emotions has been examined for almost two decades
[16] and is presented in table 3.1. From the findings in this research, positive emotions foster all-
inclusive, creative ways of reasoning. Harmful effects can only come to play when the students are

in a state of that positive emotions but have less interest in the topic of discussion.

Table 3.1. Academic emotions

Valance
Activation Positive Negative
Activating Enjoyment Anxiety
Hope Anger
Pride Shame/Fault
Deactivating Relief Boredom
Hopelessness

In their circumplex model of learning, Kort et al [80] have suggested a four-quadrant model that
has six possible emotion axes: anxiety-confidence, ennui-fascination, frustration-euphoria,
dispirited enthusiasm, terror-excitement, humiliated-proud: that may arise in the course of learning,
relating phases of learning to emotions. This is depicted in the Figure 3.2 below. hence, “A typical

learning phase includes a variety of emotions, cycling students around this four-quadrant cognitive-
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emotive space as they learn. It is very useful to recognize that a range of emotions occurs naturally
in a real learning process, and it is not simply the case that the positive emotions are the good ones.
The negative half is an inevitable part of the learning cycle.

Constructive learning

confussion .

Investigate
negative affect I ' Positive affect
1 - > 41
11 v

frustration
Fresh research
v
Un-Learning

Figure 3.2. Learning Cycle model

3.3. Emotion Detection

There are two different approaches usually followed in emotion research: The information
processing approach and the interactional approach [81]. This research follows the information
processing approach that treats emotion as an entity similar to information that is communicated
from one person to another. This is because, whenever we speak, our speech is directed towards a
person or group of persons, and is always accompanied by a specific emotion. The listener
perceives this emotion according to the level of its excitation. With regards to this approach,
Scherer et al [82] has classified emotion research into three major schools:

1. The basic emotion (patterns are equivalent to basic emotions that are universally recognized
e.g. fear, love, anger, happiness),

2. The emotion dimension (quantifies emotion using various dimensions, e.g., arousal, valence,
intensity, etc.), and

3. The eclectic approach (use of verbal labels that seem appropriate to the aims of a particular
study e.g. academic emotions).

Irrespective of the emotional school, emotion detection aims to retrieve an embedded class
of emotion from a speech. In line with the above emotion theories, several tools have been
developed and certain approaches adopted to capture the affective state of a user. In the sections
that follow, is a review of different tools and methods used to capture the respondent’s emotional

state. In our analysis, we adopted the criteria in Feidakis [83]: based on the criteria, the tools found
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in the literature to capture the user’s emotion signals or affective state can be grouped into three
areas: Bio-physiological, MotorBehavioural, and Self-Report:

o Self-Report: the use of a pictorial scale or verbal scales, and questionnaires for 1st person,
subjective report

¢ Bio-physiological: Capturing biomedical signals such as electromyogram-EMG,
electrodermal activity-EDA, electrocardiogram-EKG or ECG, electrooculogram-EOG,
blood volume pulse-BVP, etc through the use of sensors.

e Motor-Behavioural: monitoring or recording of motor-behavioral activities such as voice
intonation, facial expressions, body posture, sentiment analysis of text input, mouse and
keyboard logs, etc.

There is not a substantial measurement tool that fully qualifies all these design requirements.
Take self-reporting for instance, it is the only way to measure a user’s subjective feelings. But users
are often hesitant to divulge their inner feelings to researchers to avoid embarrassment [84]. Self-
reporting is also considered to be intrusive, usually interrupting the learning process. The bio-
physiological tools on the other hand are good means of collecting emotional information, but they
are generally more expensive and time-consuming. The best tool for this research is the motor-
behavioral tools to capture the motor-behavioral activities especially voice intonation and other
voice properties needed. This way we analyze the voice to detect the embedded emotion. Another
way is to carry out a sentiment analysis of text input, however is a very difficult natural language
processing(NLP) task applying an information retrieval approach [85]. Another strategy of text
analysis is the application of supervised learning and classification algorithms, such as support
vector machines [86] or latent semantic analysis [87], to develop statistical models for identifying
the emotional content of texts [88]. The setback with the supervised learning approach is its
requirement for relatively large quantities of manually tagged samples [89].

The third type of strategy is based on the use of the affect dictionary that contains a dictionary
of words with a reasonable portion of affect in the language that is being analyzed. These words
may act as ‘triggers’ for expressions of emotion. The recovery of such expressions of emotion can
be enhanced using lexico-semantic resources like WordNet [90] and multilingual linguistic
resources like FreeLing [91]. These tools originate from Clinical Psychology and employ verbal

and non-verbal descriptions of emotions. Usually, they are cost-free or inexpensive.

3.4. Speech Emotion Recognition

There are different ways through which humans communicate. However, the speech signal
is one of the fastest, reliable, and most natural means through which humans communicate.

Therefore the speech can be a fast and efficient method of interaction between humans and
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machines. Speech emotion recognition (SER) is the study and analysis of speech signals via a
collection of carefully selected methodologies to detect, process, and classify the embedded
emotions in a speech signal. It is a branch of affective computing that aims to pass the human
capability of emotional intelligence to machines in other to aid human-machine interaction (HCI).
The expression of emotion has a significant role in complex social communication. When humans
communicate, there is always one form of emotion or the other embedded in their speech. The
emotions expressed during speech are most times expressed in the vocal characteristics and vocal
interferences of the speech sound which are two classes of paralinguistic properties. Each of the
characteristics that are found in the two paralinguistic categories carries an emotional cue that is
explored during a speech emotion recognition task to detect the embedded emotion in the speech.
SER is simply a technique that can recognize emotions in a speech. An abstract conceptual baseline
architecture of a generic system that is capable of recognizing emotions in speech is composed of
several processes and elements as presented in Figure 3.3. below. Speech emotion recognition is a

pattern recognition task that just like many machine learning tasks compose of data processing,

. N
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Figure 3.3. Speech emotion recognition framework

There are three steps in the general architecture of a Speech Emotion Recognition (SER)
system. This architecture is shown in Figure 3.4.

a) A speech processing system that extracts some suitable features from the speech signal,
such as pitch or energy, etc. This step is called the feature extraction or feature generation step.

b) The second step involves the summarization of these generated features into a reduced
set of features with the help of a feature selector. It is called the feature selection step.

¢) The third step utilizes a machine learning classifier that learns in a supervised manner with
example data how to associate the features to the emotions. A deep-learning algorithm can also be
used to detect the type of emotion associated with a feature. This step is called the classification

step.
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Figure 3.4. SER architecture

Both spectral and prosodic features are suitable for speech emotion recognition tasks because
both of these features hold the affective information. The potential features are generated from each
speech utterance for the computational mapping between emotions and speech patterns. The
selected features are then used for training and testing by using any classifier method to recognize
the emotions. The ER model of the training and validation of the training model is depicted in
Figure 3.5.
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Figure 3.5. Training and validation of ER models
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3.4.1. Application of Speech Emotion Recognition

The application of machine intelligence in the sub-domain of audio analysis is growing very
rapidly. It improves the functionality of digital systems and machines. For example in virtual
assistants such as Amazon’s Alexa, Apple’s Siri, and Google Home, are systems that perform
critical artificial cognition tasks from audio data. Speech emotion recognition is also highly adopted
in other fields as well. In customer service, for example, SER is integrated into the system to be
able to recognize the affective state of the customers and adapt their responses accordingly [92-94].
It also finds application in robotics where it is used in the design of intelligent household robots
[95]. Speech emotion recognition also plays an important role in medical psychology to aid the
treatment of psychiatric patients. It also finds application in defense and security, especially in an
investigation process where it aids the interrogation process after a crime is committed.

SER also finds intensive application in educational settings where it is integrated into the
educational system to improve learning. In this case, it is utilized to build an interactive learning
platform to make learning easier. The application is an educational setting, however, is mostly
focused on recognizing the affective state of the learning or user to adjust the learning material that
will enhance the learning ability of the learner. In this work, we focus on the application of speech
emotion recognition in distance learning where we try to detect the emotional state of a teacher or
a lecturer during the process of teaching.

The detection of a lecturer’s emotion is also important because it plays a major role in
enhancing the learning process for the students. Teachers are regarded as the most significant figure
of any educational institution, and their enthusiasm is very important for students in the classroom.
In line with the inquiries of teacher enthusiasm, principles of PP, and classroom enjoyment [3].
Teaching is an occupation that requires a reasonable level of emotional labor. It requires a lot of
effort in planning and control. Teachers need to express organizationally desired emotions during
the process of teaching. An unpleasant emotional classroom atmosphere can have considerable
implications for students learning, school climate, and quality of education in general.

The method we used is generic and can be extended to emotion detection tasks in any kind

of settings giving the proper datasets.

3.4.2. Data Acquisition for SER

There are many speech processing tasks and each of these tasks requires a suitable dataset
for the effective functioning of its model. A speech emotion recognition is not an exception as it
requires a dataset that comprises speech utterances that have different kinds of emotion embedded
in them. Many existing datasets have been extensively used in speech emotion recognition tasks
such as the Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS),
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Interactive Emotional Dyadic Emotion Capture Database (IEMOCAP), Database of German
Emotional Speech (EMO-DB), Acted Emotional Speech Dynamic Database (AESDD), etc. For
this research, we will be collecting a new dataset that embeds the different kinds of emotions that
are required for our work. The sub-sections below describe the emotions and the vocal cues that
comprise these emotions in our bid to collect a very sound dataset. The dataset for this task should
comprise of emotions that are relevant in academic settings, so they are called academic emotions.

3.4.3. Academic Emotion Dataset

Every speech processing application employs certain properties or features of speech signals
in other to achieve its target goal. speech is part of a multichannel system involved in conveying
emotion. Understanding how it operates in that context requires suitable data, consisting of
multimodal records of emotion drawn from everyday life. It is assumed that there exist several
guantifiable vocal parameters that reveal the affective state an individual is experiencing at a
particular moment (or expressing for strategic purposes in social interaction). There is a large
amount of truth in this assumption, given that most emotional states involve physiological reactions
(e.g., changes in the autonomic and somatic nervous systems), which in turn modify various areas
of the voice production process. For instance, the muscle tension is increased and a noticeable
change in breathing occurs when aroused with anger. This influences the vibration of the vocal
folds and vocal tract shape, affecting the acoustic characteristics of the speech, which in turn can
be used by the listener to infer the respective state [96]. Speech contains nonverbal elements which
are referred to as paralanguage e.g Voice quality, Speech rate, pitch, volume as well as other
prosodic features such as rhythm, intonation, and stress. These elements are used to modify
meanings and often convey relational information such as feelings and emotions. Humans can
easily understand these emotions during communication. The recognition rate improves with an
increase in age. From research[97], it was found out that children overall can identify the emotional
sounds with an average accuracy of 78.1% for the younger children and 83.9% for the older children
[97]. This level of performance is much higher than would be expected by chance in a four-way
forced-choice task (approximately 25%)

To test our proposed model of ShoePatNet23, two SER datasets were collected during a
lecture process. The difference between these datasets is the languages used. In the first and second
speech datasets, Turkish and English languages were used respectively.

In other to obtain a dataset that is suitable for this particular task of lecturer’s emotion
recognition in a distance learning education system, we decided to collect our dataset. To collect
this dataset, we consider another class of emotional labels that have a direct correlation with a
typical interactive learning atmosphere. During a learning session, the lecture could be boring,

interesting, and neutral. These states are often influenced by the level of expressiveness of the
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teacher. How clear is the message, what is the excitation level of his speech? these and many others
are greatly influenced by the lecturer’s emotional state. Furthermore, because the different classes
of emotions could be grouped into negative, positive, and neutral, we combine this knowledge to
come up with a new label of educational or academic emotions: Positive, negative, and neutral.
Each of these affective states creates a different kind of learning atmosphere and therefore
influences learning differently. So, in collecting the dataset we consider the different characteristics
of the presented emotional states. What features of speech constitute positive, negative, and neutral
emotional states. To do these, we consider the paralinguistic features (especially the vocal
characteristics) such as and the prosodic features such as rhythm, intonation, and stress. Experience

the emotional labels.

3.4.4. Voice Emotional Features

The expression of emotion in the voice can be analyzed at three different levels: The
physiological level (e.g., describing nerve impulses or muscle innervation patterns of the major
structures involved in the voice-production process), the phonatory-articulatory level (e.g.,
describing the position or movement of the major structures such as the vocal folds), and the
acoustic level (e.g., describing characteristics of the speech waveform emanating from the mouth).

At the moment, the majority of the current measurement methods that are employed at the
physiological and phonatory-articulatory levels are rather obtrusive and need specialized
equipment as well as a high level of know-how. In contrast, acoustic cues of vocal emotion
expression can be acquired objectively, economically, and discreetly from recorded speech, and
permit some suggestions about voice production and physiological elements. Hence, acoustic
measurement of voice cues is perhaps the best method since it holds the greatest promise for
interdisciplinary research on emotional speech, even though it requires basic training in voice
physiology and acoustics but still does not need special equipment.

In the study of vocal cues, Voice cues are usually divided into those related to:

@) Fundamental frequency (FO, relates to the perceived pitch),

(b) Vocal perturbation (short-term variability in sound production),

(© Voice quality (a correlate of the perceived ‘timbre’),

(d) Intensity (a correlate of the perceived loudness), and

(e) Temporal aspects of speech (e.g., speech rate), as well as various combinations of

these aspects (e.g., prosodic features).

It is beneficial to determine the different voice descriptors that exist in different emotions
that can be used to infer from the voice the affective state of the speaker. Voice production is
however complex and poses a challenge to the effective detection of these voice profiles. Several

factors lead to these complications that mare the search for voice cues, for example, interactions
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between unprompted and strategic expression, important variations within particular emotion
families (e.g., hot vs. cold anger), individual differences among speakers, and also the verbal
content. Unsurprisingly, many studies commonly highlight the inconsistent data regarding vocal
cues to specific emotions. Some studies had gone ahead to propose that arousal is the only vocal
cue embedded in a voice because overall arousal (such as high fundamental frequency FO and fast
tempo) is the most agreed upon voice element. There is, however, considerable proof that voice
cues can differentiate affective states beyond the simple aroused/sleepy (arousal), and
pleasant/unpleasant (valence) affective dimensions of activation.

Many works in literature employed emotions displayed by professional actors, but the
important question is to what extent does such portrayals deviate from the natural expressions. This
guestion is yet to be completely answered because just a few researchers have attempted to make a
direct comparison between the two types of speech samples. Furthermore, most studies always
focus only on a few basic emotions, while neglecting more complex emotions. Hence, much of the
pertinent work on emotion differentiation in the voice remains to be done [98].

There is a collective understanding regarding the relevance of evolutionary methods to an
understanding of emotional speech, but most of the works done so far are theoretical in approach
[99]. Many proposed affect theories do not make explicit and detailed predictions regarding the
specificity of the affective states embedded in an emotional speech, but they can be expected to
differ in terms of whether only dimensions like valence and arousal or distinct primary emotion
classes are presumed to be vocally differentiated. Component appraisal theories predict that
emotional speech will convey also finer nuances that reflect the precise cognitive appraisals and
consequent action tendencies that underlie each emotion. One emotion theory that has been widely
accepted so far and which has received preliminary support in some studies is the work of Scherer’s
in 1986 [100] component process theory[101]

Emotion in speech is a communication system that has several parts:

1. The encoding (which is the expression or portrayal of the emotion by the speakers)

2. the acoustic cues (e.g., sound intensity) that convey the embedded or proposed
emotion,

3. The perceived loudness (which is the proximal perception of the cues by the
listener)

4. The decoding (which is the inference about the expressed emotion by the listener)

A comprehensive understanding of these parts is very important for a thorough
understanding of speech emotion, although it is okay to research any part, per Brunswik’s lens
model [98].

Several studies have explored emotion cues from voice cues in listening test experiments.

The participants in the experiments were asked to guess the emotions embedded in samples of
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speech using response formats such as forced-choice, quantitative ratings, and free labeling. To
determine a specific voice cue used in the expression of a particular emotion, different content-
masking procedures like low-pass filtering were employed [99]. The sole purpose of the content-
masking methods is to disrupt or degrade individuals during the analysis of the voice signal. Juslin
et al [102] in the year 2003 presented the most extensive review to date on vocal expression. In
their work, they studied 39 vocal expressions, featuring 60 listening experiments were included in
a meta-analysis of decoding accuracy based on forced-choice judgments. Within-cultural and cross-
cultural studies were included in the meta-analysis, and both portrayed and natural expressions.
From the results of the analysis, the overall decoding accuracy for within-cultural expression was
equal to a score of 70% correct in a forced-choice task with five feedback alternatives. Decoding
accuracy was 7% higher for within-cultural than for cross-cultural expressions.

The result from the studies in the preceding section suggests that the type of speech sample
used plays a major role in the estimates of decoding accuracy. Three different samples of voice
have been used in previous research:

1. Emotion is displayed by professional actors in a controlled environment such as a
laboratory or studios, encouraging experimental control and ensuring strong effects on voice cues
but raising doubts about ecological validity.

2. Real-time capturing of vocal expressions in a natural environment or from reality
media broadcasts. Ecological validity can be expected to be high (at least for unobtrusive
recordings) but it is difficult to determine what emotional state is felt or portrayed by the speaker
(often inferred from situational cues).

1. The third category is the experimentally induced emotion expressions in the
laboratory which combines experimental control with the possibility of obtaining spontaneous
emotion expressions. The induced affective states are often weak and unspecific.

The following are beneficial for obtaining emotion differences in a speech study:

a. analysis of a large number of voice cues,
b. precision in the labeling of the affective states expressed, and
C. a proper research design based on explicit predictions.

In particular, it seems important to go beyond single measures of the most common voice
cues (e.g., FO, speech rate, intensity), which may involve similar cue levels for different emotions.
Furthermore, it appears necessary to control for the emotional intensity, which may affect voice
cues in a differential manner.

The details of these speech corpora are given in the next section
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4. MATERIAL AND METHOD

4.1. Dataset

The dataset used for this task is collected for speech emotion recognition in a distance
learning environment for the detection of lecturers’ emotions. The dataset comprises three emotions
which are positive, negative, and neutral which correspond to those emotions that make a lecture
either interesting, boring, neutral respectively. In collecting this dataset, the participants were
ensured to induce the different classes of emotions in their utterances using the understanding of
voice emotional cues from the preceding sections to record interesting, boring, and neutral lectures.
The emotional cues that were used mainly for the collection of the dataset are the Speech Rate,
Pitch, and Tone of the voice. The explanations of the different classes are given below.

Interesting Lecture: An interesting lecture is usually characterized by positive emotions
which have a high excitation level. The interesting speech comprises utterances with a high speech
rate, high and lively tone, and a high pitch.

Boring lecture: A boring lecture is usually characterized by negative emotions with low
excitation levels such as sadness, anxiety, and boredom. It comprises speech utterances with a very
low speech rate, low pitch, and low tone of voice.

Neutral Lecture: A neutral lecture is somewhere between interesting and neutral. The lesson
iS neither interesting nor boring.

The dataset is collected in two different languages. The explanation of each of the corpus is

given below.

4.1.1. Turkish Speech Dataset

In this work, a new SER dataset is collected and this dataset consists of 7101 sounds with a
length of five seconds. The sounds are collected from variable mobile phones and these mobile
phones have a single channel. These speeches are collected from 18 lecturers (8 females and 10
males). The collected speeches were stored as acc, m4a, mp3, mp4, Ogg, and AMR formats. There
are three categories and in this dataset and these categories are named negative (-1), positive (+1),
and neutral (0). We used a fixed lecture note for collected this dataset and this lecture is a Turkish
digital forensic lecture. More than 10 minutes of speech recording for each emotion was taken from
each lecturer. The collected speeches were divided into five-second pieces and these pieces consist
of our observations. In this dataset, there are 2473 negative (-1), 2231 neutral (0) and 2397 positive
(+1) speech observations. The distribution of the collected dataset per the categories is shown in

Figure 4. 1.
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Figure 4.1. Distribution of the collected data

4.1.2. English Speech Dataset

The dataset was collected from a total of 45 speakers which comprises 15 females and 30
males. The speakers are within the age range of 24 to 42 years. The audio file has an average length
per sound of eight minutes. The dataset was collected from these speakers while they were giving
a lecture from a prepared lecture slide on digital forensics. Each speaker was made to give the
lecture in three different affective states of interesting, boring, and neutral which forms the three
classes to be used in classifying a lecture delivered via a distance learning system. The audio files
were recorded using a mobile phone and were collected in five different formats of MP4, MPEG,
AAC, OGG, and M4A. The interesting class has a total of 44 sounds and the neutral class has a
total of 47 sounds while the boring has a total of 43 sounds. The table below gives the summary of
the dataset.

Table 4.1. Dataset Summary

SOUND MP4 MPEG AAC 0GG M4A
FORMAT
No. of 45
Speakers
No. of 15
Female Speakers
No. of 30
Male Speakers
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Average 8 minutes
length per sound
No. of 3: Interesting, Neutral, and Boring
Class Labels
Number Interesting/positive: 3446
of observations Boring/negative: 2865
with a length of 5 Neutral: 3230
seconds Total: 9541

Table 4.1 above provides a detail summary or explanation of the collected dataset for the

experiment.

4.2. The Proposed Method

A new effective speech emotion recognition model is presented in this research. This model
is implemented using a shoelace graph pattern as a baseline feature generation network, a TQWT,
a Chi2 selector, an NCA selector, and a Cubic SVM classifier. Therefore, the model is named
ShoePatNet23. ShoepatNet23 is an effective model that consists of many concepts and is very
successful for any speech emotion recognition task. The shoelace pattern is newly introduced, it is
a one-dimensional local feature generation network. This feature generator is proposed to
investigate the feature extraction ability of the different patterns used in knotting shoelaces using
graph theory. To improve the capability of this feature extraction network, multiple kernels have
been used to generate binary features comprehensively. A signal decomposition technique of
tunable Q wavelet transform (TQWT) was employed on the speech signals in two different modes:
high oscillatory mode and low oscillatory mode of decomposition. Deploying this two-phased
TQWT technique generates 22 signal sub-bands, and this improves the number of features to be
extracted. Therefore, the shoelace pattern feature generation network creates 22 different feature
vectors from the generated signal sub-bands. A 23" feature vector is generated from the raw speech
signal, hence, the name ShoePatNet23. Each of the feature vectors has a length of 3072. In other to
get the best features from the 3072 features of an individual vector, a Chi2 selector was applied
which reduces the feature-length from 3072 to 512. To further improve the ability of the network
by ensuring that we get the best informative features, the loss value for each feature vector is
calculated after applying an SVM classifier to test the effectiveness of each of the 23 feature
vectors. The top five feature vectors were chosen, and the features from these five vectors were
merged. A neighborhood component analysis (NCA) method is further applied to the merged

features to reduce their dimension to 512 features. Therefore the Shoelace feature extraction
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network extracted the best 512 features (final features). These final features are fed unto the

classifier algorithms we were able to obtain the highest classification rate using Cubic SVM. The

applied ShoePatNet23 made a reasonable contribution in the following areas;

It investigates four widely used shoelace patterns for local feature generation,

Generation of signal sub-bands by the intelligent application of two-phased Tunable Q
wavelet transform (2-P TQWT),
An intelligent way of generating and choosing the most valuable feature vectors both in

the feature generation phase and feature selection phase,
Showing universal success of the ShoePatNet23 using two datasets with two languages.

Figure 4.2 gives the graphical illustration of the proposed ShoePatNet23.

Classifier
t
NCA
1
Feature merging
1 t t t
Top five feature vectors selection
1 t
Error rate calculator
t 1 t t
Chi2 selector
1 t t t
Multiple kernelled Shoelace Pattern
; : : Speech dataset
R1 R2 R22
t t t
TQWT with low oscillatory and high oscillatory
parameters
|
Speech

Figure 4.2. Schematic representation of the proposed ShoePatNet23

This model employed a tunable Q wavelet transform in high and low oscillation phases to

generate sub-bands (R), thereby generating 22 sub-bands. The proposed shoelace feature extraction

network is equipped with multiple kernels that aids with effective feature extraction. This network
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is used to generate features from the 22 wavelet sub-bands and also from the original speech signal.
It extracts a total of 3072 features from each feature sub-band. The Chi2 feature selector selects
512 out of the 3072 features and these feature vectors are tested to confirm the discriminative ability
using a support vector machine (SVM) to calculate their loss values. The top five performing
feature vectors are selected using the calculated loss values (misclassification rates) and these
feature vectors are merged to obtain the final feature vector with a length of 512 x 5=2560. By
deploying another feature section algorithm of NCA, the most valuable/informative 512 features
are selected from the created 2560 features and they (the selected 512 features) are utilized as input
of the classifier. To better explain our proposal, pseudo-code of our proposed ShoePatNet23 are

given below.

Table 4.2. Algorithm for ShoePatNet23

Input: The used speech datasets
Output: Validation predictions (results)

00: Load one of the used dataset.

01: Read each speech.

02: Divide the speech into segments with a length of five seconds and obtain observation

03: Apply TQWT to generate sub-bands.

04: Extract 3072 features from the observation and create the first feature vector by
applying the proposed multiple kernel shoelace pattern.

05: Apply the proposed multiple kernel shoelace pattern to the created 22 sub-bands and
create other 22 feature vectors.

06: Apply Chi2 to the generated 23 feature vectors and choose the most informative 512
features of each feature vector.

07: Calculate the misclassification rate of each feature vector and create a loss array
with a size of 23.

08: Select the top five feature vectors using the loss array.

09: Concatenate the selected features and obtain 2560 features.

10: Select the top 512 features from the generated 2560 features by applying NCA.

11: Classify the selected 512 features applying Cubic SVM.

Table 4.2 above describes the procedure for the entire processes involed in the proposed
model, from speech processing to classification. More details of the proposed ShoePatNet23 are

given in below.
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4.2.1. Feature Extraction

The most important phase of the proposed Model (ShoePatNet23) is the ShoePatNet23 is
feature generation phase because the distinctive nature of the feature extracted determines the
quality of the prediction outputs. We developed an effective machine learning technique that will
extract the most discriminative feature vectors. Here in this method, the popular graph theory is
integrated into the network and utilized to propose a new feature generator network. The graph
pattern adopted model four shoelacing concepts, i.e it is designed in four different ways through
which we knot the shoelace on our shoes in a graphical manner. This research, therefore, shoes the
feature extraction ability using graphs, in particular, shoelace graphs. However, the newly
introduced shoelace pattern is a hand-crafted local feature extractor. It is important to enhance the
feature generation ability of the shoelace pattern to improve the classification ability of our entire
model, therefore, tunable Q wavelet transform is firstly applied on the speech signal to decompose
it to yield higher-level feature vectors. TQWT though has a certain limitation due to its parameter
tuning problem. In other to take care of this defect, the concept of 2-phased TQWT is introduced
where it is applied in high oscillatory and low oscillatory phases. This decomposes the signal into
22 sub-bands. The signal components that are generated from these phases are then used to obtain
the feature vectors. The 22 sub-band signals alongside the raw speech signals combined to give a
total of 23 feature vectors. Shoelace pattern network is applied on the 22 sub-band signal
components as well as on the raw speech signals to extract features for the network. This is why
the machine learning model is named ShoePatNet23. Upon the application of the shoelace graph
patterns, a total of 3072 features are generated with each feature vector. To reduce the dimension
of these features generated at this stage, a Chi2 selector is employed on the features and the length
of whole feature vectors is reduced from 3072 to 512. It is always beneficial to limit the number of
features to the bearest minimum containing the most informative features, therefore, at every step
of feature generation, we try to discard those features that don’t carry much information about the
signal. We did the same with the 23 feature vectors to determine which feature vectors yielded
more discriminative features by computing the misclassification rates (error value) of all the after
testing with a support vector machine (SVM) classifier. We might have utilized the SVM as the
misclassification rate calculator which is a parametric method, other misclassification rate
calculators also exist that people can try out. Judging from the results obtained especially the losses
as indicated by the misclassification ratios, the top five performing feature vectors were selected
and the features from these vectors are concatenated to give a total of 2560 features. The following
describes the implementation steps of the feature extraction network.

Step 0: Load speech signal.

Step 1: Create segments with a length of five seconds.
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sp=s(+j—1),i €{1,5Xfs,..,len(s) —5X fs+1},j € {1,2,...,5 X fs} 4.1)
where sp is created speech segment, s is speech signal, fs defines the frequency of the
speech signal, len(s) is the length of the speech, i and j are indices.

Step 2: Apply the tunable Q wavelet transform (TQWT) to each speech segment. TQWT is
an effective signal decomposition method with tunable wavelet parameters. The parameters used
here are the three TQWT parameters: oscillatory value (Q), redundancy (r), and the number of
levels (J). We used two different groups of parameters to generate low oscillatory and high
oscillatory sub-bands. these parameters are given as follows.

Q1=1, r1=3,J1=8, Q

2=4,12=3, J2=12.

Applying these sets of parameters generated 22 sub-bands from the network. Each signal
parameter generates 11 sub-bands

R1 =TQWT(sp,Q1,71,J1) (4.2)
R2 = TQWT(sp, 02,72,]2) (4.3)
R = merge(R1,R2) (4.4)

Herein, TQWT () denotes tunable Q wavelet transform decomposition function. It takes four
parameters. These parameters are the used signal, Q, r, and J respectively. R1 is the generated low
oscillatory sub-bands and R2 represents high oscillatory sub-bands. By applying the merge function
(merge), a data structure is created and this data structure has 22 sub-bands (R1 has 9 sub-bands
and R2 has 12 sub-bands).

Step 3: Generate features from raw speech signal sp and each R deploying multi-kernel
shoelace pattern.

fv' = ShoePat(sp) (4.5)
fv**1 = ShoePat(R¥),k € {1,2, ...,22} (4.6)

In the equation above, fv* is the generated k' feature vector. Deploying the shoelace pattern
(ShoePat) generates features with a length of 3072. The section below gives a detailed explanation
of the proposed shoelace pattern feature extraction function and the tunable Q wavelet transform
(TQWT) signal decomposition function

ShoePatNet

The shoelace pattern is modeled based on graph theory which is a popular mathematical
theory that has many applications in real-life situations. Over the years, mathematicians have tried
to understand the concept of shoelace patterns and their effective applications in mathematics. It
proved difficult until recently when authors put forward a solution for this problem [103].
Following this breakthrough, we decided to adopt these patterns to generate textural features from
the speech signal. The proposed feature extractor employed four different patterns by which

shoelaces are knotted (see Figure 3) as pattern, therefore, this feature extraction function is named
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shoelace pattern. In other obtain the feature matrix, eight-sized overlapping blocks were applied to

obtain a 4 x 2 sized matrices feature generation pattern. The eight-sized overlapping block and the

4 x 2 sized matrix are used to develop the shoelace pattern as demonstrated in Figure 4.3.

P1

P2

P3

P1

P2

P3

P4

P4 P5 P& P7 P8

P5

P6

P7

P8

Figure 4.3. Overlapping block of 4 x 2 sized matrix for shoelace pattern

Judging from Figure 2, the point values of the overlapping window are considered as the

node of a graph. Using the node concept of a graph alongside the shoelace patterns, four graphs

were generated to represent four commonly used shoelace knotting patterns. These four graphs,

therefore, are the baseline concept in the development of the newly presented model. The shoelace

patterns that were used are presented in Figure 4.4. Below.

P1 P5
P2 P6
P3 P7
P4 P8

(a) First shoelace pattern

P1 PS5
P2 P6
P3 P7
P4 P8

(b) Second shoelace pattern
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P2 P6 P2 P6
P3 P7 = o
P4 P8

P4 P8

(c) Third shoelace pattern
(d) Fourth shoelace pattern

Figure 4.4. Illustration of Shoelace patterns used in ShoePatNet23

These kinds of generated graphs are referred to as directed Hamiltonian graphs. The starting
node of the first and second graphs (shoelace patterns) is P1, while the starting node of the third
and fourth shoelace pattern is P5.

As can be seen from the graphs above, eight edges are present in each graph. Each of the
edges represents an input value to the signum function. hence, each pattern generates eight bits
using each binary feature extraction/generation function. For this research, we used both ternary
and signum kernels to generate binary features from each pattern. In application, the ternary kernel
has two binary feature extraction functions that are named the upper ternary function and the lower
ternary function. Therefore, in the end, we have three binary feature generation functions. The

mathematical representation of these three binary feature extraction functions is given in Equations

(7) - (20).

en= S8 o
cen={1t 2134 49)
=72 @

d= StdZ(Sp) (4.10)

Where ¢1(.,.),¢%(.,.) and {3(.,.) are signum, upper ternary, and lower ternary functions
respectively. These functions are applied as the kernel of the shoelace pattern. t, r are input values
and Std(.) represents standard deviation calculation function.

By employing the shoelace patterns presented in figure 3 above along with the defined
kernels (see Figure 3 and equations (7) — (10)), we generated twelve map signals. The

implementation steps of the proposed shoelace pattern are given below.
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Step 3.1: Apply the kernel functions defined above to generate bits
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Step 3.2: carry out a binary to decimal conversion by calculating map signals values.

8
map] = z bit! « 271 j€{1,2,.., 12}, t € {1,2,...,Ln — 7} (4.15)

n=1
where maptj is t" value of the j" map signal and Ln is the length of the speech segment.

Step 3.3: Generate the histograms (Hist’) of every map signal.
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Hist/(f) =0,f €{1,2,..., 2%} (4.16)
Histj(mapg) = Histj(mapg) +1 (4.17)
Step 3.4: Concatenate the histograms from the step above to generate shoelace pattern
features (feat) with a size of 256 x 12 = 3072.
feat = Hist | Hist? | ... | Hist? (4.18)
The defined four steps (Steps 3.1-3.4) are the steps that create the ShoePat(.) feature
generation function, and the ShoePat(.) extracts 3072 features from a one-dimensional signal.
Step 4: Apply a Chi2 feature selector to Select 512 out of the 3072 features of each feature
vector. Chi2 feature selector is a very fast feature selection function in the literature. Therefore, we
employed the Chi2 selector.
ind’ = fselChi2(fv',y),j € {1,2,...,23} (4.19)

rfIG,6) = ful (;,indd (1)), t € {12, ...,512) (4.20)

Herein, ind/ are qualified indexes of the fv/, y represents real outputs/labels and r £/ is the
j™ reduced feature vector.

Step 5: Use a support vector machine classifier with 5-fold cross-validation to compute the
misclassification rates of the reduced feature vector.

mr(j) = SVM(rf/,y) (4.21)

where mr is an error rate array with a length of 23.

Step 6: Select the top five performing reduced feature vectors (brf) using the result from the
miscalculation rate (imr.) This step is parametric.

Step 7: merge brf to obtain a feature vector.

gf(l+512(p — 1)) = brfP(),p €{1,2,...,5}, 1 € {1,2,...,512} (4.22)

where gf is the generated feature vector with a length of 2560.

Tunable Q wavelet transforms: Tunable Q-factor wavelet transforms (TQWT) is a signal
decomposition technique. It is designed for analyzing oscillatory signals and uses flexible and fully
discrete wavelet transform (DWT)[104]. TQWT is a flexible wavelet transform technique because
of its adjustable input parameters: the Q-factor (Q), the redundancy or over-sampling rate (r), and
the number of levels of the decomposition (J). The flexibility in wavelet function is achievable due
to these tunable parameters. The TQWT and rational-dilation wavelet transform (RADWT) are
very similar[105], the difference is that the TQWT doesn’t require that the dilation factor be
rational. The Q-factor, represented as Q, determines the oscillatory ability of the wavelet;
specifically, Q determines the degree to which the oscillations of the wavelet are persistent. Q may
be said to be a measure of the number of oscillations the wavelet displays. The acceptable value for

Q is from 1.0 above (a real-value). The Q-factor of an oscillatory pulse is expressed as the ratio of
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its center frequency to its bandwidth,
0=2L (4.23)

The redundancy of the TQWT is denoted as r and is computed using an infinitely high
number of levels. The redundancy refers to the total over-sampling rate of the transform. This is
computed as the ratio of total wavelet coefficients to the length of the signal to which the TQWT
is applied. The desirable value of r is always greater than 1.0 and more desirable to go with values
of 3.0 above. With a value of r around 1.0, the wavelet will not be well localized in time and is
considered undesirable, because at these values it has too much ringing.

The number of stages (or levels) of the wavelet transform is denoted by J. The transform
consists of a sequence of two-channel filter banks that when applied to a signal (sp) decomposes
the signal into low-pass and high-pass sub-bands at every stage, with the low-pass output signal of
each filter bank being employed as the input to the next filter bank. J is the number of filter banks.
Each output signal represents one sub-band of the wavelet transform. Given a J level of
decomposition (J filters), J + 1 sub-bands will be created iteratively by the two-channel filter bank.
A 3-stage wavelet transform is illustrated in the Figure 4.5 below.

Stage 3

_— — W3

Stage 2

W2

Stage 1

—_— W1

Figure 4.5. Phases of TQWT

The tunable-Q wavelet transform (TQWT) is implemented with the multi-rate filter bank
illustrated in fig below. At every stage, the filter decomposed the signals into low-pass sub-band
signal vy (n) and high-pass sub-band signal v, (n). Each of the sub-band has its sampling rate, low-
pass sub-band has af; and high-pass sub-band has gf;. Where f; is the sampling rate of the input
signal. The a and B are scaling parameters that must satisfy the condition:

0<a<l and 0<pf <1 (4.24)

The selection of different parameters in TQWT determines its performance in getting the

most informative features from the signal. The TQWT characteristic equation can be expressed as

follows:
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Chi2 Selector: It is a library package that computes the relationship between the target and
the features. the method only selects the desired number of the variable with the best chi-squared

values.

4.2.2. Feature Selection

Also known as variable selection, attribute selection, or subset selection, feature selection is
a concept in machine learning that is used to choose specific variables or data points to maximize
the efficiency and quality of prediction of a machine learning algorithm in this type of advanced
data science. At the feature selection phase of the model, redundant or irrelevant features are
discarded. This culling can make the output of our machine learning results stronger by maximizing
the prediction accuracy. There are different feature selection tools and algorithms that help in
creating very accurate models to improve machine learning outcomes, we, however, choose to use
the neighborhood component analysis (NCA) algorithm for our proposed model. The NCA is one
of the commonly implemented feature selectors in the literature and is a selection version of the
nearest neighbor (1-NN) algorithm. It is a non-parametric method for selecting features to
maximize prediction accuracy. For a multi-class classification problem with a training set that
contains n observations as below:

S ={(x;,y),i =1,2,.....n} (4.25)
where xi€Rp is the feature vectors, yi€{1,2,...,c} are the class labels, and ¢ is the number of
classes. The purpose is to develop an algorithm f:Rp—{1,2,...,c} which receives a feature vector
and produces a prediction f(x) for the true label y of x.
Consider a randomized classifier that:
e Picksa point S at a random as a reference point for x Ref(x).
e Using the label of the reference point Ref(x) labels x.

This technique is analogous to the implementation step of the K-NN classifier with a K value
of 1. The nearest neighbor of the new point x is taken to be the reference point Ref(x). This reference
point is chosen at random and all points in S have some probability of being selected as the
reference point. Given that a point xj is closer to point x, the probability that this point is picked
from several points S as a reference point for x is P(Ref(x)=xj|S) as measured by the distance

function dw, where

p
dyy (%) = Z _ Wi = 3 (4.26)

w, are the feature weights. Let’s suppose that
P(Ref(x)= xj[S) oc k(dw(x, x])),
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where k represent a kernel or a similarity function and its value becomes larger

when dw(x,xj) is small. Assume it is

= _Z
K(Z) = exp( 0')' (427)
The reference point for x is selected from S, so the sum of P(Ref(x)= xj|S) for all j must be
equal to 1. hence, it can be written as.

P(Ref (x) = x;|s71) = o (lxix) (4.28)

j=1’j=1K(dW(xi,Xj))

We applied the NCA on the generated features from the shoelace pattern feature extraction
network, to discard the redundant features and select the most informative features from the
generated features. The total features extracted from the feature creation phase are 2560 features.
The application of the NCA reduces these features by the top 512 features. These 512 features are
the final features that are fed to the machine learning classification algorithm. The steps below
describe the implementation step of the neighborhood component analyzer.

Step 8: Utilize gf as input of NCA and generate 2560 weights.

Step 9: Create sorted indexes of these 2560 weights

Step 10: Select top 512 features using sorted indexes.

4.2.3. Classification

Classification in machine learning is a supervised learning approach in which the computer
program learns from the available data to make new predictions. It is a procedure of categorizing a
given set of data into classes from structured or unstructured data. The purpose of this classification
step is to adopt a predictive modeling algorithm that will perform the task of approximating the
mapping function from input variables to discrete output variables. The input variables to the
adopted classifier are the selected features from the preceding phase. The main goal is to identify
which class/category the new data will fall into. We adopted a support vector machine learning
algorithm for mapping and categorizing the final feature vectors.

SVM is a supervised machine learning classification algorithm. An SVM model is simply a
representation of different classes in a hyperplane in a multidimensional space. The hyperplanes
are predicted iteratively by the SVM to determine the optimal hyperplane to minimize the error.
This hyperplane is utilized on new datasets to classify them appropriately. The goal of SVM is to
divide the datasets into classes to find a maximum marginal hyperplane (MMH). It is employed to
classify a dataset in a 2-dimensional hyperplane as well as a multidimensional plane. Being a binary
classifier, the training data set the hyperplane divides the training data set into two classes. To
categorize multidimensional data, a multidimensional hyperplane with kernels must be employed
to transform an input data space into the required form. it employs an approach called the kernel

trick to transform a low dimensional input space and into a higher dimensional space. Simply put,
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the kernel converts non-separable problems into separable problems by adding more dimensions to
them. This makes the SVM a very powerful, flexible, and accurate algorithm. Some of the classes
of kernels used by SVM are given below.

Linear Kernel: It can be used as a dot product between any two observations that have a
linear relationship. The mathematical representation of the linear kernel is given below.

K(x,x;) = sum(x * x;) (4.29)

The above formula that the product between two vectors says x & xi is the sum of the
multiplication of each pair of input values.

Polynomial Kernel: Polynomial kernel is a more comprehensive form of the linear kernel. It
distinguishes complex or non-linear input space. below is the mathematical formula of a polynomial
kernel:

KX, X)) =1 +sum(X + X)"d (4.30)

Where d is the degree of the polynomial which we need to be manually specified in the
learning algorithm.

Radial Basis Function (RBF) Kernel: Radial Basis Function kernel is commonly employed
in SVM classification to map input space in indefinite dimensional space. The mathematical
formula is expressed below.

K(x,x;) = exp(—y * sum(x * x?)) (4.31)

Where y, takesa value between 0 and 1. It also needs to be specified manually in the learning
algorithm. A good default value for y is 0.1.

As we implemented SVM can be implemented nonlinear data just like for linearly separable
data by using kernels.

This classification phase is the last stage of the proposed ShoePatNet23. Cubic SVM was
used to classify the selected 512 features, using a 10-fold cross-validation technique. The
parameters of the employed cubic SVM classifier are given in below.

Kernel: 3"-degree polynomial (Cubic),

Kernel scale: Automatic,

Box constraint level: 1,

Coding: One-vs-All,

Standardize: True,

Validation: 10-fold cross-validation.

The last step (Step 11) of the presented ShoePatNet23 model is given in this section.

Step 11: The results were obtained by classifying with Cubic SVM.
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5. RESULTS AND DISCUSSION

In this section, we present the findings from the experiments. The findings are the result that
we obtained using the proposed model (ShoePatNet23). The section also discusses the obtained

results in detail. findings from the experiment.

5.1. Experimental Result

This section presents the results of the proposed ShoePatNet23 after it was tested with two
speech datasets are. After proper preparation of the dataset, all the experiment was conducted with
a simply configured desktop computer. The computer was used to program/implement the proposed
ShoePatNet23. The computer has 32 GB memory, an intel i9 3.60 GHz processor, and a 512 GB
solid-state disk. There is no adoption of any parallel programming technique in the implementation
of our proposed ShoePatNet23 since it is a feedforward method. In this regard, ShoePatNet23 can
be programmed on simply configured computers and does not require extensive or very powerful
computing power. We also gathered two new speech datasets to test the proposed ShoePatNet23.
It is worth noting that, ShoePatNet23 is a parametric learning model the parameters of which are
also tabulated in Table 5.1 below.

Table 5.1. Parameters for ShoePatNet23

Step Parameters

Speech segmentation We  divided speeches into  non-overlapping
widows/segments with a length of five seconds
TQWT Two types of TQWT have been used in this work. The
used parameters are;

Q=[1,4], r=[3], J=[8,12]

Shoelace pattern Signum, upper ternary, and lower ternary binary feature

extraction functions have been used. Half of the standard
deviation of the signal has been utilized as the threshold value

of the ternary functions.

Chi2 selector 512 features are selected from the generated 3072
features

Loss value calculation 3-degree polynomial kernel SVM with five-fold cross-
validation

Feature creation The top five feature vectors are merged and 2560

features are created




Feature selection The best 512 features from 2560 are selected by NCA.
The parameters of the NCA are; verbosity level indicator is 0
(no convergence summary), the solver is stochastic gradient
descend.

Classification Cubic (3"-degree polynomial kernel) SVM with 10-fold
cross-validation. The parameters of the Cubic SVM are given

in Section 3.3.

Applying the parameters in the above table(see Table 2), the model effectively classified the
speech signal and yielded impressive results. Confusion matrices were used to further explain the
result of the experiment is clear and clean terms as tabulated in Tables 5.2 and 5.3. Furthermore,
other results (precision, recall, F1-score) have all been listed in these confusion matrices.

Table 5.2. Confusion matrix of the result of Turkish dataset

Actual class Predicted class
Boring Interesting Neutral

Boring 2374 27 72
Interesting 12 2350 35
Neutral 55 54 2122
Recall (%) 96 98.04 95.11
Precision (%) 97.26 96.64 95.20
F1-score (%) 96.62 97.35 95.16

Table 5.3. Confusion matrix of the English dataset

Actual class Predicted class

Boring Interesting Neutral
Boring 2760 13 92
Interesting 18 3275 153
Neutral 63 141 3026
Recall (%) 96.34 95.04 93.68
Precision (%) 97.15 95.51 92.51
F1-score (%) 96.74 95.27 93.09

Category-wise recall(accuracies), precision, and F1-score are given in Tables 5.2 and 5.3
above, in addition, we tabulated the overall results in Table 5.4. below where we compared the

different performance metrics from the two datasets.
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Table 5.4. The overall accuracy (%) of the ShoePatNet

Metric Dataset in Turkish Dataset in English
Accuracy 96.41 94.97
Precision 96.37 95.06
Recall 96.38 95.02
Fl-score 96.38 95.04
Geometric mean 96.38 95.01
Cohen’s kappa 94.61 92.43

5.2. Discussion

This section discusses the results that were obtained after testing the proposed model
(ShoePatNet23) with speech emotion datasets. As stated in the sections above, the model has been
tested on a Turkish speech dataset and an English speech dataset. Therefore we discuss the results
obtained when the model was tested on the two datasets separately. The classification accuracy
rates of each feature vector are denoted in Figure 5.1 below.
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Figure 5.1. Accuracies (in %) of each feature vector based on the used dataset
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As can be seen from Figure 5.1, the 10™ feature vector gives the best result for both English
and Turkish datasets, hence, becomes the best feature vector. 10" feature vector produced
prediction accuracy of 95.85% on the Turkish SER dataset and 85.45% on the English SER dataset.
For the Turkish SER dataset, the top five feature vectors are 10", 9™, 1%, 6™ and 3" feature vectors
respectively, while 10™, 1%, 2", 23", and 3™ feature vectors are the top five performing feature
vectors for the English SER dataset. But after concatenating the features and further applying a
feature selection method of NCA, the best accuracies are increased from 95.85% to 96.41% for the
Turkish SER dataset and from 85.45% to 94.97% for the English SER dataset. This demonstrates
a drastic increase in the performance of the model on the English dataset. furthermore, the presented
ShoePatNet23 produced an accuracy of over 65% for all feature vectors. Low oscillatory sub-bands
also proved to be more effective (2™ — 10" feature vectors) than high oscillatory sub-bands (11" —
23" feature vectors) for the two datasets that were used.

Cubic SVM classifier was used during the classification and computation of error values.
Before selecting the Cubic SVM as the best appropriate classifier, the MATLAB classification
learner toolbox was used to compare the performance of different classifiers. Some of the tested
classifiers are decision tree (DT), linear discriminant (LD), quadratic discriminant (QD), naive
Bayes (NB), linear SVM (LSVM), Quadratic SVM (QSVM), Cubic SVM (CSVM), Gaussian SVM
(GSVM), k nearest neighbor (kNN) and bagged tree (BT). The performance results for these
classifiers are presented in Figure 5.2 below.
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Figure 5.2. Calculated accuracies from ten classifiers
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According to Figure 5.2 above, Cubic SVM (CSVM) is the best classifier. Therefore, we

employed it in the proposed model (ShoePatNet23).

This research presented the benefits below, we also try to highlight the limitations of the

research.

The collection of two new speech emotion recognition datasets. This contributes to creating
robust Speech emotion recognition databases in availability as well as in different
languages (English and Turkish).

The research also introduced a novel technique of local feature generation that is inspired
by the patterns of how shoelaces are knotted and the mathematical concepts of graph
theory. hence, the name shoelace pattern. It is supported further by implementing three
binary feature extraction kernels, to create local histogram-based features.

The entire network is a hand-modeled learning network. Our proposed ShoePatNet23 is a
cognitive method and also tries to model deep learning architectures in its function.
ShoePatNet23 proves to be an effective model for speech emotion recognition as
demonstrated by its high classification accuracies of 94.97% and 96.41% on the English
SER and Turkish SER datasets respectively.

The research presents a contribution toward the development of new self-control
applications to ensure the quality of learning in distance education systems. This research
is a step toward achieving an interactive distance learning system and also has application
in many fields.

The model is a lightweight learning network that does not require very powerful computing
resources.

The overall success of the ShoePatNet23 is demonstrated with two datasets to demonstrate
its versatility.

To obtain spontaneous action, speeches are divided into non-overlapping blocks with a

length of five seconds.

Limitations:

Larger datasets can be collected.

The number of languages can be increased.
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6. CONCLUSIONS

The distance learning system will continue to be adopted by many institutions of learning.
It’s a system that ensures the continuation of learning during the Covid-19 pandemic era. Many
have realized its benefits beyond its role during the Covid period and will continue to adopt it post
Covid as well. Therefore there is a need for ensuring the quality of learning through monitoring.
To make distance education advantageous, smart systems should be developed with the data
obtained from distance education platforms. This research focuses on speech processing and two
datasets were collected for this purpose to detect the emotions of the instructors/lecturers during
teaching. These datasets were collected from individuals that were asked to present a lecture manual
and instructed to do so in three phases. The first is to present in a way and manner which would
make the lecture interesting to students, then they are instructed to do the same for boring lecture
and a neutral lecture (one that is neither boring nor interesting). In each case, they were to induce
the necessary emotions. To demonstrate the general effectiveness of ShoePatNet23, the dataset was
collected in two languages (Turkish and English). The proposed ShoePatNet23 generated 23 feature
vectors from which it intelligently selects the top five feature vectors that will maximize the
classification output.

The primary purpose of this research is to detect the emotional state of the
instructors/lecturers while he/she is teaching from their voices. Our novel machine learning
network is presented using the proposed shoelace pattern and it is named ShoePatNet23. The
ShoePatNet23 is applied to the collected datasets producing 94.97% and 96.41% classification
accuracies on the collected English and Turkish datasets respectively. The obtained results and
findings demonstrate that ShoePatNet23 is a very successful success for the SER and can be applied
to solve a real-world problem.

In near future, new self-control tools can be developed using the ShoePatNet23 and these
tools can be installed to distance education platforms to evaluate lecturers’ performance.

The contributions of our work to knowledge are listed below.

- This research contributes to progress in research on educational technologies.

- We introduced a novel hand-crafted feature extraction network which we called
ShoePatNet23 which modeled a shoelace pattern. The shoelace pattern is a mathematical
concept that we chose to adopt as a feature generation method. The proposed
ShoePatNet23 calculates loss values in the feature extraction phase and uses these loss
values to select the most valuable/appropriate signal for feature extraction.

- To solve the parameter tuning problem, high oscillatory and low oscillatory TQWT have
been used to generate sub-bands before applying our ShoePatNet23 to select the most

appropriate sub-band to generate features.



In this respect, the proposed ShoePatNet23 is a cognitive learning model.
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RECOMMENDATIONS

Speech emotion recognition is an important pattern recognition task. Just like all machine
learning and deep learning tasks, the success of the proposed model depends on a suitable dataset.
This is why we collected a new dataset that is tailored towards the application of speech emotion
recognition in classroom settings. To continue to improve on this work, we recommend that the
amount of the data should be increased.

We also recommend that the services of professional actors may be employed in recording
an induced speech dataset. However, we believe our dataset is more suitable for real-life modeling
as the participants are given the free will to express themselves in ways and manner they feel are
more suited to the category of lectures.

The best way to acquire this dataset is to put recording gadgets in an online learning
environment to get a direct recording of a live class session. This makes it more natural, though
may be very difficult to achieve but possible.
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