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Abstract

A robust deep learning-based approach for the recognition and classification of
speech emotion is proposed in this research work. Emotion recognition and classi-
fication occupy a conspicuous position in human-computer interaction (HCI) and
by extension, determine the reasons and justification for human action. Emotion
plays a critical role in decision-making as well. Distinguishing among various emo-
tions (angry, sad, happy, neutral, disgust, fear, and surprise) that exist from speech
signals has however been a long-term challenge. There have been some limitations
associated with existing deep learning techniques as a result of the complexity
of features from human speech (sequential data) which consists of insufficient la-
bel datasets, Noise and Environmental Factors, Cross-cultural and Linguistic Dif-
ferences, Speakers’ Variability and Temporal Dynamics. There is also a heavy
reliance on huge parameter tunning, especially for millions of parameters before
the model can learn the expected emotional features necessary for classification
emotion, which often results in computational complexity, over-fitting, and poor
generalization. This thesis presents an innovative deep learning framework-based
approach for the recognition and classification of speech emotions. The deep learn-
ing techniques currently in use for speech-emotion classification are exhaustively
and analytically reviewed in this thesis.

This research models various approaches and architectures based on deep learn-
ing to build a framework that is dependable and efficient for classifying emotions
from speech signals. This research proposes a deep transfer learning model that
addresses the shortcomings of inadequate training datasets for the classification
of speech emotions. The research also models advanced deep transfer learning
in conjunction with a feature selection algorithm to obtain more accurate results
regarding the classification of speech emotion. Speech emotion classification is fur-
ther enhanced by combining the regularized feature selection (RFS) techniques and
attention-based networks for the classification of speech emotion with a significant
improvement in the emotion recognition results. The problem of misclassification
of emotion is alleviated through the selection of salient features that are relevant to
emotion classification from speech signals. By combining regularized feature selec-
tion with attention-based mechanisms, the model can better understand emotional
complexities and outperform conventional ML model emotion detection algorithms.

The proposed approach is very resilient to background noise and cultural differ-
ences, which makes it suitable for real-world applications. Having investigated the
reasons behind the enormous computing resources required for many deep learning-
based methods, the research proposed a lightweight deep learning approach that
can be deployed on low-memory devices for speech emotion classification. A re-
designed VGGNet with an overall model size of 7.94MB is utilized, combined with
the best-performing classifier (Random Forest). Extensive experiments and com-
parisons with other deep learning models (DenseNet, MobileNet, InceptionNet, and
ResNet) over three publicly available speech emotion datasets show that the pro-
posed lightweight model improves the performance of emotion classification with

il



minimal parameter size. The research further devises a new method that minimizes
computational complexity using a vision transformer (ViT) network for speech emo-
tion classification. The ViT model’s capabilities allow the mel-spectrogram input
to be fed into the model, allowing for the capturing of spatial dependencies and
high-level features from speech signals that are suitable indicators of emotional
states. Finally, the research proposes a novel transformer model that is based on
shift-window for efficient classification of speech emotion on bi-lingual datasets.
Because this method promotes feature reuse, it needs fewer parameters and works
well with smaller datasets. The proposed model was evaluated using over 3000
speech emotion samples from the publicly available TESS, EMODB, EMOVO, and
bilingual TESS-EMOVO datasets. The results showed 98.0%, 98.7%, and 97.0%

accuracy, F'1-Score, and precision, respectively, across the 7 classes of emotion.
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Chapter 1

Introduction

1.1 Research Background

Emotions are states of mind resulting from neurophysiological alterations that are
connected in diverse ways to ideas, sentiments, actions, and a level of happiness
or unhappiness. Dynamic emotion-cognition [23| interactions are the most com-
mon emotion experiences. These interactions might involve fleeting responses or
persistent personality traits that develop over time. The development of conscious-
ness and the functioning of every mental process depend heavily on emotions. The
remarkable quality that sets humans apart is their ability to adjust conversations
according to the emotional states of both the speaker and the listener. Humans are
the most advanced species in terms of civilization because they can express their
emotions in a variety of ways. These expressions can be verbal, facial, gestural,
or based on other physiological mechanisms. Individual relationships and involve-
ment, however, are best maintained through human speech-based communication.
Both in direct and indirect communication, the vast paralinguistic [30] content of
human speech can disclose an individual’s emotional condition.

Human speech is a potent means of communication, capable of communicating
both knowledge and emotions. With the increasing integration of HCI and Al sys-
tems in our lives, there is a rising demand for them to proficiently comprehend and
react to human emotions[49]. Speech-emotion classification, the process of discern-
ing the emotional state based on spoken language, presents a potential pathway for
developing human-computer interactions that are more genuine and compassionate.
This thesis introduces a sophisticated deep learning system designed specifically for
the classification of speech-emotion. It aims to tackle the difficulties and possibili-
ties that arise in this intricate endeavour. Al systems that can effectively identify
human emotions have the potential to enhance personalized, supportive, and en-
gaging experiences in different fields.



Several technologies involving Human-Computer Interaction (HCI) have been
made possible by advances in artificial intelligence (AI) [46]. Important discoveries
about how emotions affect opinions and decisions throughout human history have
emerged as a result of HCI advancements [2]. As HCI is the front end of Al that
millions of users interact with, it is critical to create and enhance HCI methodolo-
gies. Several of the HCI techniques currently in use include touch, motions with the
hands, voice, and facial expressions [49]. Out of all the techniques, voice-activated
intelligent gadgets are becoming increasingly common in a variety of uses. Signif-
icantly, speech emotion classification occupies a key position among other speech-
related tasks. It is the recognition of emotional traits through a computing device,
as against the handcrafted approach of human recognition of emotion, that is most
often subjective. Most research in psychology and science has shown that speech
emotion classification is not only fundamental to human existence and activity but
can also be studied with the help of modernist scientific computing devices [31].
For a computing device to correctly interpret commands in a speech-based system,
it must fully understand the human speaker’s speech perception which involves
speech signal processing.

The speech signal carries both linguistic and paralinguistic features that serve
various purposes in the development of speech-based systems. The emotional cue
from speech resides in the paralinguistic constituent of human speech utterance
as shown in Figure 1.1. Paul Ekan categorizes the basic human emotions into six
sub-divisions which are anger, disgust, fear, happiness, sadness, and surprise [16].
He argues that each of these basic emotions has distinct qualities that are linked
to it, enabling different degrees of expression. Anger is a strong emotional state
characterized by an intense, uneasy, and uncooperative reaction to an event that
is seen as a threat or provocation. Disgust is an emotional display of rejection
or aversion to something distasteful or perhaps infectious. Fear is an extremely
unsettling feeling that arises when one perceives danger. It is an unpleasant feeling
that typically results in psychological disturbances that could lead to behavioural
reactions like launching an offensive attack or running away. Humans experience
fear in response to current stimuli or in anticipation of potential threats that they
see as endangering their safety. Happiness is a good emotion that can range from
satisfaction to extreme excitement. It is an emotion that can be spurred on by
optimistic experiences, but occasionally they might happen for no apparent reason.

Sadness is a painful emotional state that is described by emotions such as dis-
appointment, helplessness, despair, and grief. Severe depression has been linked
to mental disease and depressive disorders. The neuroscience of depression has
been extensively studied, and the results indicate that sadness is linked to a rise
in bilateral activities around the lateral cerebellum [6]. Surprise is a fleeting men-
tal and emotional state that follows an unexpected event. Surprise can be either
pleasant or negative, or it can have any valence. All these emotional expressions
have both positive and negative impacts, and they can be detected from auditory
speech through an efficient deep learning model.
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Figure 1.1: Basic Emotion Classification from Speech

From a larger perspective, emotion classification from speech signals has been
applied to audio synthesis, healthcare, the automotive industry (drowsy driving),
robotics, multimedia, education (e-learning), criminal justice, job recruitment, cus-
tomer service management, smart home connections (IoT), among other areas. The
primary challenge in extracting emotional features from speech signals is that not
all speech content contains the relevant emotional expression, making the correct
classification of emotional elements a challenging task. Besides, the classical ap-
proach to the classification of speech emotion using conventional classifiers suffers
from misclassification [42].

1.2 Motivation

Emotions are essential to human communication because they shape our relation-
ships and how we perceive one another. There are various uses for classifying the
emotion conveyed in speech perception in this modern era. The study of interactive
applications involving people and computers is known as HCI. For an HCI applica-
tion to be effective, the computer system must comprehend more than mere words
[34]. However, many commonly used Internet of Things (IoT) applications, such as
Google Home, Amazon Alexa, and Mycroft, rely on speech-based inputs. Speech
has a crucial role in Internet of Things applications. Understanding emotion from
the speech signal is vital in both cases of these speech interactions, which might be
mono- or bi-directional. Additional uses for speech emotion classification include



humanoids, crime agency investigation, and fraud detection systems. Speech emo-
tion is primarily recognized and classified from speech signals through approaches
such as perceptual inspection, articulation and pronunciation, vocal quality, empa-
thy, and contextual information [27]. Its application in healthcare (memory disor-
der), adaptive e-learning and the automobile industry(self-driving cars) cannot be
overemphasized [29]. Classifying speech emotion using these human approaches is
bewildered with problems and considered to be time-consuming, laborious, inaccu-
rate, and subjected to errors due to the complex features inherent in speech signals.
Speech sound is characterized by multi-sizes and noise presence. Accurate classi-
fication of speech emotion is particularly important to enhance human-computer
interaction in the AI era. These challenges have motivated the development of a
computer-based system for speech emotion classification to aid its real-world appli-
cations.

Several computer-based systems have been developed for the classification of
speech emotion. These systems’ primary goal is to extract the dominant emotional
features from speech sounds. These systems analyze speech signals using a variety
of computer techniques. Pitch, energy, prosody, Mel Frequency Cepstral Coefficient
(MFCC), zero crossing rate (ZCR), formants or resonance frequency, articulation
rate, and other general features of speech signals were the cornerstones of some
of the early systems used for speech emotion classification [50]. These features
are selected and detected for analysis using these algorithms. Additional basic
algorithms include the following: Prosodic Features-Based algorithm with Gaus-
sian Mixture Models (GMM), Rule-based Emotional Speech Synthesizer, Kernel
regression, Likelihood Bayes’ (MLB) [19][3], Pitch and Formant Analysis using au-
tocorrelation and Linear Predictive Coding, [38][I3] etc. The complex nature and
variability of speech signals have undoubtedly hampered these algorithms, which
are based on techniques such as speech pre-processing and acoustics feature extrac-
tion [19].

Speech emotion classification systems have recently taken a more comprehensive
approach, incorporating tasks like speech pre-processing, segmentation (framing),
feature extraction, and classification into the analysis and recognition of emotion
from speech signals[37]. Preprocessing, the first step, is typically carried out to
lessen prominent frames in the speech dataset’s audio sample and enhance the
quality of the speech signals. The preprocessing methods correct artifacts, nor-
malize amplitudes, and eliminate noise from raw speech signals to improve their
quality. Speech segmentation is located next to it. The continuous speech signal is
segmented into brief, overlapping frames. This procedure helps to capture temporal
dynamics. Common feature extraction approaches convert every speech frame into
a collection of relevant features that describe the distinctive features of the signal.
Artificial intelligence approaches have been utilized in classification recently [34],
wherein emotion is categorized into several groups.



Machine learning techniques are typically employed by SEC systems to learn
and extract features from speech signals, both in segmentation and classification
tasks. In the recent past, these tasks have been completed using conventional ma-
chine learning methods such as support vector machines (SVMs), logistic regression,
nearest k-neighbors, decision trees, and neural networks [32] [43] [8]. These meth-
ods indicate the relationship between the observed features and a certain emotion
using various mathematical equations and functions. These methods continue to
rely on handcraft features that were taken from more conventional feature extrac-
tion methods which are extremely susceptible to noise and variations in the speech
signal. This constitutes a major limitation for the SEC system when analyzing
speech signals.

The high levels of noise sensitivity and the limitations of traditional machine
learning algorithms in handling imprecise and uncertain data can then be attributed
to the difficulties encountered by the different emotion classification systems. Addi-
tionally, these methods typically [2I]lack substantial supervision, which frequently
results in the loss of specific information during training, and they perform poorly
in spatial modeling. As a result, they fail to analyze the complex features that are
characterized by the presence of noise and artifacts, temporal dynamics, context de-
pendency, cross-cultural and linguistic variances, speakers’ variability in emotional
expression, and environmental impacts [25][47]. These are the factors that lead to
the SEC systems’ poor performance, which occasionally causes them to misclassify
and yield false positives in emotion classification. For example, a psychoanalyst
may make a mistake in providing the appropriate treatment for a patient with
depression or mental illness if they interpret a neutral emotional expression as in-
dicating disgust. When a crucial choice, such as a forensic or criminal inquiry, is
made based on a recognized emotion, it may also have negative consequences.

Therefore, a pertinent question that never goes away is: Is it possible to en-
hance the accuracy and reliability of the emotion classification systems to gain the
confidence of experts in the neuroscience field? Also, can we develop a system that
efficiently and accurately classifies emotion, keeping in mind that emotion affects
crucial decisions and that correctly classifying it would enhance human-computer
interaction, given the significance of accurate emotion classification in our scenarios?

An accurate, portable, and efficient system for classifying emotions is greatly
needed to obtain suitable responses to these questions. The framework that is
required to minimize the time and computational cost involved in handling complex
features of speech signals must be data-driven, parameter- and memory-efficient [4].
The classification technique will lower the misclassification rate of speech utterances
with complex features and classify speech utterances into six basic emotion classes:
angry, sad, disgust, happy, neutral, and fear. The primary goal of this research is
to develop a speech emotion classification system that is more accurate and specific
while minimizing false negatives.



The development of a reliable and efficient speech-emotion classification sys-
tem through the use of cutting-edge machine learning techniques like deep learn-
ing approaches is what then motivates this research. In pattern recognition and
sequence operation, deep learning techniques have reached state-of-the-art perfor-
mance [22|[1]. Their ability to learn and extract deep and hierarchical features
from complex speech spectrogram data is what makes them effective. For example,
a popular deep learning technique known as Deep Convolutional Neural Networks
(DCNNSs) with attention mechanisms and Long-Short-Term-Memory (LSTM) can
process a wide range of tasks involving fine-grained objects[15]. Compared to hand-
crated techniques, this robust method is far more effective at extracting salient fea-
tures from audio signals and sequence data [24][45][44]. Additionally, deep learning
approaches offer fault tolerance, adaptability, and optimal performance with high
sensitivity and specificity for accurate speech signal analysis. They frequently offer
solutions to the problems with the conventional SEC model. Compared to tradi-
tional SEC methods, deep learning techniques are more effective, particularly when
it comes to learning highly discriminative features and long-range dependencies
that aid in the classification of emotions. However, the following factors continue
to limit their performance:

1. Training deep learning techniques on sparsely labeled data may result in poor
generalization and over-fitting.

2. To function well, the majority of deep learning techniques rely heavily on
tuning millions of parameters, which increases their memory and computing
requirements.

3. When faced with complex situations involving background noise, a wide range
of verbal expressions, and cultural variances, they do badly.

4. Since speech utterances are always recorded using various devices with vary-
ing sample rates, deep learning approaches also require a strong framework
to learn emotional cues from a variety of datasets and languages.

The motivation of this research is to model optimum solutions to the shortfalls of
deep learning systems so that they can classify speech emotions accurately and with
the fewest possible false positives and false negatives. It explores how the robustness
of the emotion classifier improves when deep transfer learning, feature selection, and
a natural language processing model are incorporated into the classification task.



1.3 Problem Statement

The research work explores and models a deep learning framework for improved
Speech Emotion Classification (SEC) systems using speech signals. When it comes
to addressing the issues that conventional SEC systems have when processing raw
speech signals, deep learning frameworks are highly promising. A great deal of re-
search in the recent time has attested to this fact. Therefore, an ultimate solution
will result from a deep learning framework that can effectively classify emotion from
human speech. However, accurately classifying speech emotions and developing ef-
fective, efficient feature extraction and selection approaches for speech spectrogram
images containing complex features like language, culture, and background noise
present challenges. Furthermore, optimizing the selection of significant features
that aid in the recognition of emotions from speech signals is also necessary. Ad-
ditionally, the deep learning framework’s computational and storage complexity
must be optimized. Another issue is that training with little datasets necessitates
a data-driven system.

Owing to the potential benefit, a robust deep learning framework for the anal-
ysis of speech signals will be produced by combining feature selection approaches
with classification processes. By investigating the potential of Deep Convolutional
Neural Network (DCNN) based architectures for emotion recognition and mitigat-
ing the effects of currently existing deep learning system limitations, such as the
need for millions of parameter tuning and a massive training dataset, overfitting
and weak generalization while training with insufficient labeled training data, and
common challenges in processing images generated from speech signal with varied
features, this study proposes a new deep learning framework for automated speech
emotion classification.

The following are the major problematic areas that are taken into consideration
in this thesis:

1. Deep learning techniques are mostly used to hierarchically learn the features
corresponding to the emotional cues from speech signals by using huge la-
belled datasets [24]. In speech emotion classification, where there is a scarcity
of labelled datasets, using limited labelled data can lead to overfitting and
poor generalization. Generally, they require large training datasets to create
effective models. Due to security concerns, human speech datasets are more
difficult to obtain than image datasets. The low sensitivity of the model to
emotional information can also result from training deep learning techniques
with a smaller amount of data. This thesis addresses this issue using a deep
transfer learning approach. An optimal deep transfer learning approach can
manage the differences in emotional utterance representation and class labels
between the source and target data, which could lead to a biased feature



extraction network that performs worse on the target data in terms of gener-
alization [45].

. Moreover, some speech signals exhibit abnormalities in their spectral proper-
ties, leading to over-blotted features. This poses a challenge for deep learning
techniques that aim to accurately analyze speech and classify emotions [22][1].
For instance, because of their striking similarity in energy and pitch charac-
teristics, it may be incorrect to identify the emotions of surprise, happiness,
and anger in spoken utterances [15]. When recognizing emotion, the systems
may become confused by these striking similarities. Furthermore, it is im-
possible to overemphasize the likelihood of many characteristics arising from
overlapping emotions in a multiclass problem such as speech emotion classifi-
cation. However, using unique feature extraction approaches, the traditional
and certain early SEC systems sequence models attempted to address this
issue. However, due to the heavy reliance on handcrafted features with low
model generalization ability and limited capacity to create high-level represen-
tations, their effectiveness has been limited [I5]. When recognizing emotion,
the systems may become confused. This research aims to provide an effective
Deep Learning framework that can handle these problems by introducing an
extended deep transfer learning with feature selection approaches that mini-
mize misclassification of emotion.

. This research aims to develop a deep learning framework for accurate and
efficient speech emotion classification by addressing the challenges posed by
artifacts and noise [I7][12][14] in spectrogram images. The framework will
incorporate effective speech-processing techniques and capture long-range de-
pendencies to improve classification accuracy and enable early detection of
emotional states. Additionally, feelings that lead to depression can result
in chronic mental illness or premature death. Human well-being will be en-
hanced by early and accurate emotion classification from speech that is not
limited by place, time, or obstruction, unlike facial expression identification.
With the help of this research, a strong and effective framework for quickly
identifying emotions from speech signals—such as anger, sadness, happiness,
fear, neutrality, and disgust—will be developed.

. Despite the recent progress in deep learning for speech emotion Classifica-
tion, models for cross-cultural adaption still require significant improvement.
Speakers’ diverse cultural backgrounds contribute to the diversity of speech.
Speaking utterances are associated with other languages in addition to the
cultural background. This will overcome the shortcomings of existing sys-
tems that find it difficult to account for language differences when working
with sequence data. Examining and creating deep learning methods that al-
low models to generalize in a variety of languages [11] and cultural contexts,
without concentrating on local features alone is needful. This thesis addresses
this issue using a deep learning approach that learns global emotional features
from speech signals using a large language transformer [44] model.
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5. Deep learning approaches mainly depend on the appropriate tuning of millions
of parameters, which frequently results in overfitting, subpar generalization,
and excessive computational resource usage [20]. Additionally, this process
raises the memory and processing resource requirements for an effective sys-
tem. A time-based emotion classification system must build a strong sys-
tem that can quickly and efficiently handle computer resources, even though
the widespread availability of GPUs has been able to counteract this effect.
Computational resources should be managed efficiently to promote system
portability on low-memory devices for convenient access. For effective perfor-
mance speech emotion categorization, deep learning architecture still has an
opportunity for several advancements and best practices.

6. Lastly, Though many novel feature extractions have been developed, however,
their performance is limited without corresponding features feature selection
approach. Besides, not all speech utterances carry relevant emotional fea-
tures and extraction of local features by deep network layers alone for accu-
rate emotion classification is not sufficient. Therefore, the incorporation of
feature selection techniques with an attention mechanism for the selection of
emotionally relevant features is proposed in this research on deep learning
frameworks.

1.4 Aims and Objectives

The main aim is to model a fully automated deep learning framework for speech
emotion classification.

Objectives:
1. To perform a comprehensive and analytical review of the current deep learning
approaches for speech emotion classification.

2. To model a Deep Learning technique and dimensionality reduction for speech
emotion classification using Deep Transfer Learning.

3. To investigate the performance of deep learning methods based on feature
selection algorithms and classifiers.

4. To model an efficient lightweight deep learning framework using various deep
neural network architectures.

5. To improve the classification method with an efficient transformer model and
its performance on the speech emotion dataset.

6. To model a fully automatic approach using an attention-based network and
regularized feature selection for efficient classification of speech emotion.



1.5 Research Approach

This research investigates and develops a novel deep learning approach that uti-
lizes 3 main stages; speech analysis, feature extractions, and classification stages
for accurate classification of various categories of emotion from speech signals. This
novel approach achieves accurate and efficient classification of speech emotion into
various classes. This approach tackles myriad challenges previously highlighted
that are confronting the existing deep-learning framework for the SEC system from
speech signals. In the approach, an auditory speech utterance, which is the most
natural way of human communication and expression of personality traits, was first
subjected to standard audio processing of segmentation or framing, filtering, win-
dowing, and silence removal for the extraction of speech features. Two prominent
features (mel-frequency cepstral coefficients and mel-spectrogram) that are most
suitable for the deep learning method have been utilized in this research work. To
extract the mel-frequency cepstral coefficients (MFCCs) [33], the audio signal is
first framed into short, overlapping audio frames that last 25-40 ms to calculate
the MFCCs. This yields a total of 16x32 = 512 audio samples per frame at a
sampling rate of 16 kHz and a frame length of 32 ms.

Furthermore, the overlapping sections contain 16x16 = 256 audio samples if
the frame step size (hop length) is 16ms. Next, for every audio frame, the power
spectrum’s periodogram estimate is computed. Thereafter, a mel-filterbank with
a set of 2040 triangular overlapping filters is utilized for mapping the powers of
the spectrum to the mel-scale which results in the mel-spectrogram image. When
applied to the power spectrum, these filters—whose spacing is determined by the
mel-scale—provide the filter bank with energy. The logarithm function is applied
to the filter bank energy once they have been obtained. This is necessary since
loudness is not perceived by humans on a linear scale. The features are compressed
by the log operation to make them more akin to human speech. To obtain the mel-
frequency cepstral coefficients, the log mel-filter bank energy must be subjected to
a discrete cosine transform (DCT).

The speech feature extraction output is sent into the various deep learning mod-
els proposed before the classification stage, which is made up of the best-performing
classifier algorithms. We have therefore developed an automated framework that
incorporates speech signal analysis, feature extraction, and selection for emotion
classification.

1.6 Thesis Contributions

The main contribution of this research is to develop an automated framework for
speech emotion classification. This research contributes to the research area of HCI
in the following areas:

10



1. A deep transfer learning classifier with dimensionality reduction for over-
blotted features on speech signals with the capability to perform efficiently
on a limited training dataset.

2. An extension of deep transfer learning network with a novel feature selec-
tion algorithm for complex features inherent in speech utterances for emotion
classification.

3. A novel transformer method derived from a natural language processing model
has been introduced.

4. A memory and parameter efficient VGGNet framework specially designed for
the efficient classification of speech emotion.

5. An attention-based network incorporated with regularized feature selection
has been developed for accurate recognition of emotion from speech utterances

1.7 Datasets Sources

Datasets utilized for this thesis were mostly simulated and synthetic speech emo-
tional corpora. These datasets which include, TESS[39], RAVDESS [28|, EMODB
[10], and EMOVO [18] are open-source and publicly available. The data were uti-
lized directly for validation of all the models created in this thesis and to assist in
evaluating and benchmarking results from the models proposed. It must be stated
also that all sources for data used in this thesis were duly acknowledged.
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Chapter 2

Literature Review

2.1 Introduction

This section of the study provides an extensive overview of the many cutting-edge
deep learning methods and techniques applied to speech emotion classification.
Many scholars have put forth several learning algorithms, and these have had a
significant impact on the results of emotion classification from speech signals. The
study examined the common evaluation metrics used for performance evaluations,
examined the popular convolutional neural network architectures used for classi-
fication and provided a critical analysis of the effectiveness of some deep learning
models on public speech emotion classification datasets.

2.2 Speech Emotion Classification: A Survey of the
State-of-the-Art

2.2.1 Brief Review

This section presents a review paper on approaches and techniques in speech emo-
tion classification. The paper studied a comparative analysis of the conventional
approach and the performance of some of these approaches on the speech emotion
benchmark highlighting the strengths and weaknesses of each approach. This re-
view served as a guide in choosing the appropriate algorithms for future work in
speech emotion classification.

Paper status: Published in Springer, LNCS, Pan-African Al & Smart Systems,
2023.
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Abstract. Technological advancement and rapid growth in Artificial
Intelligence (AI) with the corresponding non-availability of sufficient
dataset for training the machine learning algorithms has paved the way
for applying deep learning techniques for classifying human emotion from
auditory speech. The study presents a full survey of the state-of-the-art
algorithms and approaches for performing speech emotion classification.
Comparative analysis of existing methods for extracting features from the
speech signal, a critical review of the performance evaluation of specific
algorithms developed for carrying out speech emotion analysis, coupled
with the study of evaluation metrics used for performance analysis is
presented. The major strength and weaknesses of the algorithms exam-
ined were highlighted. Ultimately, the best-performing algorithm can be
inferred from the comparison. This paper provides a survey with the
utmost aim of revealing how most deep learning techniques outperform
conventional algorithms for speech emotion classification.

Keywords: Classification - Speech emotion - Performance metrics -
Deep learning - Classifiers

1 Introduction

Auditory speech interaction seems to be the most simple and convenient mode
of human communication. In addition to linguistic information such as connota-
tion and dialect type, speech signals carry a wealth of non-linguistic information
such as facial expressions, speech emotion, and so on. Speech emotion classi-
fication [1] (SEC) has become increasingly important in affective computing
and human-machine interactions in recent years, as a result of notable advance-
ments in computer vision, artificial intelligence, and machine learning. In many
publications, it is also popularly known as speech emotion recognition (SER).
Speech emotion classification entails recognizing the emotional feature of speech
regardless of the actual meaning. Though individuals can achieve this task as
a natural component of verbal communication, the possibility of accomplishing
this automatically and more accurately using a computer device is still research
in progress [2,3|. The innovation by which a computer can automatically and
© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2023
Published by Springer Nature Switzerland AG 2023. All Rights Reserved

T. M. Ngatched Nkouatchah et al. (Eds.): PAAISS 2022, LNICST 459, pp. 379-394, 2023.
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accurately understand human emotion through speech has piqued the interest
of several researchers. SEC is particularly beneficial in applications that require
normal human-machine interaction, such as e-learning, customer support and
online movies, where the response of the user is determined by the detected
emotion [4]. It is also helpful for in-car board systems, where the system can use
information about the driver’s mental state to initiate vital safety measures [5].
It can also be used as a clinical diagnosis for patients who are suffering from
a mental disorder. It is applicable in automatic translation systems where the
speaker’s emotional state is a factor in communication between parties. How-
ever, the lack of a sufficient label dataset to train machine learning algorithms,
in identifying human emotion has encouraged the application of deep transfer
learning [6]. The specific contribution of this study is to compare several cutting-
edge and state-of-the-art techniques for classifying emotion from speech signals.
We carried out a comprehensive survey of eliciting emotion from human audi-
tory speech using the conventional approach of classification, neural network and
deep learning techniques. Possible combinations of the traditional approach of
classification and deep learning (Convolutional Neural Network and Recurrent
Neural Network) also known as ensemble methods for improved classification
accuracy were highlighted. Researchers in the speech emotion domain and affec-
tive computing will be thoroughly furnished with the growth of research in emo-
tion classification and enhancement in models for more accurate recognition of
emotion from this study.

1.1 Emotion Classification

Emotion is a positive or negative mental state that is linked to a sequence of
physiological activities. Emotions describe an individual’s psychological condi-
tion. It is impossible to separate it from man, as it is exhibited at one point
or another. Emotion is a dominant factor in human attitudinal behaviour and
comportment, according to scientific findings. Personality theory, which reveals
human actions and inactions, has a significant relationship with the emotional
state of people.

The obvious reason why emotion classification has attracted so many schol-
ars in the last decade is that man and his emotional traits are inextricably
linked. It influences the creation of higher levels of awareness during embryoge-
nesis and determines the content and structure of consciousness throughout a
lifetime [7]. Majorly, emotion falls into two categories, which are positive (happi-
ness, surprise, excitement) and negative (sadness, anger, disgust, fear) emotions
respectively.

Emotions, like any other neurobiological activity, range in intensity from
low to high. SADNESS, HAPPINESS, DISGUST, ANGER, SURPRISE, and
FEAR are the six main categories of emotion identified by Paul Ekman’s study
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as depicted in Fig. 1. Disgust and anger, for example, may combine to generate
a new emotion called con-tempt and so when these six basic emotions unified,
there is a likelihood for more complex emotions to emerge [8].

Speech Language Speaker Emotion Cognitive Load
LINGUISTIC PARALINGUISTIC

Happy Sad Fear

Angry Disgust Surprize
Fig. 1. General framework of emotion classification

Certain real-life scenarios have shown that emotion is transferable (though
not always), and the explicit purpose of human social interaction will be mean-
ingless without an accurate classification of emotion [9]. Many relationships and
societal groups have been battered because of the inability to manage emotional
outbursts. A variety of methods for classifying emotion have been developed,
including facial image expression, audio speech, and behavioural traits just to
mention a few, however, the focus of this study is on speech utterance [5].

The remaining section of this study is as follows. Section 2 entails a discussion
on speech emotion classification with corresponding classification algorithms.
Section 3 discusses various evaluation metrics for emotion classification models.
A critical review of state-of-the-art methods of emotion classification was carried
out in Sect.4 and Sect. 5 concludes the study.

2 Speech Emotion Classification

The study of emotional attributes from speech signals is known as speech emotion
classification (SEC). It is the most prevalent and suitable means of recognizing
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human emotion, therefore it’s no surprise that it’s attracting a growing number
of scholars with the potential to expand research in Human-Computer Interac-
tion (HCI). To detect emotional content from a speech signal, various approaches
such as Mel-frequency cepstrum coefficient (MFCC), log-mel, prosodic and spec-
trogram have been applied to extract speech features before classification into
different emotions takes place [9,10].

The following reasons have made speech emotion classification a thought-
provoking task. Foremost, it is uncertain which features of the speech signal can
be optimally used for differentiating between emotions. The variation introduced
by different speakers, speaking styles, and tempo has added another obstacle
because these properties have a huge impact on commonly extracted features like
pitch and formants [11]. Insufficient dataset with which deep learning techniques
can be trained and the absence of an indigenous language ascent dataset are
subjects of concern in SEC.

A comparison of several techniques and their performance using some well-
known evaluation metrics is carried out in this study. The performance of several
techniques used in the main conference on emotion classification was also inves-
tigated in this work. The task was divided into three main components: dataset
preprocessing and augmentation, feature extraction, and emotion classification
(sad, happy, angry, etc.). The accuracy of performance evaluations as well as
other evaluation measures was critically examined.

2.1 Speech Emotion Classifiers

With a broad range of research articles published a few years ago, the subject of
classification algorithms and techniques has been deemed a significant aspect of
Machine Learning (ML). The term “classification” in ML has typically been used
in a broad sense, encompassing supervised, unsupervised, and semi-supervised
learning algorithms. The goal of unsupervised learning is to find and analyze
the structure of unlabeled data. Each data input is pre-assigned a class label in
supervised learning, to which speech emotion classification also belongs [12,13].

The classification techniques usually require a split of the dataset into train-
ing and testing data. In the recent past, there has been a notable development
in research for the development of multiclass classification algorithms and tech-
niques for speech emotion classification. One of the popular classification algo-
rithms is rule-based which classifies data by using a group of “if... then...” rules.
It follows a set of conditions having conjunctions of attributes, before arriving
at a conclusion. A decision tree is a primary example of rule-based classification
[14] (Mulongo Pihlqvist, 2018; Jasmeet-Kaur, 2020) [15]. Other classification
algorithms that have been used in the time past are Support Vector Machine
(SVM), Hidden Markov Model (HMM), Artificial Neural Network (ANN) and
K-Nearest Neighbour (KNN). Majorly, classification algorithms are subdivided
into four categories: Binary, Multiclass, Multi-label and Imbalanced classifica-
tion as depicted in Fig.2. These algorithms and their combinations have been
applied to emotion classification by various researchers and their performance
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OBInary *Multi Class
Classfication e.g Classification
Decision Trees, e.g K-Nearest
SVM Neighbour

—

Classification Algorithms

—

*Multi label *Imbalanced
Classication e.g Classification
Random Forest e.g Random

J L Undersampling
. J

Fig. 2. Categories of classification algorithm

verified using certain standard evaluation metrics [12|. A comparison between
these algorithms is shown in Table 1.

2.2 Support Vector Machine (SVM)

SVM is a typical supervised machine learning algorithm that performs well in
many classification problems. It uses distinct patterns by splitting hyperplane
and kernel functions in modelling non-linear decision margins. SVM ensures that
margins between various classes of the dataset (emotional features) are maxi-
mized by constructing the best hyperplane. SVM was utilized in [16] to classify
three distinct human emotions (happy, sad and neutral) from Berlin Emo-DB
and Chinese speech emotion corpus. In their experiments, emotional speech fea-
tures (Mel-frequency Cepstral Coefficient, energy and pitch) were extracted from
the speech signals, and they achieved 91.3% and 95.1% on both datasets respec-
tively. SVM performs classification on input data [17] using Egs. 1 and 2.

k(c,c;) = (ycle; + m)d (1)
c= ngik(ci,c) +5b (2)
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where m is a constant, k represents the kernel function, c is the input data, wg;
represents a weight, with b as a bias, ¢; is the support vector and d denotes the
degree of the polynomial function ~.

2.3 Hidden Markov Model (HMM)

As its name implies, HMM follows the Markov process with an unobserved event
in the statistical Markov model in which the probability of a new event relies
on the previous event. The word “hidden” denotes the ineptness to recognize
the process that produces the event at a certain moment in time. Then, using
the framework in conjunction with the target realities of the current event, it is
possible to utilize a likelihood to predict the subsequent event. HMM has been
successfully used to classify speech emotions in [18] where an accuracy rate of
89.2% was recorded and they established the fact that recognition of emotion
with log frequency coefficient features is higher than human vocal tract features.

2.4 K-Nearest Neighbor (KNN)

K-NN is a classification algorithm that is based on propinquity (nearness). It is
a supervised classifier known for its convenience and ease of implementation in
tackling classification tasks. It performs the classification of data using Euclidean
Distance as indicated in Eq. 3.

where x, y represents two points in Euclidean space, x;,y; represents the vec-
tors of Euclidean and N represents the N-th space. The value of k (k-nearest)
determines which class the will data be assigned to, among its neighbours. In
[19], KNN and artificial neural networks were applied in classifying emotions
from a speech corpus that was centred on two different languages. An accuracy
of 69.89% was recorded with KNN after the experiment was carried out using
linear prediction and frequency cepstral coefficient (feature) and Hurst parame-
ters.

2.5 Decision Tree (DT)

The decision tree is based on a divide and conquers algorithmic approach most
suited for a no-linear classification problem. It can be simply described as a
tree structure, having several nodes, leaves, roots and branches. DT in a clas-
sification task accepts discrete values based on binary recursive partitioning,
which involves dividing the data into subsets and then further dividing those
subsets into smaller subsets. The method then terminates the procedure once
all the requirements have been successfully completed and the subset data is
sufficiently homogeneous. A decision tree approach was applied in [20] for the
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Table 1. Summary of comparison of State-of-the-art algorithm

Algorithm Brief description Strength Weakness Author

SVM It’s a linear model | Performs well when | It suffers from Vladimir Vapnik in
that can be used to | there is a clear over-fitting with a | the 1970s
solve classification | margin of large dataset Fails,
and regression distinction between | when the dataset
problems. The classes. Highly contains more
essential concept is | effective when the | noise, such as
that two classes are | dimensionality overlapping target
separated by a exceeds the number | classes
hyperplane defined | of samples. It
by its normal conserves memory
vector and bias [21]

HMM This is a statistical |Its principle can be | Highly expensive in | Baum L. E and
model that adapted to many terms of Petrie, 1966
describes the tasks [23] computational time
sequences of events. and memory
It consists of a consumption [24]

Markov chain
whose internal
behaviours and
states remain
hidden from the
observer [22]
KNN This is a form of It is not It has the major Evelyn Fix and

machine learning
algorithm that can
handle
classification and
regression
problems.
K-represent the
number of
neighbours [25]

cumbersome to
implement. i.e.,
simple and easy.
Also, it has no
assumption

drawback of being
substantially slower
as the size of the
data in use grows.
It is a lazy learning
algorithm [15]

Joseph Hodges in
1951

Decision Trees

DT is a classifier
that recursively
partitions data
space in such a way
that it can be
described as a
collection of related
rules. It is usually
made up of various
nodes that
symbolize a branch
of a rooted tree.
[26]

Simple, easy to
understand and
robust to outliers

Not suitable for
large datasets
because it results
in overfitting.
Prone to the wrong
prediction as a
result of noise [27]

Around 1970s s
(First Version)
Breiman, Stone,
Friedman, and
Olshen

classification of speech emotion and an accuracy rate of 82.9% was achieved on
the EmoDB speech corpus.
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3 Performance Evaluation Metrics for the
State-of-the-Arts Classification Algorithms

When evaluating and comparing different classification models’ multiclass prob-
lems, performance metrics are immensely important. Many measures can be used
to evaluate a multi-class classifier’s performance [28|. The performance of vari-
ous speech emotion classification algorithms on speech corpus is presented in this
paper. Several metrics for analyzing the output quality of speech emotion classi-
fication algorithms are employed to evaluate the classification results. Confusion
matrix, sensitivity, specificity, accuracy, Mathew Correlation Coefficient (MCC),
and average precision are all commonly used metrics for evaluating algorithm
performance. There are four essential parameters in getting these metrics:

True positives (TP): Is a key parameter in evaluation metrics which shows
whether an observation predicted to belong to a class really belongs to that class
ie, TP — (M € Y) = 1, where M is the predicted value and Y is the actual
value and 1= +ve, 0 = -ve.

True negatives (TN): Usually indicate that the predicted observation not
belonging to a class does not actually belong to that class in the real sense i.e.,

TN — (M ¢Y)=0

False positives (FP): As its name implies, happens when the prediction shows
that an outcome belongs to a class when it does not, in the real sense. In other
words, both the prediction and the actual are not having the same data point
ie, FP— (M =1,Y =0)

False negatives (FIN): This happens when the prediction indicates a false
identity of observation of not belonging to a class when it belongs to that class
ie, FN - (M =0,Y =1)

The proper combination of these parameters can then be used as the basis for
computing the metrics mentioned above, as follows:

Confusion Matrix: Is a summary of prediction results on a classification task.
The number of correct and wrong predictions are reported with count values
and simplified by each class. It is one of the easiest means of determining the
performance of a classification algorithm.

Accuracy: It can be represented by the ratio of correct predictions to total
predictions. The accuracy score function from the “sci-kit learn” python library
can be used to compute the accuracy of a classification algorithm or model.
Mathematically:

A TP+TN (4)
ceuracy =
Y T TP Y FP+ TN+ FN
Specificity: It is the ratio of actual negative to predicted negative
TN
Specificity = ————— 5
peci ficity FPLEN (5)
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Sensitivity: This is the ratio of actual positives to predicted positives.

TP

TP+ TN (6)

Sensitivity =
Precision: It is the ratio of relevant samples that are true positives out of all
the samples which were predicted to belong in a certain class.

TP
Precision = TP—I——FP (7)

Mathews Correlation Coefficient (MCC): The quality of multiclass classi-
fication in machine learning is measured using MCC. Because, it considers both
true and false positives and negatives, regardless of class size, it is commonly
viewed as a balanced metric. It stores correlation coefficients between —1 and
+1, with +1 indicating a perfect prediction, 0 indicating an average random
prediction, and —1 indicating a reverse prediction. It is defined as follows:

(TP.TN) — (TP.FN)

MCC =
V(TP + FP).(TP+FN).(TN + FP).(TN + FN)

(8)

Alternatively, given a matrix C with k classes, MCC can be computed as:

ch—Zi{pkxtk

MCC =
V(82 = SE ) (2 = Y px )

where;
c= ZkK Cik represent sum of correctly predicted elements

s = Zf Z]K C;j represent cumulative sum of elements

Pr = ZZK Ci total number of occurrences of class k prediction

tr = Zf{ C',t number of true occurrence of class k
However, the high performance of a given method or algorithm can be measured
by corresponding high sensitivity and specificity. Investigation from this study
reveals that MCC has not witnessed huge application as others in both binary
and multi-class classification problems.

4 Speech Emotion Classification: A Critical Analysis
of State-of-the-Art Techniques and Algorithms

Various Deep Neural Network (DNN) algorithms for speech emotion classifica-
tion have been developed and applied in the past. DNN has a general framework
of an input layer, several hidden layers and an output layer. Speech features are
usually extracted through the hidden layer of a typical deep-learning algorithm
for speech emotion classification. This section describes how some algorithms
have been used to classify emotions using one or more speech corpus, and their

21



388 S. Akinpelu and S. Viriri

corresponding performance. Table 2 shows the performance evaluation results of
these algorithms. In [29] a machine learning approach (KNN, SVM, DT and
Random Forest) for classifying speech emotion from the speech signal was pre-
sented. MFCC was used in extracting the features from the spectrogram because
of its dimensionality and computational time reduction capability it possessed.
Average accuracy of 75%, 90% sensitivity and 91% of specificity was reported
after an experiment was carried out using TESS and KEEL speech datasets.
However, most of the algorithms used in this work in detecting emotion from
the speech were conventional and may not be able to handle a large dataset as
obtainable in neural network techniques. Also, only MFCC cannot yield a high
recognition rate of emotion.

Using a Recurrent Neural Network (RNN) and Multi-Head attention-based
mechanism, [30] proposed a multimodal-based approach for SEC. The proposed
approach is based on two different forms of speech representations: the MFCC
of an audio signal and word embedding from text data. They achieve state-
of-the-art performance on the IEMOCAP, MELD, and CMU-MOSEI datasets
by training these features in temporal space. Though a higher rate of accuracy
was recorded, no fine-tunning in the model was adopted and also other speech
features like chroma and prosodic were not captured. The algorithm is susceptible
to gradient vanishing and difficulty in training.

In [31], a Multi-scale discrepancy adversarial network for cross-corpus speech
emotion classification that uses various timelines of deep speech features to simul-
taneously train a collection of hierarchical domain discriminators and an emotion
classifier in an adversarial training network was proposed. To determine cross-
corpus efficiency, the research was bench-marked on three major speech datasets
(IEMOCAP, CASIA, and MSP), each of which contained two different languages
(English and Chinese). Although there was considerable improvement, no base-
line comparison was carried out.

A robust and versatile deep learning emotion recognition system based on the
analysis of speech signals using a combination of MFCC, HNR, ZCR and TEO
parameters with SVM at first and later with Auto-Encoder (AE) was proposed
in [32]. An RML (Ryerson Multimedia Lab) emotion corpus consisting of 720
auditory human emotional expression samples of Anger, Disgust, Happy, Fear,
Surprise and Sad were employed. About six languages were contained in the
corpus used for this work. They show that auto-encoder dimension reduction
can improve recognition rate with an accuracy score of 74.07% and 72.83% for
both methods as against another baseline approach of emotion classification. The
ability to maintain the same accuracy score and recognition rate with multiple
speech databases of larger samples is of major concern in this work.

In the work of [33], an improved speech emotion classification using trans-
fer learning with spectrogram augmentation was presented. Transfer learn-
ing is a deep learning technique that leverages a pre-trained neural network
model. It usually yields better results even with a small dataset. A pre-trained
ResNet model was adopted in their work and features were extracted from
high-resolution log-Mel spectro-grams using the convolution layer of the neural
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network model. Additional data samples were generated through spectrogram
augmentation. The performance evaluation of their work was carried out on the
interactive emotional dyadic motion capture (IEMOCAP) dataset and the result
indicated that transfer learning with spectrogram augmentation can improve the
rate of emotion recognition. However, the mode of fine-tuning of pre-trained neu-
ral network model which is the major key in transfer learning was not stated.
Also, loss of feature or distortion on the spectrogram image can occur if the aug-
mentation technique of the data sample is not efficient. This work did show a
comparison of the original spectrogram data and augmented ones if the quality
remains the same before feeding it into the CNN model adopted. Both facial
and audio data were utilized in [6] to perform embedding extraction and fine-
tuning a transfer learning model for multimodal emotion classification. Despite
the poorer performance of the visual modality compared to the speech modality,
after fine-tuning the Convolution Neural Network (CNN)-14, the fusion of both
inputs yielded 80.08% emotion classification accuracy.

Zhang et al. [34] applied DCNN-BLSTMwA for enhanced speech motion
classification. Speech samples were first preprocessed by data enhancement and
dataset balancing. Their model was pre-trained on ImageNet architecture to gen-
erate the segment-level features. Eventually, the Deep Neural Network (DNN)
was fed with learned high-level emotional features in order to predict human
emotion. The result of the performance analysis of the proposed model was
carried out on two popular speech databases (EMO-DB and IEMOCAP). An
average score of 87.86% and 68.50% for Sensitivity and Specificity was recorded
respectively. The work shows high performance in recognition, but the model
tends to require high computational time and a large dataset. To improve the
accuracy of a speech emotion classification, a novel feature reduction approach
was proposed in [35]. They used OpenSMILE-2.3.0 to extract speech feature
sets, such as the waveform, Mel/Bark spectrum, FFT spectrum, speech quality,
signal energy, and formant, to mention but a few for a total of 384-dimensional
features, at the feature extraction stage of their work. The result showed an
accuracy score of 83.70%. Dangol et al. [36], proposed a 3D-CNN-based LSTM
network with a relation-aware attention mechanism for speech emotion classifi-
cation. The peculiar situation of overfitting was overcome by oversampling and
deep learning black box techniques. A higher accuracy score of 81.05% in detect-
ing mood disorders was achieved after the training of the model. Atila & Sengiir,
[37] applied 3D CNN-LSTM and attention for accurate classification of speech
emotion. In their proposed method, six 3D CNN, two batch normalizations, five
ReLu activation, three 3D max pooling and one LSTM layer were used. An
experiment was carried out on three datasets (RAVDESS, RML, SAVEE). The
novel approach achieved 94.17% sensitivity and 99.09% specificity which proved
the efficiency of their model.
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Table 2. Summary of comparison of State-of-the-art algorithm

Techniques Year | Dataset No. Emotion Reported
accuracy
ANN-LSTM |[38] 2017 | LDC 4 87.5%
ANFIS-MLP [10] 2017 | Berlin EOMD 3 72.5%
Multi-SVNN [39] 2018 | Berlin EOMD — 81.37%
Deep RNN [40] 2018 | IEMOCAP 70.0%
Deep CNN-LSTM [41] 2019 | USC- 52.90%
IEMOCAP
Transfer Learning 2019 | MASC 6 73.6%
SoundNet [3]
2D, 3D CNN-LSTM [42] 2019 | AEFW 60.9%
Deep learning 39 2020 | RML 72.5%
MFCC-HNR-ZCR-TEO
[32]
Transfer learning Siamese | 2020 | RAVDESS, 4 50.0%
NN [42] CREMA,
eENTER-
FACEO05
CNN-LSTM |[36] 2020 | ITEMOCAP, 4 84.6%
Berlin EOMD,
SAVEE
MFCC-NSL [43] 2020 | Synthetic 4 84.25%
HSF-DNN, MS-CNN, 2020 | IEMOCAP 4 53.6%
LLD-RNN [44]
Deep learning GoogleNet 2020 | DEAP 83.59%
3D CNN-LSTM [37] 2021 | RAVDESS, 96.18%
RML, SAVEE
3D CNN-Esemble learning | 2021 | DEAP Valence/Arousal | 96.13%
[45]
Transfer learning CNN-14 | 2021 | RAVDESS 8 76.58%
from PAN [6]
Deep learning fusion 2021 | IEMOCAP, 4, 8 77.5%
spatial feature [46] RAVEDESS
Transfer learning 2021 | RAVDESS 8 80.46%
Wav2vec2.0 [47]
EEG-BiLSTM-DRNN [48] | 2022 | DEAP, SEED, |8 59.0%
IDEA
CNN-BiLSTM-MLP-FSL 2022 | Prototype — 39.0%
[49] utterance
DCERNet-SVM [50] 2022 | DEAP 4 93.0%
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5 Conclusion

Human auditory speech possessed innate features for accurate prediction of emo-
tion, as compared to facial expression, hence the reason why SEC has been
attracting huge researchers globally in the past decades. The state-of-the-art
techniques for speech emotion classification have been critically and analytically
surveyed in this study. The performance of some algorithms as well as evaluation
metrics for speech emotion classification were investigated. The strengths and
weaknesses of these algorithms were also examined. It was observed that the
application of machine learning techniques such as deep learning and transfer
learning for performing analysis on speech signals gives a better performance
in speech analysis most especially in the classification of speech emotion. The
growth of research in speech emotion classification has indeed witnessed a spo-
radic increase in the last five years and yet is still increasing, through the appli-
cation of deep learning as it was revealed through some scientific journals, online
repositories and archives.
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2.3 Deep Learning Framework for Speech Emotion
Classification: A survey of the state-of-the-art

2.3.1 Brief Review

This paper is an extension of the research paper in section 2.2 which presents the
paper entitled Deep Learning Framework for Speech Emotion Classification: A
Survey of State-of-the-art. The study provides an extensive and critical analysis of
many methods—including the most recent state-of-the-art methods—for identifying
emotion from speech signals. The effectiveness of state-of-the-art methods, partic-
ularly deep learning approaches, was compared to that of traditional procedures.
There are several issues with speech emotion classification, which were pointed out
and discussed. The effectiveness of the state-of-the-art method for the speech emo-
tion classification tasks was reviewed. This survey’s main objective is to identify
the shortcomings and difficulties of the current state-of-the-art and suggest a new
model to lessen the impact of these challenges on the creation of effective models
that reliably and automatically identify emotion from images of human auditory
speech.

Paper status: Resubmitted with Minor Correction to Journal Big Data
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Abstract

The intricate landscape of speech emotion classification poses a captivating yet challenging realm
due to emotions being fundamental to human communication. In recent years, deep learning frame-
works have emerged as powerful tools, shedding light on the elusive domain of emotion recognition,
revolutionizing human-computer interactions, and enhancing the emotional intelligence of artificial
intelligence (AI). This survey embarks on an exploratory journey into the forefront of deep learn-
ing approaches dedicated to speech emotion classification. The scarcity of extensive speech corpora
and the need for high accuracy at low computational cost, deep learning has become the standard
approach. One of the main reasons the Deep Convolutional Neural Network (DCNN) is considered
the best method is that it is good at extracting important information from spectrogram images.
Deep learning has been applied to speech emotion classification by many academics, leading to signif-
icant improvements in performance and accuracy. Modern deep learning methods designed for human
auditory speech emotion classification are carefully examined in this work. A thorough examina-
tion of various deep convolutional neural network designs used in emotion classification is provided,
illuminating unique characteristics that capture important data from speech signals for accurate emo-
tion prediction. The research critically analyzes selected deep models using well-established emotion
corpora, highlighting their efficacy. This research provides an analysis of typical performance eval-
uation metrics used to evaluate speech emotion classification models. With this review, we hope to
offer a comprehensive overview of the state-of-the-art, potential directions for further investigation,
and developing approaches that further the field of speech emotion classification with deep learning
frameworks.

Keywords: Human-computer interaction, Deep learning, Speech emotion recognition, Convolutional neural
networks, Vision Transformer, mel spectrogram

1 Introduction humanity[129]. A large amount of literature, schol-
) ] o arly publications, and research initiatives devoted
Speech emotion classification is a potent, common, to this domain since the end of the first decade

and predictable determinant of decision-making.
As a result of advancement in HCI, important
findings have surfaced that indicate how emotions
influence decisions and choices across the entire

of the twenty-first century, have shown that inter-
est in the study of speech emotion classification
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continues to grow. Most of the scientific and psy-
chological effort has demonstrated that not only
does speech emotion classification form the heart
of human life and activity, but it can also be exam-
ined utilizing the computing devices of today’s
modernist concept of science. However, one linger-
ing question is how the use of machine learning
approaches to studying the human, normal, and
empirically observed dynamics of emotion classi-
fication have evolved, changed, or altered their
scope [8],[111],[116]. The general overview of emo-
tion classified into five basic categories according
to Paul Ekan, (1993) is shown in Figure 1. Speech
signal carries both linguistic and para-linguistic
information [64].

The role of emotion classification through
auditory speech in social interaction cannot
be overemphasized. Its application spans self-
driving cars, e-learning and online caregiver
service [112][171]. As the most natural means
of communication, human speech possesses vital
information that relates to personal traits, and
this information has a major impact on how
people interact with each other. This information
furnishes us with the required knowledge to recog-
nize racial background, accent, personality trait,
and culture; which are from speech utterances
[29]{94][121]. These speech features are of utmost
importance to humanity and significant through-
out our life span, but a satisfactory level has not
been reached on how to effectively and accurately
classify emotion from auditory speech. The fact
that speech utterance has a developmental stage
from childhood to adulthood poses another key
challenge to academia that specializes in speech
emotion classification.

However, many researchers and scientific
scholars and concerned industries have undaunt-
edly devoted a lot to model design, algorithms and
techniques, system testing and quality assurance,
among others; yet accurate classification of speech
emotion remains a rocky task in this contempo-
rary time. Apart from hereditary factors, there
are other notable external contributory factors
[230] to speech emotion which are age, gender,
culture and sometimes health condition [31] [50].

The conventional approach of classifying emo-
tion from speech utterances is bewildered by some
difficulties. Many of these existing approaches

such as SVM (Support Vector Machine), HMM
(Hidden Markov Model), and GMM (Gaussian
Mixture Model) follow automatic speech recog-
nition (ASR) that depends heavily on dataset
manipulation and any alteration may require that
the entire model is reconstructed [166]. Emotion
carries vital information that can either mar or
makes an individual personality, the reason why
its classification cannot be held with levity. In
a bid to avert some of these challenges associ-
ated with the traditional approach [109], Deep
learning methods have been adopted for the
classification of speech emotion and an optimum
accuracy has been recorded so far. Transfer learn-
ing, a core branch of deep learning which has
been proven successful in many computer vision
related task, including emotion recognition [112]
usually leverages the standardized pre-trained
[42] model to overcome the problem of the insuf-
ficient training dataset. It is a sub-division of a
deep convolutional neural network (DCNN). The
DCNN application to emotion classification came
to the limelight as a result of its innate capability
to extract speech features distinctively and effi-
ciently from speech signals [153][212].

Current findings have revealed the long-
standing problems of insufficient label dataset
for the classification of speech emotion and high
level of parameterization of the field, however,
researchers are always on their toes in studying
different DCNN techniques [39] that can yield
more appreciable results.

Given foregone, this paper presents a survey
of different deep learning architectures for speech
emotion classification, feature extraction and
selection approaches. We study existing speech
emotion corpora and standard performance eval-
uation metrics that are in use. The methodology
used in state-of-the-art DCNN and performance
evaluation strategy is discussed in detail. We
believe that this study is the first to offer a
comprehensive review on deep learning frame-
work for speech emotion classification.; previous
studies such as Abbaschian et al. [1] and Imani
[81] focused on the model, speech database, and
algorithmic accuracy. The author in Ruhul et
al., [172] and Javier [88] emphasized classical
deep learning techniques application for emotion
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Fig. 1: Basic Speech Emotion Classification Overview

recognition and analysis of peculiar challenges.

The methodology of this review paper goes
over a fundamental concept of speech emotion
classification and deep learning models. Related
publications include a description of the novel
deep transfer learning techniques, as well as
acoustics and spectral features. We focused on
speech emotion corpus, application, and critical
analysis of cutting-edge deep transfer learning
techniques. To find the most relevant published
articles, we searched the Web of Science (WoS)
and Scopus citation repositories. Due to the sub-
stantial amount of research on this subject, this
survey article only reports on a few papers from
the most recent six to seven years of thorough
study (2017-2023)..

The following is how the rest of the work
is organized: we present different deep transfer
learning and DCNN architectures as they relate
to speech emotion classification in section 2 and
3, popular speech features extraction and selec-
tion with an existing speech emotion database in
sections 4, previous DCNN approaches on speech
emotion classification that has been proposed
in section 5, standard performance evaluation
metrics in use is highlighted in section 6 and dis-
cussion in section 9, with a conclusion in section
10. The main contributions of this review paper
are outlined below:

e We present an unambiguous review of vari-
ous cutting-edge deep learning (CNN) archi-
tectures for speech emotion classification,
including their benefits and drawbacks.
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o We also study the speech emotion corpora
and their application in various types of
research in speech emotion classification,
through which the readers can be thoroughly
furnished with the popular speech emotion
dataset and why.

® Jdentification of salient and discriminating
features from speech samples using a state-
of-the-art deep learning model with a feature
selection mechanism was also highlighted.

e We also provide a succinct summary of vari-
ous deep learning methodologies used in the
state-of-the-art speech emotion classification
nowadays and their effectiveness.

2 Deep Learning

Deep learning (DL) is a branch of machine learn-
ing that can handle nonlinear datasets. It is in
most cases interchangeably use as Deep Neu-
ral Network(DNN).Deep Layers of stacked nodes
make up a DNN, which is often trained through
back-propagation and optimization techniques.
Each layer has an activation function and corre-
sponding weights [79]. Deep learning has rapidly
expanded over the last two decades and is now
utilized in many facets of our everyday lives [128].
Since 2011, Convolutional Neural Network (CNN)
layers, for example, have enhanced deep learning
models for computer vision and pattern recogni-
tion related tasks, and as of now, the majority of
DLs include CNNJ[27] layers, which form the basis
of Deep Convolutional Neural Network (DCNN).

In a DCNN model (Figure 2, the input data
p of each layer is structured in three dimensions:
height, width, and depth, or h x h X d, where
the height (k) equals the width. The depth is
represented by a corresponding number of a chan-
nel. In a survey work by Tan et al.,(2019), deep
learning was categorized into four groups, namely:
Instances-based, Mapping-based, Network-based
and Adversarial-based. They concluded that bet-
ter results and robustness can be achieved through
possible combinations of these various techniques.
Deep learning architectures have an in-built fea-
ture extraction mechanism for extracting discrim-
inating features from speech signals, which are
needed for accurate emotion classification. The
major DCNN architectures that are in use are as
follows:

2.1 Capsule Network Architecture
(CapsNet)

Hinton and his colleagues proposed Capsule Net-
works as an alternative to CNN [219]. It takes
features or output from CNN as its input. The
choice of capsule employed will determine how
the features will be processed. As opposed to
ordinary CNN architecture which only accepts
scalar values, CapsNet consists of interconnec-
tions of neurons that can receive and outputs
vectors[89],[106]. It easily learns features from
images and any possible deformations because of
this property. Every capsule inside a capsule net-
work is composed of a collection of neurons, and
the result of each neuron denotes a distinct prop-
erty of the same feature, with the advantage of
identifying the entire object first before identify-
ing its constituent parts [174]. Traditional CNNs
assess the global error that grows toward the rear
during training using a specific cost function. In
such instances, once the weight between two neu-
rons is zero, the activation of a neuron will not rise
anymore [114],[156]. However, CapsNet is referred
to as a shallow architecture because it contains
only two convolutional layers (one of 256, 9 x
9) and a single fully connected layer as shown
in Figure 3. Also, it has not been trained on a
large dataset. Hence, it has recorded insignificant
applications in the SEC domain.

2.2 AlexNet Architecture

AlexNet was proposed in 2012 by Krizhevsky
[103]. It became the first breakthrough of CNN
architecture trained on over one million Ima-
geNet datasets. It has a simple design of five
convolutional layers with (11 x 11,5 x 5,3 x 3)
filters, activation layers, max-pooling layer, and
dropout (for mitigating overfitting), with three
fully-connected layers. Its depth of layers has
contributed in no small measure to its increase
in performance, though with computational cost.
AlexNet won the ILSVRC competition in 2012 as
it ranked best among other architecture trained
with the largest dataset (ImageNet). It is repre-
sented in Figure 4. The original model of AlexNet
is trained on two different Graphical Processing
Units (GPUs).
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Fig. 3: A simplify three layers CapsNet framework. The DigitCaps layer shows how classification loss
can be calculated through the activity vector’s length from each capsule [174].

2.3 Visual Geometry Graphics
(VGG) Net Architecture

VGGNet is a cutting-edge deep learning archi-
tecture proposed after CNN was concluded to be
efficient in the pattern recognition domain. The
model was developed by Simonyan and Zisserman,
(2015). It has a reasonable amount of filters in its
architecture (3 x 3) and about 16 to 19 layers [16]
for in-depth simulation of network representation

capacity. It has an additional max-pooling layer
that is used in reducing dimensionality. VGG16
and VGG19 are variants of VGGNet (Figure 5), it
is referred to as poor learner convolution network
architecture because of the large weight it pos-
sessed. It is slow to train VGG from scratch, which
invariably increases its high computational cost.
This challenge was overcome through an improved
design, a pre-trained approach with fewer weights
by Simonyan and Zisserman, with the capacity
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Fig. 4: AlexNet Framework [103] showing how responsibilities are demarcated between two graphic
processing units (GPU). The layer at the top is executed by one GPU while the layer at the bottom of the
figure is run by another GPU with a network input dimension of 150,528. The communication between

the GPUs occurs at a specific layer.

to use randomly initialized layers to learn distin-
guishing features. VGGNet has been proven to
be an effective model in the implementation of
a speech emotion classification system [4], [211].
To increase its performance and accuracy, VGG
introduced a few designs based on a similar con-
cept (16, 19, and MiniVGGNet). The user has the
option of selecting the architecture that best suits
their needs. We utilized this technique to propose
a robust deep learning speech emotion recogni-
tion whereby VGG16 served as the core network
in [173].

2.4 ResNet Architecture

A novel architecture called Residual Network
(ResNet) was developed by [71], which won the
first position at ILSVRC 2015 challenge. In com-
parison to earlier networks, their objective was
to create a mega-network that was devoid of the
vanishing gradient problem. Depending on the
number of layers, many types of ResNet have been
developed (beginning from 34 layers and moving
up to 1202 layers). ResNet50 was the most promi-
nent variant of ResNet architecture, with 49 con-
volutional layers and a few fully connected layers,
as depicted in Figure 6. Furthermore, ResNet pro-
vided shortcut connectivity within layers to ensure

that parameters are free and data is independent
of in-depth interconnection. When compared to
VGGNet, it possesses a reduced computational
complexity, even when the depth is expanded.
ResNet has a relative application SEC.

2.5 DenseNet Architecture

To eliminate the difficulty of vanishing gradi-
ent, an architecture that is more computation-
ally efficient, called Dense Convolutional Network
(DenseNet) was presented in 2017. It was a joint
innovation by Facebook AI Research (FAIR),
Tsinghua University and Cornwell University. It
adopted a feed-forward approach in connecting
each layer to all layers in the network. It follows
the same concept of an increased network depth as
ResNet [76],[212], but with provision to cope with
error from back-propagation. Additionally, coping
with a large weight is one of the problems asso-
ciated with ResNet, but DenseNet overcame this
challenge by employing an enhanced cross-layer
connectivity approach [206]. DenseNet has been
widely applied in many speech-related tasks. It is
represented in Figure 7 below:
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network input size of 224 X 224 x 3(channel) is accepted

2.6 GoogleNet Architecture

GoogleNet, a 22 layers deep architecture, was
proposed by [188] with an input size of 224 x
224. It trained on ImageNet and outdone VGG
deep learning model at the SVRC challenge of

2014. Tt has a model weight of 28MB with net-
work depth reduced by replacing its top fully-
connected layers with a global average pooling
layer. GoogleNet adopted the concept of micro-
architecture (network-in-network) in constructing
the micro-architecture [117]. A small building
block that efficiently accelerates learning by a net-
work architecture with increasing depth is referred
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to as micro-architecture. The target of GoogLeNet
was to enhance CNN parameters’ effectiveness
and learning ability (Dauphin et al., 2015). Addi-
tionally, it controls the computation by applying
large-size kernels after a bottleneck layer of a 1
x 1 convolutional filter. To overcome the problem
of redundant data, sparse connections are utilized
in GoogleNet. It saved costs by ignoring useless
channels because only some of the input chan-
nels are connected to some of the output channels.
A major contribution of GoogleNet to the deep
learning domain is the concept of the inception
module [3]. However, it has a major drawback of
mixed topological structure, which requires inter-
module adaptation that hampered its rapid use
in SEC domain. Figure 8 shows the framework of
GoogleNet architecture.

2.7 EfficientNet Architecture

EfficientNet is a powerful DCNN model pro-
posed in 2019 by a team of Google researchers
[192] , just as its name suggests. It has vari-
ation ranges from EfficientNetV2B0, Efficient-
NetV2B1, EfficientNetV2B2, EfficientNetV2B3,
to EfficientNetV2L with a minimum input size
of 20MB and Top-5 accuracy measure of 97.5%
[77]. It uses mobile inverted bottleneck convolu-
tion (MBConv), while accuracy and efficiency are
optimized on floating-point operations per sec-
ond (FLOPS) basis as shown in Figure 9. The
overall goal was to increase accuracy in classifi-
cation and improve performance through scaling
of model, depth, width and resolution balanc-
ing. With up to ten times improved efficiency,
EfficientNet has reached and surpassed numerous
state-of-the-art accuracies in several classification
tasks [201]. Furthermore, the main uniqueness of
EfficientNet is the most recent feat of intelligent
and regulated expansion of a neural network’s
three dimensions (width, depth, and resolution)
using a compound scaling approach [42]. How to
increase the dimensions of a neural network in a
way that improves accuracy while requiring the
fewest number of parameters and making the most
of limited resources has proven to be the major
challenge over the years of study in the field of
deep learning. [95]. These shortcomings have been
partly tackled in the EfficientNet deep learning
framework.

Due to the vanishing gradients issue, expand-
ing the dimension of a neural network greedily
does not produce the expected outputs, even when
the minimum operations are not a real target
[3][104]. Instead of arbitrarily modifying these
dimensions, EfficientNet takes self-introspection
into the relationship between the increase in each
parameter and applies an exhaustive search under
a predefined resource constraint. However, recent
findings have shown that EfficientNet performs
poorly on hardware accelerators and the huge
number of parameters (over 5 million minimum)
it possessed may increase computational cost. The
overall description of these state-of-the-art deep
learning architectures is given in Table 1. The
usage of these DCNN architectures for SEC as
explored in literature is shown in Figure 10.

3 Deep Transfer Learning
(DTL) Architectures

Deep transfer learning architectures are based
on the DCNN model that has demonstrated an
appreciable learning outcome in many real-life
applications. Deep learning usually requires a
large data to train with before it can yield an
optimum result [5], but deep transfer learn-
ing transfers knowledge acquired from a source
domain to a target domain [160] [91]. It elim-
inates the need to train a model (Figure 11)
from scratch and thereby reduce time and other
computational complexity, especially when label
data are not readily available, as it applies to the
speech emotion classification domain [208]. DTL
has advanced Al in no so measure in the last
decades (edge devices) by reducing the computing
processing power it will require in carrying out
classification and prediction tasks on low-memory
devices.

Deep transfer learning differs from other
machine learning paradigms such as semi-
supervised learning, multitask learning, and
multiview learning as it is not mandatory that
both the source and target dataset have the same
distribution. DTL’s focus is on the target domain
[80], and source data have already provided the
target data with the necessary knowledge, so there
is no requirement that they work in tandem or
be related. The categorization of DTL is related
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Fig. 10: Chart showing deep learning techniques
frequency of usage

to that of transfer learning in terms of problem
and solution approach (Figure 12). The problem
category can be subdivided into label-dependent
or data-dependent only. Transductive, inductive
and unsupervised learning fall under the label
settings. By description, only the source data is
labelled in transductive; but, the source and target
data are labelled in inductive; while none of the
data is labelled in unsupervised DTL. For Data-
dependent, it can either be homogeneous (only
image dataset) or heterogeneous(speech and text
dataset). Under the solution approach of DTL
taxonomy, [190] divided it into four main groups:
(i) feature-oriented, (ii) network-oriented, (iii)
instance-oriented, and (iv) adversarial-oriented.
In instance-oriented, DTL is based on the fact
that only selected parts of the main instance are
put to use in the source data while adopting a
different weight approach to the target data. The
feature-oriented performs mapping of a certain
set of features( e.g. emotional feature) on both
sides(source and target) of the data. The network-
oriented approach is interchangeably used with
the parameter-oriented which combines knowl-
edge gained from the network model with already
trained layers [55]. It operates through the strate-
gies of freezing, fine-tuning, and addition of new
layers where necessary. The adversarial-oriented
approach implements techniques inspired by gen-
erative adversarial networks (GAN).

In literature, it has been found that the
network-oriented approach of DTL is the most
commonly used approach since it is easier to
implement and it quickly adapts both source and
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target samples through model adjustment. Gener-
ally, network-oriented approaches revolve around
pre-training, layer freezing, parameter fine-tuning
and sometimes the addition of one or more new
layers [152]. For instance, with VggNet, the fifth
convolutional and top layers can be frozen if a
satisfactory speech feature extraction has been
actualized from the fourth convolutional layer.
The top layers, in this case, may represent fully
connected (FC) layers, and can be subjected to
replacement with a classifier for the classification
of emotion.

4 Speech Emotion Feature
Extraction and Selection:
An overview

There are several salient features inherent in
speech signals. Some features are used to extract
linguistic information, and others are used to
extract para-linguistic information. The linguistic
information represents the language and content
of the spoken utterance, while para-linguistic car-
ries emotionally rich information [67]. Similarly,
some classifiers perform well with linear data,
while others with non-linear data [120]. As a
result, providing proper features to be fed into the
classifier is critical for implementing an effective
and accurate speech emotion classification system
[96].

4.1 Speech Emotion Feature
Extraction

The quality of feature extraction that is adopted
in speech emotion classification will determine the
level of accuracy to be recorded. Many feature
extraction approach has been used by researchers
in classifying emotion. It is accomplished by con-
verting the speech signal (waveform) to a quan-
titative representation for further processing and
analysis at a lower data rate [18][169][231]. Unlike
other sub-disciplines in computer vision and image
processing, extracting useful features from speech
signals is quite challenging, especially for deep
learning applications. Traditional and primitive
speech features (quality of voice and pitch)[205]
can be extracted in a handcrafted manner, but this
may not be applicable[155] in deep transfer learn-
ing. Majorly, the popularly used feature extraction
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approach that exists in many research works for
the classification of speech emotion is known as
acoustics features[127].

Acoustic features can be categorized into spec-
tral, prosodic and voice quality features. Spectral
features are commonly used in speech emotion
classification. It is based on the conversion of
the time-based speech signal to a frequency-
based speech spectrum with the Fast Fourier
Transform (FFT) approach, as against temporal
features (zero-crossing, signal energy, and peak
energy), that can be physically interpreted [59].
Mel-frequency cepstral coefficients (MFCCs), lin-
ear prediction cepstral coefficients (LPCCs), and
log frequency power coefficients are the most
employed spectral features in speech recognition.
MFCC is a human hearing system replica that
seeks to artificially reproduce the ear’s inner work-
ings, with the assumption that a reliable speaker
recognition system is the human ear [7]. Win-
dowing the speech signal to disintegrate it into
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frames is the first step in computing MFCC, after
which FFT is used on the frame to locate the
power spectrum for every frame. The power spec-
trum is subsequently processed using a filter bank
(mel-scale). After applying the Discrete Cosine
Transform (DCT), the MFCC(Figure 13) vec-
tor representation is produced. Mathematically,
MFCC can be computed using equation 1 [43].

Cn = nz: (10g§k> cos {n (k - %) ﬂ (1)

where C,, is the actual MFCC, k denotes the
mel-spectrum coefficient and S denotes the filter
bank output. The greater acceptance of MFCC
for speech emotion classification is not without
its ability to capture information from speech
sampled with a peak frequency of 5 kHz, which
contains the majority of the energy of sounds pro-
duced by humans. It can also detect background
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noise that may impair the quality of feature
extraction [150].

By simply replicating the vocal tract of a human,
the Linear prediction coefficients (LPC) have been
providing robust speech features. It uses formant
approximation to perform a deep evaluation of
the speech signal[34] [75]. LPC is fast becom-
ing an efficient formant estimate method and
stronger speech analysis and extraction approach.
An offshoot of LPC is Linear prediction cepstral
coefficients (LPCC). It can be referred to as the
cepstral coefficient that evolves from spectra enve-
lope calculation. In other words, they are the
LPC’s Fourier transform of the magnitude spec-
trum [100]. LPCC’s ability to represent speech
signals in a more perfect manner with a mod-
erate size of features has contributed immensely
to their acceptability in many speech processing
problems. LPCC is very low in terms of its vulner-
ability to noise and error rate. It can be computed
mathematically using equation 2 below.

m—1

k
C(m = Um — m—k
Ay + ;::1 {m} ClQm—k

Where C,, represent the linear prediction cep-
stral coefficient and a,, is the linear prediction
coefficient.

Moreover, in speech feature extraction, the
presence of noise has been identified as the major
factor that degrades the intelligibility of speech
utterances [73]. Therefore, the removal of these
noises from raw speech signals while maintain-
ing the emotional content is pertinent. The use
of spectral subtraction and MEL filter approaches
are the most common techniques for ensuring
that the emotional quality of speech signal is
retained, even though the background noise is
being removed. Mel filter approach is based on
Discrete fast Fourier transform to convert the
time domain speech signal into the frequency
domain. It separates speech signals into a num-
ber of components using filter band-pass, with
each component of the original speech signal car-
rying a sub-band frequency. The noise removal
technique using spectral subtraction is based on
improving the signal-to-noise ratio(SNR) by sim-
ple estimation of both the average noise spectrum
and signal spectrum and subtracting one from
the other. In [134], an enhanced noise removal

(2)
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algorithm was proposed through spectral subtrac-
tion and FFT. The noisy speech utterance was
segmented into half-overlapped time domain data
buffers multiplied by a Hanning window in their
spectral subtraction noise removal method, and
the output is then transformed into the frequency
domain using FFT. The noise is then eliminated
by deducting the noisy speech spectrum’s aver-
age magnitude from it, and the negative values
are then zeroed out by using half-wave rectifica-
tion. Thereafter, an Inverse FFT, was employed
to rebuild the noise-reduced speech utterance back
into the time domain after eliminating the noise
from the noisy speech. The result of their exper-
iment was compared to the original speech sig-
nal and it was discovered that noise has been
removed. However, in the SEC domain, most pub-
licly available datasets(acted) have been subjected
to speech processing, especially, for the removal of
noise, but when a non-acted speech dataset is to
be used for emotion classification, the removal of
background noise will have an effect on the result
to be obtained.

4.2 Speech Emotion Feature
Selection

To identify speech emotion, it is necessary to
choose a small, relevant, and informative set of
features. In most cases, there are duplicated fea-
tures from the speech analysis extraction phase.
The correct prediction rates are lowered as a result
of these extraneous and redundant features[213].
Using a feature selection approach, the compu-
tational load, dimensionality, and the number of
features are minimized[131],[59]. The discrimina-
tive features for model development are deter-
mined using the feature selection technique, to
save training time, improve classification per-
formance and minimize overfitting. In real life
scenario, the feature selection phase takes input
from the feature extraction phase under the deep
learning model [89]. Feature selection can be cat-
egorized into three major groups: filtered-based
(e.g. correlation-based feature selection), wrapper
based and intrinsic feature selection[107]. In [204]
redundant features were eliminated using contri-
bution analysis feature selection approach with
Neural Network(NN). The features selected using
this approach was computed using equation 3
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respectively below.

q
Co=> uppvjk=1,..pj=1,.,0 (3)

Jj=1

given that uj; represents the k'" contribution
from emotional features input to the hidden sub-
layer j in the neural network, p is the total number
of emotional features, while ¢ is the total num-
ber of hidden nodes of the layers and v; denotes
the j*" output contribution to the neural network.
For each emotion class, the set of emotional fea-
tures selected differs, since the intrinsic feature
of each emotion are not the same from speech
utterance. Fisher score and Fast Correlation based
feature selection (FCBF) were employed in [2] to
reduce misclassification rate and improve accuracy
of speech emotion classification. Their method
proved the significance of feature selection in clas-
sification of speech emotion. An accuracy of over
90% was achieved on Berlin Emotional dataset.

5 Overview of Speech
Emotion Databases

The success of deep learning in speech emotion
classification rests heavily on the availability of
speech samples (corpus) that can be used to train
the deep learning model. Unlike other machine
learning tasks and image processing (e.g. facial
emotion), the speech utterance or training dataset
requires labelling by hand through a human agent
[1] and the mode of perception differs from one
person to the other. It is therefore, necessary to
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have more than one person carrying out this task,
to have an accurate label dataset [8][98]. The qual-
ity of the dataset is proportional to the result
of classification or prediction. In speech emotion
classification, three major categories of speech
datasets exist: synthetic, semi-natural, and natu-
ral datasets of speech samples [109].

The synthetic datasets [149] (RAVDESS, EMO-
DB, etc) are the acted speech samples collected
from the professional speaker (actors) in a con-
fined environment to extract emotion. They are
artificially generated rather than a real-world
scene [138][189][216]. The synthetic dataset is the
most popular and widely available for speech emo-
tion classification tasks. Semi-natural is close to
natural speech dataset, but they have elements
of synthesis, e.g. NIMITEK. The last category is
natural speech corpora, which capture the real-life
scenario of human emotion. They can be gotten
from TV shows, call centres, and online videos
[207][161][182]. However, there is limited availabil-
ity of this category of speech datasets because of
license issues. It is also prone to environmental
noise, which must first be removed before it yields
accurate results in emotion classification using
deep learning model. Also, it is obvious within the
SEC community that, there are a multiplicity of
speech emotion dataset but the question of stan-
dard measures for these datasets is still lingering
to date. Below is a comprehensive description of
some of the available speech emotion database and
table 2 shows the summary of them all.
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5.1 RAVDESS Dataset

The Ryerson Audio-Visual Database of Emotional
Speech and Song (RAVDESS) is a speech cor-
pus released under a creative commons license
[163][164]. It has open access for use in research. It
captures eight different emotions (angry, sad, dis-
gust, happy, fearful, calm, neutral and surprise)
from the speech utterance, of twenty-four (24) pro-
fessional actors [123]. Twelve of these actors were
male and twelve were female as well. Apart from
additional neural emotional utterance, each utter-
ance is recorded in two different categories of emo-
tional strength of high or low. It consists of 7356
files, evaluated ten times on emotional authentic-
ity, reliability and validity by mature researchers
from North America [137]. Access to it is open for
public use. Each file from 7356 total files has a
distinct filename (e.g. 02-03-05-01-03-02-10.mp4),
that represents the modality, vocal channel, actual
emotion, intensity of the emotion and actor’s gen-
der (even number for female and odd number for
male). RAVDESS [83][85] falls under a synthetic
dataset where actors were producing audio speech
of different emotional displays.

5.2 IEMOCAP Dataset

The interactive emotional dyadic motion cap-
ture database (IEMOCAP) is a speech cor-
pus motivated by the fact that human emotion
resides not only in speech but the combination
of speech utterance and physiological gesture.
The speech samples were recorded by Speech
Analysis and Interpretation Laboratory (SAIL)
located at Southern California University [37]. Ten
actors were recorded in interactional sessions dur-
ing planned and unscripted verbal communication
scenarios with labels on the strategic parts of their
bodies (faces and hands), which provided exten-
sive information about their body language and
kinesics [54][75]. The actors acted out emotional
scripts for over twelve hours while also creating
fictitious scenarios meant to elicit particular emo-
tions (happy, furious, sad, frustrated, and neutral
mood). This corpus has contributed immensely to
the development of multimodal design for emotion
classification because of its size, interactivity and
holistic elicitation of emotion.
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5.3 EMO-DB Dataset

German emotional database (Emo-DB) is a
recorded speech utterance (535) that contains 800
files spoken by ten professional actors where five
were males and five were females respectively. It
was initiated by the ICS, Technical University,
Berlin, German [36] [187][183][126]. This corpus
captures seven unique human emotions: bore,
happy, sad, disgust, fear, angry and neutral. Prior
to being resampled (down-sampled) to 16 kHz, the
speech sample was originally recorded at a sam-
pling rate of 48 kHz. Each file follows a unique
naming pattern like: 02a03Wa.wav which shows
that the file is from the second speaker with the
emotion ”Wut” (Angry)[202][25][221].

5.4 TESS Dataset

Toronto Emotional Speech Set is a publicly avail-
able speech emotion database that has been used
by many researchers for the classification of emo-
tion. The speech samples were recorded at No 6,
Northwestern University Auditory in 2010 [57].
Two actresses were requested to repeat a few hun-
dred words throughout the spontaneous event,
and their voices were captured. Seven distinct
emotions were captured during the event (happy,
angry, fear, disgust, pleasant, surprise, sad and
neutral). A total of 2,800 files that depict human
emotion were collected. It is audio based only.

5.5 SAVEE Dataset

Surrey Audio-Visual Expressed Emotion database
is a unique emotional corpus recorded at CVSSP’s
3D vision laboratory, the University of Surrey in
2010. Four actors, who were native English speak-
ers and educationists (student and researchers)
whose age ranges from 27 to 31, were involved in
the event [69]. The English speakers were labelled
as DC, JE, JK and KL. The recording took sev-
eral months to establish the authenticity of the
speech samples and facial gesticulation[113][83].
Altogether, seven emotions were captured by this
database which are: anger, disgust, fear, happy,
pleasant surprise, sad, and neutral. This corpus
has a total size of 480 utterances, with a 44.1 kHz
audio sampling rate. However, the database has
restricted access, unlike others that are publicly
available for research purposes.
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5.6 CREMA-D Dataset

Crowd-sourced Emotional Multimodal Actors
Dataset (CREMA) is an audio-visual and large
dataset (7,442 audio clips) suitable for multi-
modal human emotion classification [40]. The cor-
pus captures six basic emotional conditions from
the facial and spoken utterances of 91 actors,
where 48 were males and 43 were females. The
corpus is a cross-language comprised of actors
from diverse continents (America, Africa, Asia and
Europe) to avoid cultural or ethnic barriers that
may lead to misclassification of emotion. A total
number of 2443 people participated in rating 90
distinct audio clips. It is one of the largest publicly
available corpus in use.

5.7 AESDD Dataset

Acted Emotional Speech Dynamic Database
(AESDD) is a synthetic and publicly available
corpus for the classification of emotion. It is a
Greek-based [198] emotional utterance, that cap-
tured five basic emotions of anger, disgust, happy,
sad and fear. The first version was released in 2018
with an accuracy rate of about 74% by listeners.
The level of usage by researchers for this emo-
tional corpus is very low due to solitary language,
compared to English based speech emotion corpus.

5.8 eNTERFACE’05 Dataset

eNTERFACE is a German-based audio-visual
speech database with open access. It is a multi-
modal emotion database created for deep learn-
ing implementation in emotion classification and
human-computer interaction. It was recorded in
2005 by Olivier Martin in collaboration [135]
with the eNTERFACE’05 workshop at TCTS
Lab, Belgium. The project was fully funded by
the Wallon region, Belgium, with contact number
EPH3310300R0312/215286. The emotional cor-
pus involved 42 actors (19% female and 81% male)
from 14 different countries. A total of 1166 files
comprised of six basic emotions were captured.
Emotions were elicited by subjecting each actor
to an atmosphere or condition where real human
emotional outbursts could be captured.
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5.9 EMOVO Dataset

An Ttalian based emotional corpus called EMOVO
[49] was developed in 2014 at Fondazione Ugo Bor-
doni laboratories. It comprised of 6 actors (588
audio files), who synthesized six basic emotions
(anger, surprise, joy, fear, disgust and sad) rec-
ognized in speech emotion classification research
works. The emotions were recorded using stan-
dardized equipment that are highly resistant to
interference. A total of one hour was used in
recording the entire database, with about ten min-
utes per actor. This audio-based corpus is publicly
available for research purposes. EMOVO has con-
tributed greatly to affective computing as it has
been applied in Lie detectors, safety management,
e-learning and robotics among others.

5.10 MELD Dataset

Multimodal Emotion Lines Dataset (MELD) is
one of the recent speech corpora created for
emotion classification. In eliciting the emotions,
multiple speakers (English speakers) engaged in
approximately 1400 conversations and a total of
14,000 utterances were recorded. It is referred to
as multimodal [165] because it comprises audio,
video and text and is publicly accessible. MELD
recordings took another setting as it was recorded
from a Television-series programme and was sup-
ported by DARPA, National Science and John
Templeton Foundation. Emotion classifiers can be
trained using MELD and personality indicator
systems; however, MELD is not sufficient to train
a typical end-to-end conversational system and so
it may perform poorly if apply in the deep learning
system.

5.11 DES Dataset

The European Union has supported the Dan-
ish emotional database (Danish Emotional
Speech)[58]. It contains speech recordings from
four professional actors, two of whom are male
and two of whom are female. The recordings
consist of the two isolated words "yes” and ”no,”
nine short sentences, four of which are questions,
and two paragraphs. The following five emotional
states were imitated in each of the uttered words:
neutral, surprise, happiness, sadness, and rage.
One of the most popular databases in this sec-
tor has been used by scholars. Its applications
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include evaluating SVM methodologies both alone
and in conjunction with hidden markov models.
Additionally, it has been used for cross-corpus
validation, unique deep learning techniques [7§],
and gender-based emotion recognition [101]. As
a component of the VAESS project (Voice Atti-
tudes and Emotions in Speech Synthesis), this
database was created.

5.12 MSP-PODCAST

A method to efficiently create a sizable, realistic
emotional database with well-balanced emotional
content is MSP-PODCAST [133]. It depends on
already-existing spontaneous recordings that may
be found on websites that share audio files and are
released under open licenses. With audio pieces
ranging from 2.75 to 11 seconds, it offers more
than 18,000 natural emotional utterances spread
throughout 27 hours from various speakers. The
samples were then labelled by a team of over 300
assessors with emotional characteristics (arousal,
valence, dominance) and a lengthy list of cate-
gory emotions. Only labelling based on emotional
characteristics is balanced. It has been utilized to
evaluate a listener-dependent technique of deep
learning models to SER [21].

6 State-of-the-Art Speech
Emotion Classification
Algorithm

Speech emotion classification (SEC) is a multi-
class problem [125] [141]. Various speech emotion
classification algorithms that are in use are pre-
sented in this section. As depicted in Figure 14,
these algorithms fall into four main categories;
SEC can be carried out using Traditional Algo-
rithms, Neural networks, Deep Transfer Learning
and a hybrid (mixture of two or more algorithms)
approach. The description of these algorithms
is being presented with the most recommended
approach according to our observation.

6.1 Conventional Machine Learning
Algorithm

Researchers first used traditional machine learning
classifiers to classify these emotions, such as the
Support Vector Machine (SVM) [86], [12], [131],
the Gaussian Mixture Model (GMM) [47], the
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k-nearest Neighbour (KNN) [108], and the Hid-
den Markov Model (HMM) [132]. However, the
issue of high noise susceptibility and the inability
to effectively handle huge audio speech samples
confounds these conventional machine learning
classifiers. These algorithms have been used sim-
ply for carrying out the classification of speech
emotion with a certain level of accuracy recorded.
However, several pre-processing and feature engi-
neering needs to be done before an improved result
can be obtained with these traditional machine
learning algorithms [166]. Slight changes in speech
features may lead to a total restructuring of the
whole approach. An increase in dataset size has
led to poor performance of these conventional
algorithms for the classification of speech emotion.

6.2 Neural Network

Improvement in SEC has come through the adop-
tion of the neural network approach. An example
includes an Artificial Neural Network that can
take several inputs, pass it to a hidden layer and
produce output or classification results. Any com-
plex relationship that may exist between the input
and expected output can be learned easily with
ANN [32]. Long short-term memory (LSTM) is
another variant of neural network algorithm that
has been widely used for speech emotion classifica-
tion purposes[87]. These approaches have proven
to be a suitable replacement for the conventional
algorithm. Though neural network algorithms can
easily be implemented, their capability is compro-
mised when it comes to complex problems.

6.2.1 Recurrent Neural Network
(RNN)

The nature of speech emotion classification as a
sequence data-oriented domain makes RNN an
efficient learning model[175]. RNN was proposed
in the 1980s as a multi-layer model with mem-
ory to remember previous output. The network
in RNN follows a set of iterations as shown in
Figure 15, which provides means of storing recent
information for a specific time, before the actual
prediction of output. It uses a backward propaga-
tion approach of neural networks [186]. Because
of the recursive nature of RNN, the weight of the
network is usually updated with possible errors.
Therefore, RNN has a major drawback of van-
ishing gradient problems. This occurs when the
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Speech Emotion Classification Algorithm
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Fig. 14: Categories of Speech Emotion Classification Algorithm
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network stops learning as a result of the change
in output with respect to the change in input. An
attempt to solve the major issue associated with
RNN resulted in an advanced RNN model called
LSTM.

6.2.2 Long-Short-Term-Memory
(LSTM)

The long-Short-Term Memory network model was
introduced by Hochreiter and Schmidhuber in the
late 90s with the sole aim of overcoming the
peculiar difficulty with RNN. LSTM incorporated
additional memory to learn from long time lag
between layers in the network, unlike RNN. It usu-
ally incorporates three gates (input, forget and
output) [70] which determine whether new input
is to be allowed or not, the information is meant to
be deleted if it is not essential and finally, allow the
information to have a direct impact on the output
of the present time step [24]. LSTM has proven
to be an effective neural network model in the
field of speech emotion classification because of the
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unique properties of the ability to learn spectral
features such as MFCC, LPC and Shifted Delta
Cepstral Coefficients (SDCC) from the speech sig-
nal. However, LSTM requires huge amount of
memory for its effective implementation. Mathe-
matically, suppose that an X = (z1,22,..., X7)
is given as a finite sequence of input and T
denotes the length of the sequence. LSTM can be
computed as follows:

fit = O'(Wf.%‘t + Ufht_l + Vfct_l + bf) (4)
i = O'(Wil’t 4+ Uihi—1 + Vici—1 + bl) (5)
zt = tan h(Woay + Uzhe—1 + b2) (6)
e = froci1+ g0z (7

(

(

~—

ot = oc(Woxy + Ughi—1 + Voer + bo) 8

ht = o o tan h(cy) 9)

where W7 € R™™V; € R"™ bR"1 €
{f,i,z,0} represents weight of the matrices and
bias terms respectively. The hyperbolic tangent
and sigmoid function are denoted by Tanh and o,
while the Hadamard product is denoted by o sign.

~—

6.2.3 Transformer

The transformer model is a recent architecture
that is based on an attention mechanism (stack
attention layer) for speech sequence data pro-
cessing in deep learning, with input and output
computational representation not relying on the
recurrent neural network or convolutional process
of sequence data. As a transduction model [196], it
has been trained over 4 million sequence data sam-
ples (sentences) on 8 NVIDIA P100 GPUs for nat-
ural language processing applications. Although,
RNN and LSTM in combination with CNN model
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have been explored by researchers for efficient
performance in speech emotion classification, the
introduction of the transformer model is cur-
rently a state-of-the-art approach that promises
future improvement and excellent performance
in speech emotion classification. With the trans-
former model, the goal has always been to increase
the learning dependency of input or output sig-
nal positions and reduce the number of operations
required in achieving an optimum result with
higher accuracy [51]. For speech emotion classi-
fication, examples include wav2vec-xlsr [26][13],
hubert-base-greek and hubert-large-greek [14].

6.3 DTL Approach

Deep transfer learning is an off-shoot of deep
learning, and sometimes they are used inter-
changeably. Given a typical transfer learning
task defined over a set of Dy -source domain,
Ts- source Target, D;- target domain, Ti-target
task, and predictive function-fr(.). The Dy can
be expressed as {(zf,yf)}*, annotated samples,
and Dy as {(z})}!, un-annotated samples. DTL
occurs when fr(.) reflects a DNN with fr(.) as a
non-linear function, where Dy # D, [220]. DTL
usually consists of several layers of neural net-
works. They are a pre-trained model that can be
used to carry out classification tasks, especially
where there is an insufficient dataset, as in the
case of the speech emotion domain. The ordinary
deep learning model is said to be data hungry
(requires a massive dataset).

AlexNet and VggNet have been one of the
famous deep transfer learning base models used for
speech emotion classification. It is a CNN archi-
tecture proposed by Krizhevsky (2012), which was
trained on the ImageNet 2010 dataset and has
yielded an outstanding result of 1000 object classi-
fication. DTL is easy to implement because it does
require extra time for training. They can handle
nonlinear problems. However, many deep learning
algorithms are prone to overfitting and high com-
putational cost because of huge parameters from
one layer to the other. As discussed in the previous
section, most speech emotion classification DTL
model falls under a network-oriented approach in
which a pre-trained model is either fine-tuned,
frozen (selected layers), or subjected to progres-
sive learning. Progressive in the sense that a new
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layer can be added to the model, just as continu-
ous learning is associated with human beings until
the time of death.

6.4 Hybrid Approach

An innovative approach is the hybridized algo-
rithm, which combines two or more techniques or
algorithms to form a robust model. The hybrid
classification techniques can also be referred to as
ensemble classification techniques. Their strength
lies in combining the distinctive characteristics of
two or more algorithms for classification purposes.
Within the speech emotion classification domain,
the different algorithm has been co-join for a
hybrid model [195]. An example includes a com-
bination of deep learning algorithms with neural
networks and conventional machine learning clas-
sifiers. Although the hybrid algorithm has been
yielding an improved result in speech emotion
classification, the weaknesses of each algorithm
that form the hybrid type cannot be eliminated.

7 Speech Emotion
Classification Performance
Evaluation Metrics

The standard performance evaluation metrics [84]
for deep transfer learning models in speech emo-
tion classification include Specificity, Sensitivity,
Accuracy, Confusion matrix and Mathews Corre-
lation Coefficient (MCC). Although, MCC is not
very pronounced as others, however, it is one of
the standardized performance evaluation metrics
for the multi-class problem. These metrics are
described as follows: Confusion Matriz: 1t is one
of the simplest ways to assess a classification algo-
rithm’s performance. It summarizes the prediction
outcomes for a classification [46] task. Confusion
matrix values are used to report the number of cor-
rect and incorrect predictions per class. TP-true
positive, TN-true negative, FP-false positive and
FN-false negative.

Accuracy: The ratio of the correct predictions
(TP and TN) to total predictions can be used to
measure accuracy as in stated equation 5.

TP+ FN
TP+ FN+TN+ FP

Accuracy = (10)
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Sensitivity: This is the proportion of actual
positive results to all expected positive results, as
given in equation 5.

_re (11)
TP+ FN

Specificity: It measures the proportion of real
negatives to all of the projected negatives, as
computed in equation 5.

Sensitivity =

TN
TN +FP
Mathews Correlation Coefficient (MCC): it is a
balanced metric that put into consideration, the
TP, TN,FN, FP, irrespective of the class size. It
stores correlation coefficients ranging from -1 to
+1, with 4+1 denoting a perfect forecast, 0 denot-
ing a mean prediction, and -1 denoting the inverse.
It can be computed mathematically as shown in
equation 6, where SN = (T'N + FP)(TN + FN)

Specificity = (12)

MCC =

(TP.TN) — (TP.FN)
V(TP + FP)(TP + FN)SN

(13)

8 A critical review of
convolutional neural
network and deep learning
speech emotion
classification studies

In [227], Zang et al., emphasized the importance
of feature extraction in speech emotion classifica-
tion, by developing a robust convolutional neural
network model with random forest (CNN-RF)
classifier. The features extracted from several con-
volutional layers of the CNN model were fed into
a random forest classifier for emotion classifica-
tion. A normalized spectrogram image is fed into
the CNN input layer before feature extraction was
done. The experiment was carried out using a
Chinese speech signal record box (NAO). Eventu-
ally, the CNN-RF model was tested on the Nao
robot, and human emotion through speech sig-
nal could easily be figured out by the robot. An
overall 75.57% average accuracy was recorded,
surpassing conventional CNN model with real-life
and efficient human-computer interaction (HCI).
A Comparison of the approach in this study with
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other dataset is expected to be carried out in order
to ascertain the performance of the proposed sys-
tem in this study. Also, CNN alone is not sufficient
in extracting global features that carry emotional
content.

According to Liu et al., [120], an extreme learn-
ing machine (ELM) decision tree with a novel
feature selection technique was proposed to alle-
viate the challenges of redundant features from
speech utterance. The feature selection approach
used was based on correlation analysis (CA) and
the fisher criterion. An experiment for the clas-
sification of emotion was carried out with the
use of a speech database from Chinese (CASIA),
and an 89.6% accuracy report was recorded. By
their proposed model, it would be rapid and effi-
cient to distinguish different speakers’ emotional
states from speech utterances, and it would be able
to discover future interactions between robotic
machines and speaker-independent. Their method
follows a conventional classification approach, and
the experiment was carried out on only one speech
emotion dataset.

In the work of Gu et al., [65], a more robust
and deeper hybrid multimodal framework for the
classification of emotions from spoken language
(sentence-level) was presented (Gu et al., 2018).
Features extracted from text and audio were
fused by utilizing three-layer DNN architecture.
Fine-tuning of the entire structure was done for
the architecture to learn correlation in select-
ing appropriate features for optimal performance.
The framework consists of DNN, CNN-LSTM
and ConvNets for extracting both spatial and
acoustic features from speech data. The proposed
model was evaluated on IEMOCAP public speech
dataset and 60.4% weighted accuracy for five emo-
tions was recorded. Also, text and audio features
were jointly utilized in their work. However, the
model is prone to over-fitting and high computa-
tional cost, considering the hybrid nature of the
entire framework and the absence of a dimen-
sion reduction approach. The addition of feature
selection after extraction would probably have
increased the accuracy of classification in this
study.

Zhang et al., [223] proposed a fully connected
CNN architecture with an attention mechanism
for speech emotion classification. Their model was
based on three hypotheses: emotion from speech
utterance is difficult to detect because of the
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level of abstraction, the limitation of the labeled
dataset for emotion classification and the fact that
detection of emotion is time-specific. Their novel
model utilized a fully-connected convolutional net-
work for keeping vital information from speech
signals without the bottleneck of segmentation.
Transfer learning was adopted to eliminate the
problem of the limited dataset, and an attention
mechanism was used to identify emotion-relevant
features from the spectrogram image. A state-of-
the-art accuracy was recorded on the IEMOCAP
speech corpus with a 70.4% weighted accuracy
result, however, accuracy can be improved upon
and experiments carried out on other synthetic
datasets.

Palo and Mohanty [159] proposed a mini-
mized combined feature for the classification of
speech emotion using wavelet decomposition coef-
ficient, linear prediction cepstral coefficient and
Mel-frequency cepstral coefficient. The complex-
ity of extracted features was reduced by utiliz-
ing the vector quantization approach. The radial
basis function network (RBFN) was employed
as the classifier for classifying human emo-
tion into five categories: angry, happy, disgust,
neutral, and fear. The result and performance
of the model were benchmarked on two pub-
licly available speech datasets (EMO-DB and
SAVEE). The combined features of WMFC-
CVQ+WLPCCVQ were carried out using the
MATLAB-R2013a development environment and
93.67%, and 91.82% accuracy was reported on
EMO-DB and SAVEE database respectively. Nev-
ertheless, Other emotional classes (sad and sur-
prise) in the dataset were not captured.

Chen et al. [45] utilized three-dimensional
attention-based CRNN for selecting discriminat-
ing features in the classification of speech emotion.
The input layer of their proposed model accepted
Mel-spectrogram with delta-deltas. The delta-
deltas used, minimized the infiltration of irrelevant
features that could lead to poor classification
performance while preserving relevant emotional
information. Finally, an attention mechanism that
could factor in salient features was adopted. The
result of their experiment was inspiring, with
an accurate report of 82.82% on EMO-DB and
64.74% on the IEMOCAP speech dataset.
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Hajarolasvadi and Demirel [68] proposed
an enhanced model (3D CNN) for human-
computer interaction in speech emotion classifi-
cation through thorough analysis of speech sig-
nals. At first, speech signals were segregated into
overlapping frames and Mel-frequency cepstral
coefficient, and acoustics features, including an
88-dimensional vector, were extracted. As the
spectrogram image was generated, k-means clus-
tering techniques were used on all the frames of
the speech signal and the most discriminant k
frame was selected. At the final stage, two lay-
ers three-dimensional Convolutional Neural Net-
work with 10-fold cross-validation and one FC
(fully-connected) layer were applied. The experi-
ment was benchmarked on three popular datasets;
Ryerson Multimedia Laboratory (RML), Survey
Audio-Visual Expressed Emotion (SAVEE) and
eNTERFACE’05. The result shows a state-of-
the-art performance over other methods, with
an average accuracy report of 81.05%. However,
cross-validation tends to increase computational
cost.

In averting the challenging nature of auto-
matic emotion recognition and improving human-
computer interaction, Ren et al. [170] proposed a
novel model that is based on Multi-modal Cor-
related Network for speech emotion classification.
Their sole aim was to draw vital information
from the audio-visual channel to accomplish a
more accurate emotion prediction. Feature extrac-
tion was carried out on both audio and visual
signals. Thereafter, the mel-spectrogram image
obtained from pre-processing phase was fed into
CNN for feature extraction while frames from
the visual section were fed into CNN-LSTM
for feature extraction. A triplet and correlation
loss techniques were utilized for incrementing
inter-class and intra-class differentiation reduc-
tion, respectively. The experiment was carried out
on the AEFW speech database, and the result
achieved state-of-the-art speech emotion classifi-
cation. However, other standard speech emotion
datasets were not explored to examine the perfor-
mance of their model.

Kerkeni et al. [98] designed a global approach
for speech emotion classification with the use
of empirical mode decomposition (EMD). The
efficient analysis of time-frequency on continu-
ous signal attracted the use of Teager-Kaiser
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Energy Operator (TKEO) in combination with
EMD. Some unique features like modulation spec-
tral, modulation frequency using the AM-FM
modulation approach and cepstral features were
extracted. At the climax stage, speech emotion
classification was carried out using SVM and RNN
for seven fundamental human emotions. Berlin
and Spanish speech databases were used during
the experiment, and the model achieved a 91.16%
overall accuracy rate.

Zhao et al. [225] proposed a hybrid model
of two CNN-LSTM architectures for learning
salient emotional features from the speech sig-
nal. 1D and 2D CNN-LSTM were developed to
extract emotional contents from the log-mel spec-
trogram. While the LSTM layer was utilized to
extract local features, other techniques of a con-
volutional layer with max-pooling were used in
extracting local correlations. A home-grown fea-
ture extraction block was incorporated into the
model designed. Their experiment shows state-of-
the-art performance compared to ordinary CNN
and the deep belief network method. Classification
accuracy of 95.33% was recorded on the EMODB
database and 89.16% on the IEMOCAP speech
corpus respectively. Despite the efficiency of this
proposed model, the “black-box” detail of how
the network design in classifying emotion was
not uncovered. The study leverage the efficiency
of LSTM combined with CNN to improve the
classification of emotion.

To obtain more accurate performance in model
design for classification of speech emotion and
lessen redundant features, Jiang et al. [89] pro-
posed a heterogeneous approach that is based on
a deep neural network for extracting relevant fea-
tures from junks of acoustics features. The idea
was to bridge the age-long gap between human
emotions from speech and acoustics features. A
cooperative fusion network was utilized after fea-
ture extraction from video and audio datasets, for
training the model to learn the distinctive acoustic
feature for the classification of emotion. Support
Vector Machine (SVM) classifier was used at the
topmost layer of the model for the classification
of emotion. IEMOCAP speech dataset was used
as the benchmark database in experimenting the
performance of the proposed DNN model and 64%
accuracy was recorded. This study has been able
to reduce the level of deterioration associated with
emotion classification performance, though, the
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output result is low, and the experiment was car-
ried out on a single speech corpus. The author
established the efficiency of deep learning based
on fusion techniques for SEC.

Furthermore, Yao et al. [215], introduced a
fusion approach of a convolutional neural net-
work, deep neural network and recurrent neural
network (CNN-DNN-RNN) for the classification
of four distinct emotions (sad, happy, angry and
neutral) from the speech signal. In their frame-
work, three levels of inputs (low-level descriptors,
spectrogram, utterance) were fed into CNN, DNN
and RNN, at different times. Three models were
obtained as a result of this, and outputs were
aggregated together. For global features, a multi-
task learning approach was adopted across the
three models in conjunction with a weighted-
pooling attention mechanism for capturing hidden
emotional features. To unify the classification of
emotional conditions, a fusion approach that is
based on confidence ratio was utilized. Eventually,
experimentation was carried out using IEMOCAP
dataset and the results proved the higher per-
formance of their model as compared to some
classifier’s-based approaches. The conjoining of
three large neural networks as it was proposed
in this study can effectively recognize emotion,
but the number of parameters that needed to be
trained will increase sporadically and this may
increase complexity.

To resolve the limitation of the insufficient
dataset in speech emotion classification, Zhou and
Beigi [228] proposed a transfer learning TDNN
(Time-Delay Neural Network) model. Two sig-
nificant features were used in their architecture,
which was MFCC and identity-vector. With trans-
fer learning, it is needless to train a model from
scratch and so, it saves time. The initialization
process of the transfer learning was done by uti-
lizing the Ted-Lium speech corpus before the
actual experiment was carried out using one of the
popular synthetic datasets (IEMOCAP). With 5-
fold cross-validation, the accuracy result showed
improved performance over many state-of-the-art
approaches. However, their model has a limitation
of the inability to classify emotion at the frame
level.

Anvarjon et al. [23], were motivated to propose
a lightweight CNN speech emotion classification
model to improve the accuracy rate, irrespective of
the language barrier. In their approach, the deeper
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features were learned to use a convolutional neu-
ral network. An enhanced pooling strategy with
a filter was used for the extraction of frequency-
based features. The simplified CNN model utilized
1 softmax layer (classifier), two batch normaliza-
tions, and 3 pooling layers with 8 convolutions.
The experiment was carried out using two popular
speech databases which are the Berlin emotional
speech database and interactive emotional dyadic
motion capture respectively. In the end, 77.01%
on IEMOCAP was recorded, while 92.02% accu-
racy was recorded on EMO-DB. The author of this
study improved performance in the classification
of emotion.

Mustaqgeem et al. [146], proposed a deep learn-
ing architecture for speech emotion classification
that is based on clustering measurement of radial
basis function (RBF) and CNN. A Short-term fast
Fourier transform (STFT) mechanism was used in
converting the speech signal to spectrogram image
equivalence. Thereafter, relevant and distinctive
features were extracted by feeding the CNN model
with a spectrogram generated through a special
Librosa (audio processing) tool. Normalization of
features extracted from CNN was done before
the output was fed into bi-directional long short-
term memory (BiLSTM) to reduce complexity.
Their model fetched time-space information and
produce an accurate classification of emotional
state. An experiment was carried out on three
widely used speech corpus; RAVDESS, EMO-DB
and IEMOCARP respectively. The result produces
a state-of-the-art accuracy of 77.02%, 85.57% and
72.25% over the three corpora respectively, how-
ever, RBF tends to increase weight of every feature
attribute which may invariably lead to an increase
in training time.

Furthermore, as effort in research toward
improvement in classification accuracy is pro-
gressing, Ho et al. [74] proposed another fusion
approach of deep learning, RNN and multi-level
attention mechanism for emotion classification
from auditory speech and text. In their method,
extraction of mel-frequency cepstrum (MFCC)
from speech signal was carried out using the
OpenSMILE toolkit, while transfer learning (pre-
trained model with BERT) technique was uti-
lized in encoding text data. Multi-head attention
method was used to fuse the feature representa-
tion for accurate classification of emotional con-
ditions. An experiment was carried out using
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three databases which are: IEMOCAP, MELD and
CMU-MOSEI The result of the performance eval-
uation proved that joint modalities yield a better
classification accuracy than one model.

Moreover, as deep transfer learning for speech
emotion classification was gaining ascension, Padi
et al. [158], proposed anlearnedved approach
for emotion recognition by exploring the innate
advantage that resides in the pre-trained model.
Their work utilized ResNet as a pre-trained model
which has been trained on speaker recognition
dataset, in conjunction with a specialized pooling
layer (statistics). The pooling layer prevents com-
plexity by systematically resizing input. To elim-
inate the over-fitting of the model and increase
classification performance, multiple spectrogram
(data) samples were generated through data aug-
mentation techniques. The experiment was carried
out on IEMOCAP corpus, and the result indicated
a state-of-the-art accuracy. However, implementa-
tion of speech emotion classification using ResNet
requires heavy computing graphical processing
unit (GPU) resources as a result of huge parame-
ters. A deep convolutional neural network with an
attention mechanism was proposed by H. Zhang
et al., [218] to improve speech emotion classifi-
cation. Data augmentation and dataset balancing
were adopted in pre-processing speech samples. To
create segment-level features, their model was pre-
trained on ImageNet. To predict human emotion,
the Deep Neural Network (DNN) was eventually
fed with learned high-level emotional variables.
The proposed model’s performance was tested on
two popular speech databases as a result of the
performance analysis (EMO-DB and IEMOCAP).
Sensitivity and Specificity received average scores
of 87.86% and 68.50%, respectively. The work
achieves excellent recognition results; however, the
impact of the dataset augmentation on the effi-
ciency of the proposed model in this study was
not stated in terms of the eaccuracy of classifica-
tion. Model implementation parameters were not
revealed.

As deep learning is advancing the scope of
human-machine interaction through the more
accurate model for emotional state identification
deepens which made, An and Ruan, [17] proposed
a robust, twin and parallel convolutional neural
network (CNN), to eradicate the low accuracy rate
of other methods. Data augmentation was carried
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out by adopting Gaussian white noise (AWGN)
techniques, which eventually multiplies the speech
samples from 1440 to approximately 6000. Both
time-based and frequency-based features were
extracted using CNN and transformer encoder.
The architecture was trained for 200 epochs before
classification into 8 emotions. The experiment was
carried out using RAVDESS speech database on
Pytorch environment with NVIDIA Tesla V100.
An accuracy of 80.46% was recorded after clas-
sifying emotions into eight different categories.
Although CNN has been proven to be stronger
in spatial feature extraction and signal encoding,
the model did not make provision for dimension-
ality reduction, which may be responsible for the
increase in computational cost.

Zhao et al. [226] proposed a three tiers deep
learning approach for improving emotion classi-
fication from speech data. In their model, CNN
characteristics in context-based information mod-
eling were exploited to improve the performance
of the proposed architecture. Spectrogram in con-
junction with delta-deltas was used at the input
layer. A specialized convolutional layer arranged
in a parallel form combined with a high network
representational technique known as Squeeze-and-
Excitation Network (Senet) was utilized for the
extraction of features from three-dimension spec-
trograms. Additionally, a reduction in a large
disparity between the input and output informed
their adoption of connectionist temporal clas-
sification (CTC) with the self-attention dilated
residual network (SADRN) technique. The over-
all experiment was benchmarked on IEMOCAP
and FAU-Aibo emotion corpora. A weighted accu-
racy of 73.1% and unweighted accuracy of 66.3%
were recorded, which indicated the suitability of
the proposed model for discrete speech emotion
classification.

Atila and Sengiir [28], came up with another
innovative deep learning approach for speech
emotion classification. They utilized a three-
dimension convolutional neural network combined
with LSTM and attention in their model. An end-
to-end training mode was used in their proposed
model. To increase performance and reduce inac-
curate prediction, they carried out data resam-
pling, with much focus on high frequencies. There-
after, images obtained from the conversion of
the audio signal to spectrogram and cochlea-
gram served as input to the twenty-eight layered
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3D CNN-LSTM architecture. The architecture
comprised of convolutional layers with attention,
LSTM, flatten, dropout and 2 fully connected lay-
ers. The experiment was conducted using three
major datasets; Audio-Visual Database of Emo-
tional Speech (RAVDESS), RML, SAVEE and a
combination of the three datasets. An evaluation
was done using four metrics which are accu-
racy, specificity, sensitivity, and recall (86%, 93%,
96% and 99%) respectively. The result obtained
outperformed most existing approaches, however,
their model requires enormous training time as
a result of multiple attention and LSTM weights
and huge convolutional layers.

A novel deep learning technique was put forth
by Chimthankar [48] that applies CNN and LSTM
to MFCC features taken from four well-known
speech datasets (TESS, RAVDESS, SAVEE, and
CREMA-D). On a German-based (audio sam-
ples) independent dataset that was not added to
the model during training, their model achieved
promising result 67.58% validation accuracy and
71.28% highest testing accuracy. However, there
is still room for improvement in the recorded
experimental results’ performance due to the
CNN model’s unique computational complexity.

Van et al. [195], proposed deep learning that
combined convolution neural network, convolu-
tion recurrent neural network and gated recurrent
unit for speech emotion classification. To increase
the classification rate, data augmentation through
voice manipulation was carried out. Mel-spectral
coefficients features and other features that car-
ried paralinguistic information for emotion classi-
fication were extracted in their model. The gated
recurrent unit (GRU) approach eliminates the dif-
ficulty of vanishing gradient associated with RNN,
by updating and resetting the gate. The CNN
consists of 5 2D-convolution layers, while double
GRU with other primitive layers were used in their
architecture. An Interactive Emotional Dyadic
Motion Capture (IEMOCAP) speech dataset was
used for their experiment, with 97.4% accuracy
from the GRU model with shows an outstanding
performance compared to other research that has
been carried out using the IEMOCAP dataset.
However, their data augmentation through voice
change and the addition of white noise tends to
consume memory space and increase computation
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cost as a result of large convolutional layer. IEMO-
CAP is a long speech dataset, definitely addition
of white noise will have some impact, therefore
comparison between pre- and post-augmentation
of the dataset is expected to be reflected in the
study. Training time is another trade-off.

Puri et al. [168] focused on one of the appli-
cation areas (customer care) of speech emotion
classification (SEC) in developing a hybrid con-
volutional neural network model for SEC. Two
major features that comprised mel-spectrogram
and MFCC were extracted from the speech sig-
nal. Emotion classification was partitioned into
three sub-groups which are positive, negative and
specific (sad, angry, happy, fearful, disgust, calm
and neutral) emotional states. Eight layers of a
2D convolutional neural network model was pro-
posed. An experiment was conducted to evaluate
the performance of the proposed model using the
RAVDESS speech corpus. The author reported
that the model yielded better performance, but
no accuracy report or any other evaluation metric
to substantiate the performance of their proposed
model was stated in the study. The efficiency of
the proposed model in this work cannot be estab-
lished because of missing performance evaluation.

Recently, the authors in Aggarwal et al. [4],
proposed a deep learning approach that is based
on a two-way feature extraction method for effec-
tive speech emotion classification. The DNN is
comprised of a dense layer and a dropout layer.
The prominent role of feature extraction in emo-
tion recognition from speech signals motivated
the authors to first adopt principal component
analysis (PCA) and later utilized DNN for
extracting the Mel spectrogram image. The spec-
trogram image served as input to the pre-trained
CNN model (VGG16) before the classification of
emotional states. RAVDESS and TESS speech
datasets were used during the experiment and the
proposed model was able to classify emotion into
8 different categories, with an overall accuracy
of 81.94% and 97.15% respectively. The result
shows that the proposed model outperforms other
studies.

In Singh and Prasad. [181], a CNN model for
SER that is gender-dependent was proposed. The
author updated the RAVDESS speech dataset by
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capturing two different emotional intensities (nor-
mal and strong) on six emotions (sad, fear, furious,
pleased, disgusted, and calm). They included
emotional elements like Chromogram, Mel-
Spectrogram, MFCC, and Spectral contrast in
their investigation, and an in-depth performance
comparison revealed a relative improvement over
the baseline system. Muhammad et al. [144] a
well-executed preprocessing strategy and a mixed
model made up of LSTM and CNN for emotion
recognition from human speech. A high pass and
Savitzky Golay Filter were employed to obtain
a noise-free audio signal after about 2800 audio
files were retrieved from the TESS database.
Their model successfully classifies emotions with
an accuracy of 97.5%. However, since only one
speech dataset was utilized, it is impossible to
determine whether this study is generalizable.
Increasing feature representation to enhance
speech emotion classification propelled Nasir et
al. [151] to come up with a novel deep learn-
ing framework with a fusion of two significant
features(temporal and spectral) for improving
emotion recognition from the speech signal. They
utilized a layered-based CNN transformer in their
fusion techniques, which resulted in low computa-
tional complexity and reduction in feature map.
Their model was experimented on two datasets
comprised of EMODB and IEMOCAP, and they
achieved a state-of-the-art 94.2% and 81.1%
accuracy on both datasets respectively. Ayush et
al. [93] proposed an ensemble deep learning tech-
niques of CNN;, attention mechanism, LSTM and
Vision Transformer for speech emotion classifica-
tion. They achieved a promising result of 85.3%
accuracy of classification on EMODB dataset.
However, their method is computationally expen-
sive and only one dataset used, is not sufficient
for generalizing the result.

Researchers have expressed grave concern over
the variety of human speech, which makes it chal-
lenging to develop a single, standardized method
for uncovering concealed emotions. By integrating
a multilingual emotional dataset with the devel-
opment of a more comprehensive and successful
deep learning model for categorizing human emo-
tions, Waleed [15] made an effort to address this
research challenge. The model was made using a
two-step technique. The first step in the classifi-
cation process was the extraction of features. The
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Table 3: Summary of state-of-the-art deep learning techniques: A — Angry, H - Happy, S - Sad,
D - Disgust, N - Neutral, F - Fear, B — Boredom, Sr - Surprise, J - Joy

Publication Proposed Techniques Dataset Emotions Accuracy
Reported
[227] CNN-RF CASIA A H, J, S 75.57%
[120] ELM-CA (fisher crite- CASIA A F, H N, 89.6%
rion) S, Sr
[65] DNN-CNN-LSTM IEMOCAP AN, S 60.4%
223 CNN-Attention IEMOCAP A, H,N,S 70.4%
159 WMFCCVQ-RBFN EMO-DB, SAVEE A, B, D, F, 93.6%, 91.82%
H, N, S
[45] 3D-Attention-CRNN EMO-DB, IEMO- A, B, D, F, 82.82%, 64.74%
CAP H, N, S
[68] 3D-CNN RML, SAVEE, A, B, D, F, 81.05%, -, -
eNTERFACE’05 H,N, S
[170] CNN-LSTM AEFW(AudioVisual) A, F, H, D, 60.59%
Sr, S, N
[98] EMD-TKEO-RNN EMO-DB A, B, D, F, 91.16%
H, N, S
[225] 1D, 2DCNN-LSTM EMO-DB, IEMO- A, B, D, F, 95.33%, 89.16%
CAP H, N, S
[89] DNN-SVM IEMOCAP A H, N, S 75.57%
[215] CNN-DNN-RNN IEMOCAP A H,N, S 58.3%
228] TDNN-MFCC IEMOCAP A H, N, S 71.7%
23] CNN IEMOCAP, EMO- A, B, D, F, 77.01%, 92.0%
DB H N, S
[146] CNN-RBF-BiLSTM RAVDESS, EMO- A, B, D, F, 77.02%, 85.57%,
DB, IEMOCAP H, N, S, Sr 72.25%
[74] RNN-MLA (Multi-level TEMOCAP, A,B,D,F,J, 60.71%, 63.26%,
attention) MELD, CMU- N, S, Sr 99.19%
MOSEI
[17] CNN-AWGN RAVDESS A, D, F, H 80.46%
N, S, Sr
226] CNN-SADRN IEMOCAP A, H,N,S 73.10%
28] 3D-LSTMwA RAVDESS, RML, A, D, F, H, 86.0%
SAVEE N, S, Sr
[218] DNN EMODB, IEMO- A, B, D, F, 87%, 86%, 68.5%
CAP H, N, S
[158] DNN-ResNet IEMOCAP A H, N, S 66.02%
[195] CNN-RNN-GRU IEMOCAP A H, N, S 97.4%
[168] 2D-CNN RAVDESS A D, F, H 98%
N, S, Sr
[4] DNN-PCA RAVDESS, TESS A, B, D, F, 81.94%, 97.15%
H, N, S, Sr
[48] 2D CNN+LSTM EMODB A B, D, F, 71.28%
H, N, S, Sr
[144] 2D CNN+LSTM TESS A, D, F, H 97.5%
N, S, Sr
[181] 2D CNN+MFCC RAVDESS AB,D,F,H, 72%
N, S, Sr
[151] DeepCNN+Transfomer EMODB, IEMO- AB,D,F,H, 94%, 81.1%
AP N, S,
[93] Vision Transfomer(ViT) EMODB AB,D,F,H, 85.36%
N, S
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well-known MFC coefficients, RMSE, and ZCR
coefficients were retrieved as features to be input
into two proposed models for classification: 1D
CNN+LSTM and attention+2D CNN architec-
ture. The results showed that the model achieved
accuracy of 96.72%, 97.13%, 96.72%, and 88.39%,
respectively, on the EMO-DB, SAVEE, ANAD,
and BAVED datasets.

The summary of these proposed studies is
presented in table 3.

However, in this work, a critical study of
selected articles on SEC using a deep learning
model revealed that the DCNN requires millions
of datasets for its training which unfortunately are
not available in SEC domain. As a result of the
limited dataset, results of emotion classification
based on deep learning models cannot be totally
insulated from overfitting. The combination of
LSTM for learning spectral features and DCNN
has proven to yield increased performance in many
SEC systems, but the requirement of high com-
puting resources and complexity of computation
is also a drawback.

9 Discussion

Speech emotion classification can be termed as
a precise indication of the emotional state of an
individual, from the speech utterances. As shown
in Figure. 10, the present techniques for speech
emotion classification fall under four specific cat-
egories which are: conventional, Neural network,
deep transfer learning and hybrid methods. Any
one of these can be employed for emotion clas-
sification from speech but the choice must be
strictly guided by useful parameters and relevant
features extraction of interest from the speech sig-
nal. For deep learning, it is obvious from several
research which has been carried out, that no sin-
gle feature learning approach is the most suited
for speech emotion classification, considering a lot
of trade-offs. But, a possible combination of differ-
ent approaches has yielded a good performance,
against single convolutional neural network model.

The major limitation to SEC has been the
non-availability of a sufficient (large) speech emo-
tion dataset, with which a deep learning model
can be trained. Although, deep transfer learning
seems to overcome this challenge, by employing
an existing pre-trained model, however, major-
ity of these model were trained using the dataset
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(ImageNet) that are not speech based. Of course,
several speech emotion corpora have been made
available, but a larger percentage of them are syn-
thetic(acted) in nature and this also poses another
challenge to the result of the speech emotion clas-
sification model that has been experimented so
far. Real live speech emotion corpus from call
centres or television shows would have produced
the best performance, but they are difficult to
access because of license issues. However, the need
for standardization of available speech datasets is
paramount in order to attain the utmost height in
affective computing.

One of the most essential stages in the SEC
system 1is classification, which depends on the
classifier’s ability to correctly comprehend the out-
put from one layer of the model to the other.
There are many difficulties with classifiers, such
as the deep learning classifier. Max-pooling makes
DCNN much slower, which increases the training
process duration. To handle the larger datasets,
conventional classifiers like GMM, Random For-
est, Decision Tree, and SVM require more time in
feature mapping.

The challenge of exactly describing the mean-
ing of emotions is one of the fundamental flaws.
Emotions are frequently muddled and difficult to
understand. The collection of speech emotion cor-
pora shows that there is no consensus over what
constitutes an emotion. However, if we take into
account how people and computers interact on a
daily basis, we might realize that emotions are
spontaneous. As opposed to being more stereotyp-
ical traits, these deviations could be buried and
hardly distinguishable.

Furthermore, it has been observed as well that
emotion from speech utterances is not static in
most real live scenarios and most of the exist-
ing speech dataset has not been able to capture
the continuous nature of emotion from speech
utterances. Although deep learning is giving SEC
domain a wider view and acceptability beyond the
psychological corridor, the proportion of speech
features that contributes mostly to the efficient
classification of emotion is yet untapped. It is also
pertinent to develop speech-based feature selec-
tion techniques that can discriminatively identify
emotionally rich features to enhance classification.
The present framework in SEC has failed to rec-
ognize this pertinent issue.

Component wisely, cultural background, accent
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and speech emotion are inseparable, although HCI
is not peculiar to a particular race. The SEC
domain must as a matter of urgency takes a
closer look at how deep learning can improve emo-
tion classification on a cross-corpus, language and
cultural basis. The best-suited deep learning tech-
niques that can address this issue in terms of local
and global speech feature extraction and learn-
ing need utmost priority. Also, an explainable
and interpretable deep learning model will address
many biases in language, as against the black box
approach of deep learning

Additionally, most deep learning models have
pre-defined input size. These sizes in most cases
do not fit naturally with speech features repre-
sentation (MFCC and log-mel spectrogram) as
extracted from raw speech utterances. This back-
drop has necessitated scaling and resizing of
speech features to match the deep learning input
specification before feeding them into the neural
network convolutional layers. However, the impact
of this disparity has often been overlooked, and
it possesses an innate tendency to reduce the
performance of the deep learning model and classi-
fication accuracy for speech emotion classification.

10 Challenges and Future
Directions

Biased models result from the lack of diversity in
languages, cultural backgrounds, and emotional
expressions found in existing emotion datasets.
Creating more representative and diversified
datasets that span a variety of linguistic and cul-
tural variations is one way to address this issue.
Effective collaboration with various communities
to guarantee inclusion when creating datasets will
also be of great benefit. It can also be advanta-
geous to apply transfer learning from pre-trained
models on various datasets.

Since emotions vary depending on the context,
the same auditory characteristics may convey a
different emotion under different circumstances.
Emotional expressions with ambiguities make
proper classification difficult. This problem can
be circumvented by including contextual infor-
mation in the model, such as dialogue history or
situational background. Investigate multi-modal
strategies to capture more cues by fusing audio
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with visual data. Emotional expressions can be
better understood when wusing context-aware
models.

In applications such as human-computer inter-
action, real-time processing of speech signals for
emotion recognition is essential, but deep learning
models with heavy parameter tuning can be com-
putationally costly, resulting in latency. To lessen
the computational complexity, model quantiza-
tion techniques can be applied, and lightweight
architectures, or optimize model architectures
for efficiency can be of immense benefit too.
To improve real-time performance, a closer look
into hardware acceleration possibilities like edge
computing solutions or specialized processors like
GPUs or TPUs can be of great advantage.

Subjective emotion annotation causes diversity
in datasets that have been labelled. Furthermore,
the generalization of a model may be impacted by
individual variations in how they express and per-
ceive emotions. Increasing annotation consistency
by providing annotators with training and explicit
rules can mitigate this challenge. Additionally,
exploring personalized models that accommodate
many modalities of expression and the utiliza-
tion of transfer learning techniques to make use of
insights from a variety of datasets and extrapolate
to new domains can render future solutions to the
problem of subjectivity.

11 Conclusion

In this study, we have carried out a compre-
hensive review of state-of-the-art methodologies
and techniques for speech emotion classification.
Various algorithms, deep learning architectures
and models used for speech emotion classification
have been presented. A critical survey of different
speech emotion databases that are readily avail-
able for accurate classification has been studied
as well. Feature extraction and selection play a
key role in speech emotion classification, differ-
ent feature extraction techniques that have yielded
an improved performance without misclassifica-
tion have been explored, including mechanisms for
speech signal noise impairment removal.

The performance of the deep learning based
models which include: ResNet, EfficientNet,
AlexNet, GoogleNet, DenseNet and VGGNet, on
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the speech databases with the use of standard-
ized evaluation metrics has been reviewed. Some
of these deep learning models require fine-tuning
and sometimes freezing of layers before they can
yield appreciable results in speech emotion classi-
fication. It was observed from most of the reviewed
works that the standard evaluation metrics like
accuracy, specificity, and confusion matrix have
shown unambiguous results and therefore, we rec-
ommended them for more performance evaluation
in enhancing speech emotion classification from
the speech signal.

From several speech databases surveyed in this
paper, it is observed that the ones with short
utterances require lesser speech processing and
analysis in terms of widowing, framing and fea-
ture extraction with deep learning model. It is
less time-consuming. Therefore, we hope to carry
out an experiment using deep learning techniques
in combination with a dimensionality reduction
and feature selection algorithm on a number of
them such as TESS, EMOVO, ENTERFACE, MS-
PODCAST, etc, to improve the classification of
speech emotion.

As critical analysis of available methods and
techniques gives a better opportunity for the
best choice in system design and implementation,
just as we have reviewed many publications on
SEC, this paper can serve as a good precept
in selecting the best performing deep learning
approach for speech emotion classification with an
improved state-of-the-art result. After discussing
the aforementioned observation, we can draw
the conclusion that deep learning is shaping the
future of speech emotion classification in the right
direction, even with a meagre speech dataset.
However, more speech features that are rich in
emotional content need to be examined in order
to enhance deep learning model performance in
SEC. The challenges highlighted in this paper
demand holistic consideration in future research,
if SEC and affective computing, will witness
tremendous improvement in the next decade.
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Chapter 3

Feature Selection and Attention
Mechanisms in Deep Learning for
Speech Emotion Classification

Deep learning approaches to improve Speech Emotion Classification are discussed
in this chapter.

3.1 Introduction

The published works in this chapter utilized a deep transfer learning and attention
network architecture for speech emotion classification. It summarises the speech
emotion classification model that uses transfer learning to achieve better perfor-
mance, looks into the role of robust feature selection in deep learning models for
SEC, and researches how attention-based networks may be used to focus on impor-
tant emotional cues in speech signals. The speech feature extraction and selections
from speech signals, the transfer learning model, and the dataset utilized are pre-
sented.

3.2 A Robust Deep Transfer Learning Model for
Accurate Speech Emotion Classification

3.2.1 Brief Review

This chapter presents the paper entitled A Robust Deep Transfer Learning Model
for Accurate Speech Emotion Classification. In this paper, a deep learning tech-
nique that is based on the transfer of knowledge from source to target domain has
been adapted for the classification of speech emotion. The paper utilized a deep
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convolutional neural network that is based on VGG-Net architecture and incorpo-
rated a principal component analysis for feature-down sampling. The top layer of
the model architecture is replaced with a classifier for classification of seven differ-
ent emotions, after feature extraction. An efficient deep learning model with batch
normalization and Multilayer perceptron classifier is developed, which overcomes
the challenge of a limited annotated speech emotion dataset.
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Abstract. The significant role of emotion in human daily interaction
cannot be over-emphasized, however, the pressing demand for a cutting-
edge and highly efficient model for the classification of speech emotion in
effective computing has remained a challenging task. Researchers have
proposed several approaches for speech emotion classification (SEC) in
recent times, but the lingering challenge of the insufficient dataset, which
has been limiting the performances of these approaches, is still of major
concern. Therefore, this work proposes a deep transfer learning model, a
technique that has been yielding tremendous and state-of-the-art results
in computer vision, for SEC. Our approach used a pre-trained and opti-
mized model of Visual Geometry Group (VGGNet) convolutional neu-
ral network architecture with appropriate fine-tuning for optimal perfor-
mance. The speech signal is converted to a mel-Spectrogram image suit-
able for deep learning model input (224 x 244 x 3) using filterbanks and
Fast Fourier transform (FFT) on the speech samples. Multi-layer percep-
tron (MLP) algorithm is adopted as a classifier after feature extraction is
carried out by the deep learning model. Speech pre-processing was carried
out on Toronto English Speech Set (TESS) speech emotional corpus used
for the study to prevent the low performance of our proposed model. The
result of our experiment after evaluation using the TESS dataset shows
an improved result in SEC with an accuracy rate of 96.1% and specificity
of 97.4%.

Keywords: Deep learning - Speech emotion - Classification - Deep
convolutional neural network

1 Introduction

Speech emotion classification (SEC) entails classifying emotion from emotional
content inherent in the speech signal. Obviously, from all human modes of com-
munication, speech occupies a significant position, because it carries several non-
linguistic information that is useful and vital to human-computer interaction
(HCI). This has resulted in the change of focus by researchers in human-computer
interaction, especially in the emotion recognition domain, towards exploring
speech signals for efficient and accurate classification of emotion. Apart from
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rich para-linguistic information that resides in speech signal, it is less cumber-
some to acquire compared to other non-speech signals [1|. As a 1D (dimensional)
function of frequency and time, the speech signal is produced at a varying inter-
val (though in a parallel form) through a combination of different human sound
production organs. Precisely, the mouth, lips, tongue, and vocal cord among
others are majorly involved in the articulation of speech sounds [2].

Emotion is crucial in everyday human interactions. It is a determining factor
in decision-making and expression of interest [3|. The totality of human comport-
ment revolves around his emotion per moment. This is the reason why emotion
classification from speech signal has recently attracted an influx of researchers.
Besides, the application of emotion classification in adaptive e-learning, psy-
chological disorder treatment, self-driving vehicles, and a host of others con-
tributes to its popularity across the research community [4,5]. Therefore, mak-
ing a machine to identify key emotional features for accurate classification of
emotion without much complexity, coupled with limited dataset availability and
considering human language accents from multi-cultural backgrounds remains
a lingering challenge in SEC [6]. Several approaches, from traditional to neural
networks and convolutional neural networks (CNN) have been adopted by many
published works in SEC, but the expected performance has not reached a satis-
factory level yet. Traditional machine learning algorithms |7] like support vector
machine (SVM), Random Forest (RF) and K-Nearest Neighbour (KNN) have
been applied for SEC, but their limitations lie in the inability to handle large
speech samples with complex features [8]. They can easily identify primitive fea-
tures such as chroma, pitch, and formant from speech signals [9]. Contrariwise,
CNN [10] architectures have proven to be highly efficient in extraction of fea-
ture in computer vision and deep learning related task. Literature on SEC is
littered with several layered approaches of CNN which have been used by scien-
tific scholars. However, how to manage an increasing number of parameters that
exist through the convolutional process and training for optimal performance
without a loss of distinctive features from the speech signal and yet minimize
the computational cost is still a subject of concern.

Consequently, we proposed a deep transfer learning approach that is based
on deep convolutional neural network (DCNN) for speech emotion classifica-
tion. We used a pre-trained model, already trained on ImageNet; with moderate
set of parameters for extraction of spectral and relevant features that carries
emotional information for accurate classification of emotion. These features are
extracted from a mel-spectrogram image generated from the audio signal. After
this, we utilized the feature dimensionality reduction approach of principal com-
ponent analysis (PCA), but retained the distinctive feature for SEC. To reduce
high parameters and computational cost that is peculiar to many CNN-based
models, we introduced a multi-layer perceptron (MLP) classifier at the topmost
layer of our model to replace the fully connected layers. The performance of our
proposed model is evaluated on an open-source speech emotion corpus known
as TESS (Toronto English Speech Set) dataset. The speech samples contained
in the original TESS corpus requires little class data balancing. We used an
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up-sampling approach to mitigate the class imbalance of the dataset. The accu-
racy report shows a state-of-the-art improved performance compared to other
studies which have been carried out.

The contributions of this study are:

1. To re-establish the possibility of using pre-trained DCNN model for classifi-
cation of speech emotion and efficiently utilize deep transfer learning without
training from scratch.

2. A PCA algorithm to reduce dimensionality while retaining emotional features
from mel-spectrogram to avoid misclassification of emotion.

3. The proposed model (DCNN-MLPwPCA) achieved a state-of-the-art result
over existing method for SEC.

The remaining section of this work is arranged in this order: Sect. 2, a review
of several methods adopted for SEC, is carried out. The detail information of
our proposed methodology is highlighted in Sect. 3. In Sect. 4, we presented the
result of our experiment over the benchmark speech dataset used. Finally, in
Sect. 5, the conclusion and future work is presented.

2 Literature Review and Related Work

The result-oriented performance and recent upsurge in the application of deep
learning in computer vision, have motivated several research works to be carried
out on speech emotion classification while adopting a state-of-the-art approach.
In fact, many transfer learning models have been used in the last decade. Latif
et al. [11] adopted transfer learning techniques for multi-corpus speech emo-
tion classification. Deep belief network (DBN) was used in their experiment on
five different speech emotional corpora. the DBN was based on a contiguous
Restricted Boltzmann Machine (RBM). Their investigation also revealed the
effect of cross-language in SEC, especially for training and validation. In Farooq
et al. [12], the effect of the feature selection algorithm on the transfer learning
model for SEC was investigated. A pre-trained DCNN (AlexNet) model was
used for feature extraction before feature selection method was applied, after
the fourth convolutional layer. Several classifiers like SVM, KNN, RF and MLP
were utilized on four speech emotions corpora and the accuracy result surpassed
handcrafted approach for SEC. Lech et al. [13] proposed a transfer learning of
deep CNN for expanding the speech emotion dataset with the utmost aim of
increasing the accuracy of the classification of emotion. From their methodol-
ogy, knowledge transfer from one domain (source) to another domain (target)
can achieve good result with minimal dataset and lesser complexity. This is
peculiar to the speech emotion classification domain, in which a large dataset is
scarce.

A distance loss transfer learning techniques using siamese neural network
was presented by Feng et al. [14] for automatic classification of speech emotion.
After fine-tuning of the model, an experiment was carried using eNTERFACE,
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RAVDESS and CREMA-D dataset respectively and the result outperform state-
of-the-art model. Atsavasirilert et al. [15] applied transfer learning technique of
an optimized AlexNet pre-trained model on log-mel-spectrogram for SEC. The
first two convolutional layers of their model were fine-tuned using the non-square
kernel approach. The parameters of their model were reduced by 272 times after
optimization, and an 87.16% unweighted accuracy rate was recorded on EMO-
DB dataset. Motivated by the performance of deep transfer learning model in
SEC without training cost, Padi et al. [16] proposed a pre-trained Residual
network (ResNet34) and spectrogram augmentation for accurate classification
of speech emotion. They prevented overfitting of their model through generation
of additional training samples.

A bi-directional feature extraction with mel-spectrogram was used in transfer
learning of Visual Geometry Group network (VGGNet) pre-trained model for
speech emotion classification in Aggarwal et al. [17]. The deep learning approach
utilized dense and dropout layer for significant accuracy over RAVDESS dataset.
Dimensionality of their proposed model was reduced using principal component
analysis. An attention based DCNN with LSTM was proposed by Zhang et al.
[18] for SEC. Multi-channel mel-spectrogram was generated from raw audio sam-
ples and fed into the DNN for segment-level features. Two fully connected layers
were used for classification. The effectiveness of their architecture was evalu-
ated on two datasets (IEMOCAP and EMO-DB) and an improved result was
recorded. A fusion of audio and video features using pre-trained CNN techniques
was used in Ortega et al. [19]. Their model combined several temporal and spatial
features for classification of speech emotion with higher accuracy on RECOLA
dataset. Some convolutional layers were frozen to minimize complexity, while
the resultant output layer was replaced by a neuron with linear activation func-
tion. Vatcharaphrueksadee et al. [20] combined CNN with pre-trained VGG-16
for emotion classification. Their model was optimized before they could achieve
an improved result. However, despite the optimization, the complexity of their
model was high with over 30 million trainable parameters. Lastly, frantic effort
toward increasing availability of large speech emotion dataset has also lever-
age on deep transfer learning model for implementing new Ambharic language
speech emotion corpus as presented by Retta et al. [21]. Three models compris-
ing ResNet50, Alex-Net and LSTM were compared using Cepstral coefficient
and mel-spectrogram features as input from speech signal.

Some proposed methods above involve huge number of trainable parameters
which tends to increase complexity, memory consumption and other far-reaching
effect in terms of their performance. However, our proposed method is structured
in terms of economising memory consumption, reducing complexity as trainable
parameters have drastically reduced to the barest minimum and dimensionality
reduction mechanism is also applied on features. This will eliminate overfitting
as well. The top layer of our model is replaced with a classifier, thereby reducing
the number of convolutional layers while mitigating misclassification of emotion
from speech signal.
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3 Methods and Techniques

3.1 DCNN for Speech Emotion Classification

Deep convolutional neural networks from VGGNet have been adopted in this
work. The learning process through its weight for image classification prob-
lem whereby it had been trained is transferred into emotion classification. The
description of the proposed method is depicted in Fig. 1 below.
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Fig. 1. Propose model framework.

Fine-tuning of the architecture for improved performance is carried out. Fol-
lowing an end-to-end approach, the model operates by learning and extracting
features from mel-spectrogram image fed into it from speech signal. The super-
vised end-to-end top layer (FCN) is replaced with an efficient classifier to produce
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emotion-wise prediction. Both feedforward and backpropagation networks of the
DCNN are used for the extraction of features from the input image simultane-
ously.

The input to the DCNN model of VGGNet is generated from speech signal
converted to mel-spectrogram through filterbank and FFT. Mel-spectrogram
has proven to be useful in many speech classification problems because of the
rich information it retains from the original audio wave (speech) signal, even
after conversion. It shows a time-frequency spectrum [22] visualization of speech
signal. The filterbank performs decomposition of raw signal into several com-
ponents.In processing the speech signal, 16kHz sampling rate, 512 FFT and
filterbanks of 40 were utilized. The input layer, five convolutional layers, pooling
layers, and a fully connected (FC) layer as the top layer make up the VGGNet
[23| framework of our proposed model. As shown in Fig. 1 of our proposed model,
the model has been fine-tuned by replacing the FC layer with a classifier for effi-
cient classification of emotion. VGGNet has been pre-trained on ImageNet, a
million database of images, and it requires less time in adapting it for a new
domain like speech emotion classification. It has the ability to learn discrimi-
nating features [24] through randomly initialized layers, which has given it an
edge in feature extraction over other deep transfer learning models. It is such an
architecture with a sizeable number of filters (3 x 3). The next subsection gives
brief the details of our proposed model.

3.2 Extraction of Features

The level of accuracy of a model is determined by the feature extraction app-
roach employed in speech emotion classification. In deep learning models for
speech emotion classification, feature extraction from speech signals plays an
important role. This is done by translating the speech signal (mel-spectrogram)
into a quantitative representation that can then be processed and analyzed at a
lower data rate. It is carried out in our proposed model by utilizing VGGNet,
a pretrained DCNN. The input mel-spectrogram is resized (224 x 224 x 3) to
conform to the requirement of the model. The stacked 2D convolutional (Convl
- Convb) layers comprised of 64, 128, 256 and 512 filters size. Each layer of the
convolution is followed by a max-pooling layer. The first convolutional layer con-
sists of 224 x 224 x 64 kernel size with 4 pixels stride. There are 5 max-pooling
layers altogether, with a pooling size of 3 x 3 each. The max-pooling layer uti-
lized is for down sampling the output from each convolutional layer to highlight
the most available feature map in the patch and produce unitary output. The
last convolutional layer (Convb) contained a huge feature extracted from the
mel-spectrogram. The training process is boosted through the adopted Reacti-
vation Linear Unit (ReLU) activation function, after each convolutional layer’s
output. Usually, there are 3 fully connected layers, after the last convolutional
layer of a typical VGGNet. However, in our fine-tuned model, the FC layer is
nor longer needed as it has been replaced by a dimensionality reduction mecha-
nism and a classifier to enhance the performance of our model. This is because
of the poor performance of FC layer in classifying spectrogram image pixels.
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The extracted feature maps from the stacked convolutional layer are followed by
feature dimensionality reduction techniques; thereafter, the output is passed to
a classification algorithm.

3.3 Principal Component Analysis (PCA)

From the standpoint of feature relevance and dimensionality reduction, PCA is
an analytical technique that turns multiple feature indicators into a few exhaus-
tive indicators [25]. To achieve the goal of reduction, it allows the original com-
plex feature set to be replaced by many integrated factors that as closely as
possible reflecting the information contained in the original feature set, while
ignoring the irrelevant ones. Despite reducing dimensionality, PCA retains suffi-
cient information about features that are necessary for simplifying classification
and increasing the learning rate of an algorithm. PCA lowers the storage size and
computational cost. PCA is employed in this work and is computed from feature
matrix Z with Ip and N metric matrix define in R? and R" using equations
(1-4) below:

N = (1/n)I, (1)
PCA(Z)= XS (2)
ZTNS, = u;ulu =1 (3)
w= = ZT Ny (4)

VA

where X represent the matrix of n rows and p columns, u is a unit vector, S
represent the diagonal matrix of standard deviation, I represents Identity matrix
and A represent the eigenvalue from an eigenvector.

3.4 Multilayer Perceptron (MLP) Classifier

MLP is a machine learning classification algorithm that utilizes backpropaga-
tion learning techniques to update its weight in an iterative manner. It is a basic
sort, of feed-forward neural network that comprises an input layer, a number of
hidden layers, and an output layer. In our proposed model, the number of input
neurons is determined by a number of features; an output of feature dimen-
sionality reduction PCA. The average number of emotional labels in the speech
corpus determines the number of hidden layers. The output of MLP represents
the class label of emotion in the corpus, through a sigmoid activation function
used as depicted in Eq.5. Only one hidden layer with 200 neurons exists in the
speech corpus (TESS) used in this work.

3.5 Random Forest Classifier (RF)

As an ensemble learning classifier, Random Forest found its application in clas-
sification and regression problems. It operates by forming a large number of
decision trees in the training of the data, and the result is a mean indicator of
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Fig. 2. Speech waveform and mel-spectrogram of emotional utterance

all the individual trees as well as the output of the class. With a replacement,
an RF randomly samples each tree from the database, producing unique trees
known as bagging. A random selection of features set for each tree is used in the
RF classifier node splitting.

1

o) = e

(5)
o represents the sigmoid function, Z,, represents the sigmoid input weight, and
e is the Euler’s number (2.71828).

4 Experimental Results and Analysis

4.1 Datasets

The speech corpus (dataset) used in this work is from one of the publicly available
speech emotion database known as Toronto English Speech Set (TESS) [26].
TESS is a standard synthetic speech emotion dataset that is simple to use for
the classification of emotions because of its minimized reverberation effect. A
total of 2,800 files of emotional utterances are contained in the TESS dataset.
The audio sample had 2.5s of average time period and the wave signal is shown
in Fig. 2.

4.2 Results and Discussion

The result obtained from our experiment on the TESS dataset achieved a clas-
sification accuracy of 96.1% for 7 different emotions, as shown by the confusion
matrix in Fig.3 below. A confusion matrix is employed in this work, to give a
vivid picture of the classification rate for each emotional label. For the “angry”
and “happy” emotional class, a 100% accuracy was achieved, which indicate the
highest accuracy with our model as against other emotional classes. The rest of
the emotional classes had an accuracy of classification not less than 90%, which
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Fig. 3. Confusion matrix of emotion classification

further indicate the high performance of our proposed model compared to other
state-of-the-art techniques.

Beside the confusion matrix, Return Operating Characteristics (ROC) curve
for a multi-class task like speech emotion classification was also utilized to prove
the efficiency and performance of our model. As shown in Fig. 4, the black dotted
line denotes the threshold and all emotions classified were above the threshold.
ROC for classes 0 to 6 represents each emotional class (angry, disgust, fear,
happy, neutral, sad, and surprise). The Area under Curve (AUC) for each emo-
tional class is not less than 0.98, an indication that performed better. AUC score
ranges from 0 to 1, so the closer the value to 1, the better the performance.

4.3 Performance Evaluation

The accuracy, specificity, and unweighted average recall (UAR) of our model are
presented in Table 1. While accuracy measures the ratio of true emotion classified
to all emotional classes in the dataset, specificity measures the ratio of actual
emotion to predicted emotion. The evaluation result in this table showed the
outcome of our work when a separate experiment using another classification
algorithm (Random Forest) was conducted. The performance of our proposed
method was compared with other recent studies as indicated in Table 2 and our
approach outperformed all of them in speech emotion classification.
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Table 1. Performance evaluation
Experiment Specificity | Accuracy | UAR
DCNN-PCA-MLP | 97.4% 96.1% 98.7%
DCNN-PCA-RF 96.1% 94.0% 97.4%
Table 2. Performance comparison
Publication Techniques Dataset | Reported accuracy
Praseetha et al.(2018) [27] DNN-GRU TESS |[89.96%
Venkataramanan et al.(2019) [28] | DNN-LSTM TESS |70.00%
Krishnan et al.(2021) [29)] IMF-SVM, KNN TESS | 93.30%
Blumentals et al.(2022) [30] LSTM-FCNN TESS |86.02%
Proposed Model DCNN-PCA-MLP | TESS |96.10%

5 Conclusion

In this work, the classification of speech emotion was performed using a deep trans-
fer learning approach. The proposed DCNN-PCA-MLP model outperforms the
recently adopted model on the same dataset with a noticeable gap. We achieved
an accuracy of 96.1% and 97.4% specificity with the MLP classifier. The reason for
this is because of the robustness of the adopted and fine-tuned VGGNet model.
The dimensionality of feature reduction through PCA contributed to the perfor-
mance of the proposed model and reduced the misclassification of emotion and
elimination of highly correlated features. We also reaffirm that the application of
deep transfer learning through a pre-trained DCNN for speech emotion classifica-
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tion promises high efficiency in affective computing, even with the challenge of the
limited dataset. However, the future direction of this work can be in using other
pre-trained DCNN models to get an improved result.
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3.3 Robust Feature Selection-Based Speech Emo-
tion Classification Using Deep Transfer Learn-
ing

3.3.1 Brief Review

This section is an extension to Paper 4 which presents the paper titled Robust Fea-
ture Selection-Based Speech Emotion Classification Using Deep Transfer Learning.
It addressed the issue associated with speech utterance with over-blotted features
and irregularities in spectral characteristics. In the paper, a methodology that is
based on an efficient emotional feature selection technique is utilized in combina-
tion with a deep learning model. The paper made use of a convolutional neural
network (CNN) that has already been trained to efficiently extract features from
mel-spectrograms that are taken from speech signals. Effective feature extrac-
tion is achieved while minimizing computational costs by freezing a large portion
of the CNN layers during training. The paper utilizes the Neighborhood Compo-
nent Analysis (NCA) feature selection algorithm to minimize feature dimensionality
and prevent misclassification. The problem of over-blotted features brought on by
anomalies in spectral properties and irregularities in speech features is overcome in
Chapter 7. At the top layer of the model, the paper used Multi-Layer Perceptron
(MLP) and Support Vector Machine (SVM) classifiers to classify emotions after
feature selection.
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Abstract: Speech Emotion Classification (SEC) relies heavily on the quality of feature extraction
and selection from the speech signal. Improvement on this to enhance the classification of emotion
had attracted significant attention from researchers. Many primitives and algorithmic solutions for
efficient SEC with minimum cost have been proposed; however, the accuracy and performance of
these methods have not yet attained a satisfactory point. In this work, we proposed a novel deep
transfer learning approach with distinctive emotional rich feature selection techniques for speech
emotion classification. We adopt mel-spectrogram extracted from speech signal as the input to our
deep convolutional neural network for efficient feature extraction. We froze 19 layers of our pretrained
convolutional neural network from re-training to increase efficiency and minimize computational
cost. One flattened layer and two dense layers were used. A ReLu activation function was used
at the last layer of our feature extraction segment. To prevent misclassification and reduce feature
dimensionality, we employed the Neighborhood Component Analysis (NCA) feature selection
algorithm for picking out the most relevant features before the actual classification of emotion.
Support Vector Machine (SVM) and Multi-Layer Perceptron (MLP) classifiers were utilized at the
topmost layer of our model. Two popular datasets for speech emotion classification tasks were used,
which are: Berling Emotional Speech Database (EMO-DB), and Toronto English Speech Set (TESS),
and a combination of EMO-DB with TESS was used in our experiment. We obtained a state-of-the-art
result with an accuracy rate of 94.3%, 100% specificity on EMO-DB, and 97.2%, 99.80% on TESS
datasets, respectively. The performance of our proposed method outperformed some recent work in
SEC after assessment on the three datasets.

Keywords: feature selection; speech emotion; classification; deep convolutional neural network;
transfer learning

1. Introduction

SEC occupies an important position in affective computing and plays a cogent role
in human relationships. Psychologically, there is no better way: a relationship can neither
be initiated nor sustained without adequate communication. However, communication
takes place in many ways (verbal and non-verbal), but auditory speech communication
has been the hub for all other forms. It is the nucleus to which all other means of human
interaction revolve [1]. One major factor that determines human decisions is emotion [2,3].
Whether on an inter-personal or intra-personal basis, emotion influences why human
beings act or react the way they act, informs their judgment, and even sometimes molds
their opinions. Classification of emotion through human speech, therefore, is the act
of recognizing emotional content from speech [4] as depicted in Figure 1. The growth
of human-computer interaction in the last decade cannot be unconnected to SEC [5,6].
Apart from wider application in major fields and sub-fields, SEC is reshaping the nearby
future next revolution of human—machine interaction as it is attracting the vast majority
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of researchers worldwide. Mental disorders and depression-related diseases have been
drawing great benefit from SEC coupled with the acceleration of patient treatment [7].

Figure 1. Emotion Classification Framework.

However, the curiosity of why speech emotion classification has been experiencing
high processing cost and increased memory consumption with less accuracy has remained
a great question among researchers today [8]. Presently, one lingering challenge identified
so far is the lack of a sufficient annotated speech dataset, but then, several models have been
proposed to mitigate this challenge and improve accuracy, as was obtainable in [9] using
Surrey Audio-Visual Expressed Emotion (SAVEE), Ryerson Multimedia Laboratory (RML),
and eNTERFACE’05 as the speech corpus. A 3D convolutional neural network (CNN)
model with fully connected layers was developed for SEC. They attained a state-of-the-art
performance, but the huge features [10] extracted without a corresponding feature selection
method applied before actual classification tends to increase computational [11] complexity
and reduce the accuracy rate.

By way of improving on the previous study, we proposed a novel and robust deep
transfer learning approach for speech emotion classification with feature selection tech-
niques. Transfer learning leverages on knowledge acquired from the source task and
implements it on the target task [12]. It reduces computational complexity as it requires no
training before its usage. Not all features from speech signals carry emotional content, and
this is the reason why many models’ failed to attain an optimal result. There is a need for a
mechanism to subject extracted speech features [13,14] (spatial) to selection techniques for
effectively identifying discriminating features that can increase accuracy while reducing
computational cost.

Main Contributions
The specific contributions of this work are:

1.  Applying an optimized deep transfer learning for feature extraction using the pre-
trained model on ImageNet.
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2. Adopting an efficient feature selection technique for selecting a discriminative feature
for optimal classification of emotion, because not all features from a speech signal
carry paralinguistic information relevant to accurate emotion classification.

3. Reducing misclassification of emotion and computational cost, while achieving state-of-
the-art and improving accuracy on three speech datasets with two different classifiers.

4.  Systematic performance evaluation and critical comparison of the model with other
methods, which indicates a high efficiency of deep transfer learning with feature
selection for SEC.

The remaining part of this work is arranged as follows. Related work with some
useful background concepts is presented in Section 2. Section 3 deals with the proposed
methodology of the work. In Section 4, the experimental flow with exact results achieved
was presented. Section 5 presents the discussion of the obtained results and comparison
with recent works that have been published. A conclusion with recommendation for future
work is given in Section 6.

2. Literature Review and Related Works

From a psychological point of view, Refs. [15,16], human emotions are categorized into
six major groups, which fall under positive and negative emotion, respectively. However,
this can also be sub-divided into valence or arousal. Valence emotion determines the extent
to which emotion is either positive or negative, while arousal indicates the level of intensity.
The description of these basic enotions are shown in Table 1. These emotions goes through
the process of vectorization in speech data processing (encoding) before emotional features
extraction and classification can be performed.

Table 1. Basic Emotion Description.

Emotion Description Expression Class
. A state of pleasantness .
Happiness characterized by joyful mood Upbeat Positive
A transitional emotion state
Sadness usually characterized by Leathery and dampened Negative
grieving felling
Fear Plays a vital role in survival Rapid heratbeat Positive/Negative
Disgust Results from unpleasant taste Retching/nauseating Negative
or smell
Anger A state of hot temper, hostility Yelling Negative
and aggression
Surprise Usually occurs when the Screaming and hilarious Positive /negative

unexpected happens

For more than half a decade, several deep transfer learning techniques rooted in deep
convolutional neural network (DCNN) have been applied in speech recognition with the
utmost focus on emotion classification from speech. Transfer learning minimized computa-
tional cost while maintaining an accurate extraction of features from speech signals [17,18].
Despite several outstanding records of successful application of convolutional neural net-
work (CNN), the SEC domain is still facing the intense challenge of optimal performance
with minimal complexity. As the literature is saturated with many of the applications
of deep transfer learning techniques for an improved performance in speech emotion
classification, this work has reviewed some published works.

Obviously, the recent advancement in Artificial Intelligence and affective computing
has conspicuously made the deep transfer learning model very popular in major fields,
such as image segmentation, visual objects recognition systems, facial emotion recognition
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systems, age and gender estimation, and speech recognition systems, which is due to its
extraordinary performance in prediction and low error rate.

Vryzas et al. [19] applied a pretrained DCNN-based transfer learning for speech
emotion classification. A multi-user speech dataset was used in training their model, while
fine tuning took place on the speaker-dependent speech emotion dataset. The first 11 layers
of the model that served in feature learning were frozen from being trained according to the
structural setup of the model with utmost the aim of fine-tuning the model on the target’s
dataset input. Mustageem and Kwon, Ref. [20] investigated the possibility of adopting a
double stream approach of CNN and DCNN for extracting spectral and spatial features
for an improved performance in SEC. Aside from the fusion of dual features techniques,
considerable effort was made by applying a feature selection algorithm for the effective
classification of emotion. Mustageem and Kwon Ref. [21] proposed an attention-based
convolutional neural network with a fully connected layer trained in an end-to-end manner
for the effective classification of speech emotion. An optimized DNN was proposed by
Aouani and Ayed, Ref. [22] for real-time speech emotion classification. The optimization
was carried out using stochastic gradient descent.

Learning the most salient features from a speech spectrogram image through a light-
weight CNN model for an improved performance in SEC was presented by Anvarjon et al. [23].
The model was also trained in an end-to-end mode, with an enhanced pooling strategy
and fewer parameters. A deep transfer learning model that is based on AlexNet with
correlation-based feature selection techniques was presented by Farooq et al. [24] in order
to investigate the overall impact of the feature selection algorithm on speech emotion clas-
sification. Haider et al. [25] evaluated three different feature selection techniques, namely,
Relief feature Infinite Latent Feature Selection, and a generalized Fisher score for speech
emotion recognition, along with the recently proposed automatic feature selection method.
They employed three datasets from three different languages to affirm that higher accuracy
can only be achieved through a reduced feature set.

Zhang et al. [26] adopted transfer learning using a pretrained model on ImageNet
(AlexNet) to extract segment-level features and an attention mechanism for learning emo-
tionally rich features. Their model also combine Bi-directional Long Short-Term Memory
(BiLSTM) for effective speech emotion classification using two different datasets (EMO-
DB and IEMOCAP). Feng and Chaspari Ref. [27] proposed a transfer learning technique
with distance loss for speech emotion classification. They fine-tuned a siamese nueral
network in order to achieve a state-of-the-art result. An experiment was carried out on
the eNTERFACE, RAVDESS, and CREMA-D datasets, respectively. Spectrogram features
generated from speech signals were augmented in Padi et al. [28] and fed as input into
a transfer learning model (ResNet) with a significant pooling layer (statistics) for speech
emotion classification. They prevented overfitting and improved classification accuracy in
spectrogram augmentation techniques.

Joshi et al. [29] proposed a deep neural network BiLSTM for emotion classification
using a cross dataset that was rooted in EEG (electroencephalography). Out of the three
datasets (DEAP, SEED, IDEA) used in their work, two were for training, while one (IDEA)
was for testing the performance of their proposed method. Four classifiers (SVM, KNN,
MLP and Deep RNN) were trained with four speech features (Hjorth parameters, DE,
LF-DE and PSD), and the results of their experiments indicated that DNN parameters
optimization can positively enhance the performance of the emotion classification system.
In addition, the deep BiLSTM model improved emotion recognition from EGG through
the extraction of discriminative features and temporal dependencies of speech samples.
However, the datasets utilized were insufficient for a typical Deep BiLSTM network model
learning, which eventually hampered the accuracy (59%) recorded. The most popular
datasets used within the speech emotion domain consist of synthetic data because of the
difficulty and security issues associated with real-world speech-based datasets. However,
Blumentals and Salimbajevs [30] carried out a speech emotion classification task using
a real-world dataset (from phone calls). In their work, a deep learning network made
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up of two LSTM layers and fully connected layers with an Adam optimizer for back
propagation was utilized. Their model was first tested on three popular datasets which
included IEMOCAP, RAVDESS and TESS with accuracy of 60.4% and 86.02% before the
real-world data obtained from a call center was used. The real dataset was based on
Lavitian Language, and a model accuracy of 52.48% was recorded. It very evident from
this work that the result is lower than state-of-the-art; moreover, the testing accuracy on
the real-world dataset used was not stated.

Really, it is very cumbersome to build a standardized speech corpus for emotion recog-
nition, and this is a major difficulty confronting speech-based emotion classification tasks.
Some of these deep learning methods adopted so far require extensive training, which
in most cases increases computational cost. However, the accuracy of speech emotion
classification must need to be improved upon, as proposed in our study. Additionally,
determining which set of features carries emotional information through the feature selec-
tion algorithm can lessen misclassification and increase model performance. In Table 2, a
summary of the reviewed literature is given.

Table 2. Summary of Related Works.

Accuracy/
. Unweighted Number
Author Techniques Dataset Average Recall Emotion
(UAR)
Joshi et al. [29] DNN-BiLSTM EEG 58.44% -
Blumetals and TESS, RAVDESS, o
Salimbajos [30] DNN-LSTM IEMOCAP 86.02% 7,4
Padi et al. [28] ResNet IEMOCAP 66.02% 4
Feng and . o
Chaspari [27] SiameseNet RAVDESS 32.8% (UAR) 7
DCNN- EMODB, o o
Zhang et al. [26] BILSTMwA IEMOCAP 87.86%, 68.5% 7,4
Haider et al. EMODB, 76.9%, 41.0%,
[25] AFSSVM pMIOVO, SAVEE  42.4% (UAR) 6
EMODB, SAVEE, N .
Farooqetal. [24] ~ DCNN-CFS TEMOCAP, 222% 2?13% 7,4
RAVDESS R BEe
Anvarjon et IEMOCAP, o o
al. [23] CNN EMODB 77.01%, 92.02% 7,4
Aouani and o
Ayed [22] DNN EMODB 96.97% 7
Mustaqeem and EMODB, SAVEE, 95.0%, 82.0%,
Kwon [21] DNR-INCA RAVDESS 85.0% 7
Viyzasetal [19] CNN-VGGNet ~ Lersonalized(Web 69.9% -

Crowd Sourcing)

3. Methods and Techniques

A unique approach of DNN-NCA-MLP (Deep transfer learning with Neighborhood
Component Analysis and Multi-Layer Perceptron) for speech emotion classification is
introduced. At first, our proposed method carried out preprocessing on a raw speech signal
to generate suitable input (Mel-spectrogram) for the model. The structural framework
of the proposed model is shown in Figure 2 below. The input image generated from the
audio signal is fed into the pretrained DCNN model for robust utterance-level [31] features
extraction. Thereafter, a feature selection technique is applied to carefully determine
relevant and pertinent features for the accurate classification of emotion with the chosen
classifier at the top layer of the model.
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Figure 2. Structure of the Proposed Model.

3.1. Speech Data Pre-Processing

Any successful SEC model begins with speech database preparation. Most speech
emotion corpus are influenced by speakers’ age, gender and cultural background, among
others. It then becomes necessary to diligently carry out adequate preparation of the dataset.
Unlike other image processing sub-fields, applying transfer learning to a speech-based task
requires substantive data preprocessing in order to make the input image suitable for the
deep learning network. Specifically, speech signals carry information such as the sampling
ratio, frequency and speed that must be enhanced before their usage for training and the
corresponding feature map.

The required input to our proposed model is log mel-spectrogram. This is extracted
from the speech signal. Mel-spectrogram has proven to be efficient and rich in emotional
content for speech emotion classification. In generating the mel-spectrogram, a series of
operations such as pre-emphasis, framing and windowing must need to be performed. The
speech signal is first subjected to pre-emphasis for amplification of the frequency. Because
of the continuous nature of the speech signal, framing is performed to disintegrate the
signal into a fixed-length size, after which a hamming window of 20 ms size function is
applied on the frame with 10 ms shift, as computed in Equation (1)

w(n) = 0.54 — O.46cos<%>0 <n<M-1 )

where M represents the window size for the hamming function w(n).

The mel-filter bank used in this work is 40, while the sample rate is 16 kHz and FFT
(Fast Fourier Transform) is 512. A speech signal (x) of length () can be converted into a
signal in the frequency domain (X) using the FFT technique as computed in Equation (2).
The size of FFT corresponds to the size of the last convolution layer of our pretrained model.
FFT is adopted [32] in generating the complete mel-spectrogram of the speech sample. As
part of preprocessing, the mel-spectrogram generated using FFT is resized to the input
specification (size) of our proposed model, which is 224 x 224 x 3. This represents the size
(height x width) and the number of channels, respectively.

X(t)zzyzjl( []Wcos T +bnsm?) )
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where x(r) represents a signal, W represents an N-point window functionand 7 =0, 1, 2,
o, N—1.

3.2. Feature Extraction with Deep Convolutional Neural Network

This section gives the detail performance of our proposed model with respect to feature
learning from the original input mel-spectrogram. An utterance level feature is extracted
using VGGNet (Visual Graphics Group Network) as the base model for the deep transfer
learning model. As shown in Figure 2, the model consists of five, 2D convolutional layers
in series of 224 x 224 x 3,112 x 112 x 128,56 x 56 x 256,28 x 28 x 512 and 14 x 14 x 512
kernel size. Altogether, four pooling layers were used, with the last pooling layer having a
size of 7 x 7 x 512. A dropout layer and two dense layers with ReLu (Reactivation Linear
Unit) were used as the topmost level of the feature extraction segment. The dropout layer
is a hyperparameter that can be used to prevent overfitting [33], and ReLu is the activation
function. The pretrained model also carries an internal linear activation unit. The model is
properly fine-tuned in order to extract all features (global and spatial) before the selection
of high-level features in the next section. We utilized sparse-categorical cross-entropy and
an Adams optimization algorithm in compiling our model.

The number of trainable parameters for our model is obtained from the fully connected
layers (dense layer), because our base model does not need training. The dense layer
consists of a total number of neurons from the current layer (1c) and previous layer (np).
The product of these two mini parameters plus one (bias term) gives the value for the
dense layer, which represents the total number of trainable parameters for our model. For
instance, the single dense layer of our model (Desnse-1), nc = 7,np = 512; therefore, total
parameters =7 x (512 4+ 1) = 3591.

3.3. Neighborhood Component Analysis (NCA) Feature Selection

After the extraction of features with the DCNN segment of our proposed model, it
is necessary to select relevant features in order to prevent misclassification and increase
the accuracy of the entire model. Feature selection [34] occupies a significant position in
this work, as it determines the level of performance. Many models other than the proposed
model could have yielded an optimal result in speech emotion classification, but the absence
of an appropriate feature selection algorithm incapacitated those models. It is very essential
to know that huge features from speech data can be extracted, but not all these features are
relevant [35] for emotion classification. The more irrelevant the features in the classifier,
the greater the likelihood of misclassification and reduction in the accuracy and efficiency
of the SEC model. However, even though feature selection is important, a careful choice
of which feature selection techniques perform best and under which condition is another
dicey question. The choice must be made depending on the model architectural framework.
In this work, NCA, a feature selection method based on distance, has been chosen for
selecting discriminative features and its performance in maximizing classification accuracy.
The normalized equation for computing the NCA feature selection for a multi-class SEC
problem is given in Equation (3).

S={(x,yi),i=12,...,n} (3)

where 7 is the number of observations, x; € R” denotes the feature vectors, y; € {1,2, ..., ¢}
denotes class labels of emotional features, and ¢ is the number of emotional class labels. To
simplify, the goal is to provide relevant features (from the feature extraction segment of
the model) for the classifier f: R — {1, 2, ..., ¢}, which takes a feature vector and makes
classification f(x) for the ground truth (label) y of x. The NCA algorithmic [36] procedure is
defined in Algorithm 1.
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Algorithm 1: NCA Feature Selection Procedure

1: procedure NCAFS (T, &, 0, A, 7 ) > T: set of training,a: initial step length, o kernel width,
A: parameter for regularization, #: small positive integer constant;

2: Initialization: w® = (1,1,...,1),e? = —oo,t =0

3: while [¢f — el < g

4:fori=1,...,Ndo

5.  Compute pi; and p; using w! with respect to (2) and (3)

6:forl=1,...,ddo

7. Al= 2(}721‘ (Pizz’ # jpijlxi — x| — Zjyiipij|xia — yiz|) - A) wj

8 t=t+1

9: w=w"1+aA

10: € = &(w! 1)

11:if €t >e!~1 then

12: a«=1.01a

13: else

14: o« =04«

15: wend
16: w =w
17: return

t

3.4. Classifiers

The classifiers [4] employed in this work are Multi-Layer Perceptron (MLP) and
Support Vector Machine (SVM) . For a multi-class problem such as SEC, the choice of an
efficient classifier after feature selection is crucial. The classifier is found at the top-most
layer of our proposed model. The fully connected layer and softmax function in the normal
pretrained model have been replaced with two different classifiers for an improvement
performance of speech emotion classification.

3.4.1. Multi-Layer Perceptron

The Multi-Layer Perceptron classifier is a feedforward neural network model that has
three nodes of input, output and hidden layers [37]. Depending on the implementation,
MLP can take one or more hidden layers, but in this work, one hidden layer is used for
all the datasets (TESS, EMO-DB and TESS-EMO-DB). The input layers consist of a certain
number of neurons which represent the total number of features from the feature selector.
TESS has 2280 neurons and EMO-DB has 240 neurons. The output layer represents the
actual number of emotional categories as present in the ground label of speech samples.
The sigmoid activation function is used for our MLP classifier in determining the output of
the neuron. After each iteration, the weights of the connections are continuously adjusted
as part of the MLP’s training process.

3.4.2. Support Vector Machine

SVM is a sort of classifier that builds a hyperplane and optimizes the margin between
the two classes in order to achieve classification purpose [38]. It has been proven to be
efficient in many classification tasks. In this work, SVM is utilized as a second classifier too,
and the result obtained is compared with our own MLP.

4. Experimental Result and Analysis
4.1. Emotion Datasets

We tested our proposed model on three datasets, which are TESS, EMO-DB and
TESS-EMO-DB (hybridized) consisting of two languages (English and German).
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4.1.1. TESS

Many researchers have used the Toronto Emotional Speech Set, a publicly accessible
speech emotion database, to classify emotions. The speech samples were captured in 2010
at Northwestern University Auditory Laboratory [39]. Two actresses were requested to
recite a few of the 200 words during the impromptu event, and their voices were recorded.
During the scene, seven different emotions were recorded (happy, angry, fear, disgust,
pleasant, surprise, sad and neutral). There are 2800 files in all that show human emotion.

4.1.2. EMO-DB

Seven acted emotional states are represented in the EMO-DB speech dataset: anger,
disgust, boredom, joy, sadness, neutral, and fear. Ten actors who are natural German
speakers contributed 535 emotional utterances in the German language. It was initiated
by the ICS, Technical University, Berlin, German [40]. Five of them are actresses who
are women, while the other five are actors who are men. The speech files are 3 s long
on average, and they were initially collected at a sampling rate of 48 kHz before being
resampled to 16 kHz.

4.1.3. TESS-EMO-DB

The combination of the two datasets, a formed and hybridized dataset, in our model
yielded different results. Unlike the seven emotions in the two separate speech corpus, six
emotions were used for classification.

4.2. Experiment Setup

In this work, the experiment was conducted on a Python 3.9 environment with an Intel
Core i7 processor, 8 GB of RAM, and a 64-bit operating system. Additionally, other third-
party libraries and deep learning tools (such as Tensorflow, Numpy, and audio processing)
were used. Since our model’s input layer needs to be 224 x 224 x 3, preprocessing of the
audio sample was initially necessary. The speech signal had to be converted to a log-mel
spectrogram and resized to fit the model’s specifications. The mel spectrogram feature was
extracted from the original audio data using the FFT method. The dataset is then divided
into a training and testing set at a ratio of 80:20. The data for the test and training sets were
both standardized to pixel values between 0 and 1. The basic implementation parameters
used are shown in Table 3.

Table 3. Implementation Parameters.

Parameter Value
Optimizer Adam
Loss Function Sparse Categorical Cross-Entropy
Activation Function Softmax
Environment CPU
Output Classes 7
Learning Rate 0.001
Maximum Epochs 50
MLP Hidden Neurons 20
SVM Kernel Function Linear

5. Result and Discussion

The result obtained in this work proved the efficiency of our proposed model. In the
first stage of our experiment, we carried out training of the additional (topmost) layers of
the feature extraction segment of our proposed model, which comprises a dropout layer,
two dense layers, and an activation function, since all layers of our based transfer learning
network are non-trainable. We obtained a significant accuracy and loss curve (94%, 14%)
after training and validation was carried out with the dataset as indicated in Figure 3.
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A normalized confusion matrix which depicts a holistic insight of various results
obtained from our experiments with different classifiers is shown in Figures 3-5, respec-
tively. Looking at the confusion matrix, for the TESS dataset with the MLP classifier, 100%
accuracy was recorded for angry, disgust, fear and happy emotion, while the surprise
emotion yielded the lowest accuracy of 89%, and others were above 90%. With the SVM
classifier, the minimum accuracy increased to 90%.

On the EMO-DB dataset, our model achieved 94%, 89%, 98%, 94%, 91%, 98% and 99%
accuracy in classification for angry, boredom, disgust, fear, happy, neutral and sad emotion
using the MLP classifier. When SVM was introduced, there was a slight improvement
in recognition accuracy, as the three emotions (disgust, neutral and sad) recorded 99%
accuracy while the happy emotion recorded the lowest accuracy of 87%. As with the
combined dataset of TEES-EMO-DB, the highest accuracy of 99% was recorded for the sad,
neutral and disgust emotions with the MLP classifier, while the happy emotion recorded
the lowest accuracy of 87%, as depicted in Figure 6. For the SVM classifier, only the sad

emotion produced the highest accuracy of 99%, while others were 90% and above.
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Figure 3. Proposed model’s accuracy and loss performance curves for both training and validation.

(a)

(b)

Figure 4. Confusion matrix of emotion classification on TESS dataset. (a) DCNN-NCA-MLP.
(b) CNN-NCA-SVM.

As we analyze further, the classification report comprising accuracy, Fl1-score, speci-
ficity and sensitivity evaluation metrics was employed in order to fully grasp how efficient
our proposed method performed in its discriminatory ability to learn features for speech
emotion classification. As shown in Table 4, we achieved the highest accuracy of 97.2% on

the TESS dataset with the SVM classifier, while the lowest accuracy of 94.3% was recorded
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from the EMO-DB dataset with the MLP classifier. The highest specificity and sensitivity of
100% was recorded with experiments on the two datasets for both classifiers, while 98.8%
specificity was recorded on the combined dataset.

Disgust  Boredom gy

Valuses

Actual

(b)
Figure 5. Confusion matrix of emotion classification on the EMO-DB dataset. (a) DCNN-NCA-MLP.
(b) CNN-NCA-SVM.

Table 4. Performance Evaluation.

MLP/SVM TESS EMO-DB TESS-EMODB

F1-score (%) 97.20, 97.68 94.40, 94.40 95.70, 94.90
Sensitivity (%) 99.04, 100 100, 100 99.01, 98.95
Specificity (%) 98.90, 99.80 100, 100 100, 98.85

Dt

Sad

(a) (b)
Figure 6. Confusion matrix of emotion classification on TESS-EMODB dataset. (a) DCNN-NCA-MLP.
(b) CNN-NCA-SVM.

As with Fl-score, we achieved a state-of-the-art result of 94.4%, 95.7% and 97%,
respectively after evaluation on the three datasets. A return of operating curve (ROC)
was adopted to present the graphical outlook of classification results of six emotions from
the hybrid dataset. The ROC analysis result for six emotions on the combined dataset
is illustrated in Figure 7. On the curve, each class represents an emotion: angry, sad,
disgust, happy, fear and neutral with class 0 to 5, respectively. From the curve, the highest
classification performance of Average Area Under the Curve (AUC) of 98% was achieved
on classes 3 and 5 (neutral and disgust), while class 4 (fear) yielded the lowest AUC of 50%.
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However, none of the classes gave a classification outcome that is below the threshold (black
dotted line). A chart indicating performance classification of emotion is also illustrated in
Figure 8. The bars in represent experiments with MLP and SVM classifiers. From the chart,
with SVM, five emotions comprising disgust, fear, happy, neutral and sad yielded accuracy
results above 90%, while five emotions (sad, neutal, fear, disgust and angry) also yielded
90% and above accuracy.

ROC for EMODE & TESS Emotions Classification

10 ,r——',__—_—_’=7‘ —

0g-
W
5 e
y 06 /’M"
% 04 — ROC curve of class O (AUC = 0.92)
- = ROC curve of class 1 (AUC = 0.92)

#7 — ROC curve of class 2 (AUC = 0.97)

02 #7 = ROC curve of class 3 (AUC = 0.98)

#
i = ROC curve of class 4 (AUC = 0.50)
J...-*" ROC curve of class 5 (AUC = 0.98)
00 . : . -
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False Positive Rate

Figure 7. ROC curve of classification.

TESS+EMO-DB

Angry Disgust Fear Happy Neutral Sad

MLP mSVM

Figure 8. Performance chart on TESS-EMODB with the two classifiers.

5.1. Performance Evaluation

The accuracy, specificity, and unweighted average recall (UAR) of our model are
presented in Table 4. While accuracy measures the ratio of true emotion classified to
all emotional classes in the dataset, specificity measures the ratio of actual emotion to
predicted emotion. The evaluation result in this table showed the outcome of our work
when a separate experiment using another classification algorithm (Random Forest) was
conducted. The performance of our proposed method was compared with other studies in
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recent times, as indicated in Table 5, and our approach outperformed all of them in speech
emotion classification. Additionally, a drastic reduction in complexity (at feature extraction
and selection level) has been achieved, while the accuracy of emotion classification has
been increased in our model as against what is obtained in the literature [2,38-42].

Table 5. Performance Evaluation.

Dataset Reference Methods Reported Accuracy
TESS (2018) [41] DNN-GRU 89.96%
" (2019) [42] DNN-LSTM 70.00%
" (2021) [2] IMF-SVM, KNN 93.30%
" (2022) [30] LSTM-FCNN 86.02%
" Proposed DCNN-NCA-MLP 96.10%
EMO-DB (2019) [43] DCNN 80.79%
" (2020) [44] CNN-BiLSTM 85.50%
" (2020) [22] CNN 89.02%

" DCNN-LSTM- o

(2021) [31] Attention 87.86%
" (2021) [20] CNN-Attention 93.00%
" (2021) [45] LSTM-CNN 93.34%
" Proposed DCNN-NCA-MLP 94.90%

5.2. Performance Comparison

Our proposed model outperformed other existing methods when evaluated on the
TESS and EMO-DB datasets, as shown in Table 3.

6. Conclusions and Future Work

In this work, a deep transfer learning approach with a feature selection algorithm
that can select relevant features for speech emotion classification from a pool of extracted
features through a deep convolutional neural network has been presented. It is obvious
after a series of experiments have been carried out that the proposed method has improved
accuracy and reduced the rate of misclassification as well as computational complexity
using state-of-the-art emotional speech corpora. In achieving an optimum performance,
the mel-spectrogram was extracted from raw speech signals through preprocessing and
FFT. Thereafter, the mel-spectrogram was reshaped to match the requirement of the DCNN
model for feature extraction. NCA feature selection was then applied in selecting the
most salient and discriminating features that are relevant to emotion classification while
reducing the workload of the classifier. With few hyperparameter tunning, our model
achieved significant improvement in accuracy compared to existing methods as we carried
out our experiment on the TESS, EMO-DB and combined (TESS+EMO-DB) dataset using
two classifiers (MLP and SVM). Overall accuracies of 97.20%, 94.82% and 95.77% were
obtained after we examined our method on TESS, EMO-DB and TESS+EMO-DB. The
work has indicated that the proposed model is efficient for speech emotion classification.
However, future experiments can be conducted using the cross-language speech corpus
and testing with other classifiers to see their performance. We are also looking forward to
adopting LSTM as an additional layer to our pretrained neural network and utilizing a
multiple feature selection algorithm for an improved performance.
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3.4 Speech Emotion Classification Using Attention-
Based Network and Regularized Feature Selec-
tion

3.5 Brief Review

This paper entitled Speech Emotion Classification Using Attention Based Network
and Regularized Feature Selection is an extension of this chapter’s previous pa-
per. The paper addresses the challenge of selecting the most discriminating and
high-level emotionally relevant features for efficient speech-emotion classification.
The paper utilized an attention-based network in conjunction with a pre-trained
convolutional neural network (CNN) to extract global features from speech signals
that are emotionally rich as well as local features. By concentrating on promi-
nent features, the attention mechanism improves the model’s capacity to identify
pertinent emotional cues. To enhance feature selection and boost classification ac-
curacy, regularized neighbourhood component analysis (RNCA) is incorporated at
the third stage of the architecture. Prioritizing emotionally relevant features, this
strategy helps select the most discriminative features while minimizing misclassi-
fication. Three key classifiers (SVM, MLP, and Random Forest) were employed
at the top layer of the system to comprehensively assess the model on the speech
emotion dataset for the classification of emotion. The result from this paper model
(Attention-based DCNN+RNCA+RF) achieved a notable classification accuracy
that outperforms state-of-the-art SEC approaches. The evaluation of the model
showed that, when it came to classifying emotion from auditory speech, the at-
tention mechanism and feature selection were consistent with human behavioural
tendencies.

Paper status:Published in Springer, Scientific Reports.

104



www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Speech emotion classification
using attention based network
and regularized feature selection

Samson Akinpelu®? & Serestina Viriri?*

Speech emotion classification (SEC) has gained the utmost height and occupied a conspicuous
position within the research community in recent times. Its vital role in Human—-Computer Interaction
(HCI) and affective computing cannot be overemphasized. Many primitive algorithmic solutions

and deep neural network (DNN) models have been proposed for efficient recognition of emotion

from speech however, the suitability of these methods to accurately classify emotion from speech
with multi-lingual background and other factors that impede efficient classification of emotion is

still demanding critical consideration. This study proposed an attention-based network with a pre-
trained convolutional neural network and regularized neighbourhood component analysis (RNCA)
feature selection techniques for improved classification of speech emotion. The attention model has
proven to be successful in many sequence-based and time-series tasks. An extensive experiment

was carried out using three major classifiers (SVM, MLP and Random Forest) on a publicly available
TESS (Toronto English Speech Sentence) dataset. The result of our proposed model (Attention-based
DCNN+RNCA+RF) achieved 97.8% classification accuracy and yielded a 3.27% improved performance,
which outperforms state-of-the-art SEC approaches. Our model evaluation revealed the consistency
of attention mechanism and feature selection with human behavioural patterns in classifying emotion
from auditory speech.

Human has various ways of exhibiting their emotion, which has placed them at the highest level of civilization
among other creatures. These expressions can take the form of speech, facial, gestures, and other physiological
modes. However, interaction and relationships among individuals are best sustained through communication
from human speech. Human speech carries huge para-linguistic! content that can reveal the state of emotion,
both in direct and indirect communication. Therefore, speech emotion classification has been occupying a
key position in advancing affective computing and speech research domain. Besides, unlike other methods of
recognizing emotion, speech emotion can be said to reveal 90% of the intent of the speaker without pretence,
hence, the reason why it is sporadically attracting researchers within the last decade.

In SEC, the cultural and racial background may have a significant impact, but the ground truth remains
that emotion is universal. Because of peculiarities associated with the speech emotion domain, efforts have
been made by professionals to generate a standardized synthetic dataset (emotional corpus) that had been
useful for conducting research on emotion classification’. Among these corpora are IEMOCAP (Interactive and
Diadic Motion Capture), TESS (Toronto English Speech Set), RAVDESS (Rayson Visual Emotion Speech Set),
EMOVO, etc and their performances concerning speech emotion classification has been yielding appreciable
result, even when sometimes compared with real world dataset. These datasets came in different languages
(English, Spanish, German, Chinese)’. Speech emotion classification has its application in customer support
management, self-driving cars, psycho-medicine, e-learning, etc. Its importance in human-computer interaction
cannot be overemphasized. Gordon* opined that affective behaviour may serve as a precursor to the emergence
of mental health conditions like depression and cognitive decline and may aid in the development of therapeutic
tools for automatically identifying and tracking the progress of diseases.

Classical techniques of classifying emotion in the past follows the extraction of primitives, acoustic features
and low-level detectors (LLD), from raw speech’. These features (pitch, energy, etc) represents frame-level features
and speech analysis on it, do generate another level of features (Utterance-level). Thereafter, the concatenation
of these feature in vector form will be fed into a machine learning algorithm also referred to as classifiers in this
context, for actual classification of emotion. Support Vector Machine (SVM), Gaussian Mixture Model (GMM),
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Hidden Makov Model (HMM) and K-Nearest Neighbour (KNN) are popular classifiers®-®. Figure 1 shows a
classical structure of emotion recognition.

Though these approaches have proven to be efficient in their capacity, however, they are bewildered with
salient challenges that rendered them unsuitable in achieving state-of-the-art result for SEC.

The focus of this study is to enhance and improve performance of speech emotion classification through
attention-based network and feature selection techniques. To the best of our knowledge, this is the first-time
feature selection is to be fused with attention layer of high dimensional features extracted from deep convolutional
neural network, for accurate emotion classification (Attention based DCNN+RNCA+RF). We utilized TESS
dataset in this study as a standard speech emotion corpus which captures seven classes of emotions express by
human. The main contributions of this study are:

1. To experiment the efficiency of attention mechanism and regularized feature selection (Regularized
Neighbourhood Component Analysis) techniques for speech emotion classification. A pretrained transfer
learning network is set up as the based model. The feature selection neutralizes additional parameter weight
added by attention layer and thereby minimize complexity.

2. To propose an Attention-based DCNN+RNCA+RE. After exploratory and thorough experiment with three
different classifiers, our model achieved 97.8% accuracy on TESS dataset.

The remainder of the article is arranged as follows. An overview of related works is presented in Section “Review
of related works”. The proposed technique and methods are described in Sect. “Methods and techniques”
Results and discussions are given in Sect. "Experimental results and discussion”, while Sect. "Conclusion” is the
conclusion and future recommendation for further study.

Review of related works
The classification of emotion has its history traced to psychological submission®!° where human emotion are
grouped into six main classes (Sadness, Happiness, Anger, Disgust, Surprise and Fear). However, affective
computing cannot be based on this primitive divisions, as computers are not perceiving moods, but they are
interpreting them as a set of sequence of technical parameters, that are captured from the audio decoding
process. Therefore, speech emotion classification requires efficient learning of paralinguistic information that
can mitigates misclassification of emotion. The machine learning classifiers were first explored for SEC before the
application of convolutional neural network models. The shortcomings of conventional classification approaches
have paved ways for Convolutional Neural Networks (CNNs)'"'? and LSTM networks'®. Occasionally, these two
combined to form a robust model'* which have been widely employed in sequence modelling and its associated
domain. A feature selection-based CNN was utilized by Farooq et al."’, for combating the artificial design
influence which hampered accurate description of speakers’ emotional condition. Hajarolasvadi & Demirel'®
proposed 3D-CNN for speech emotion classification based on overlapping frames segregation and MFCC
features extraction. A 10-fold cross-validation parameter was used in their evaluation on three publicly available
speech corpora, which were Ryerson Multimedia Laboratory (RML), Survey Audio-Visual Expressed Emotion
(SAVEE) and eNTERFACE’05. The convolutional model achieved 81.05% accuracy on six emotions classes.
Deep Belief Network (DBN) and SVM was proposed in Zhu et al.'” for extracting acoustics features, MFCC and
zero-crossing rate were employed before emotion classification. Wang et al.'® combined Deep Neural Network
and Extreme Learning machine (ELM) for speech emotion classification through the encoding of speech features
(pitch and formants) and segmentation of audio feature vectors.

However, conventional CNN performs woefully in high-dimensional speech features extraction. This, and
many more shortcomings, paved the way for the introduction of recurrent neural network (RNN) model. It was a

Machine
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Figure 1. Conventional speech emotion classification system. 106
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great milestone improvement over CNN in speech emotion classification, because it addresses the failure of CNN
in time-series data extraction. RNN has a hidden layer in its structure that updates the output value with respect
to time on constant basis'®. Kerkeni et al.?® proposed a RNN for speech emotion classification through analysis
of speech signal using Teager-Kaiser Energy Operator (TKEO) combine with empirical mode decomposition
(EMD). After extraction of speech cepstral features, SVM classifier was utilized for multi-classification of
emotion. They achieved 91.16% on Berlin and Spanish based dataset. Nevertheless, RNN also suffers from
dependency (long-term) and gradient descent problems. In some studies, CNN and RNN were combined to form
a hybrid CRNN (Convolution Recurrent Neural Network) model to enhance speech emotion classification®..

As RNN is not isolated from its own limitations and by way of proffering quick fix to the issues peculiar
to it, Long-Short-Term-Memory (LSTM) was proposed by Hochreiter & Schmidhuber? and its combination
with convolutional neural network has yielded a notable improvement. LSTM is a variant of RNN consisting of
feedback connections for dependency learning in sequence prediction. A 1D and 2D CNN was combined with
LSTM for SEC, which resulted in an appreciable accuracy of 82.4% with EMO-DB speech corpus by Zhao et al.>.
Puri et al.?, proposed a hybridized LSTM, CNN and DNN approach for speech emotion classification. MFCC
and mel-spectrogram were fed into eight contiguous 2D convolutional sequential neural network layers of their
model. RAVDESS dataset was used, but there was no accuracy of emotion recognition reported. Besides, their
technique is expensive to train because of the huge convolutional layers adopted. LSTM has a key component
called forget gate and research has proven that it has high probability of forgetting emotional feature, while it
focuses on the most recent ones and this hampered its efficiency within SEC domain.

Recent advancement in deep learning coupled with incessant search for a way of improvement and address-
ing the age long challenges in SEC made Bahdanau et al.?*, to introduce attention network which is able to sieve
out irrelevant information peculiar to speech data and concentrate on emotional rich information. Attention
mechanism has been successfully adapted to other object recognition discipline with a notable improvement in
models’ performance. An attention-based network was adopted in the work of Qamhan et al.?%, where an accu-
racy of over 60% was achieved on IEMOCAP dataset. Attention models emulate the human way of focusing on
important features for the recognition of an object.

Three-dimensional attention-based CRNN was used by Chen et al.”’ to choose discriminative features for
speech emotion classification. Their proposed model’s input layer accepted a Mel-spectrogram with delta-deltas.
The employed delta-deltas reduced the intrusion of unimportant elements that can result in subpar classification
performance, while keeping vital emotional data. Finally, a mechanism for attention that could take salient aspects
into account was adopted. With an accuracy report of 82.82% on EMO-DB and 64.74% on the IEMOCAP speech
dataset, their experiment’s outcome was supported the efficacy of attention technique for emotion classification.

Zhao et al.?%. utilized attention-based model comprises Bidirectional LSTM, a Fully Connected Networks
(FCN) for learning spatio-temporal emotional features and machine learning classifier for speech emotion clas-
sification. In the same vain, the author in Du et al.?’. utilized attention-based model and 1Dimensional CNN
for SEC. Softmax activation function was used at the top layer of their model after feature extraction. A cross-
modal SEC was carried out in Seo and Kim*® using Visual Attention Convolutional Neural Network (VACNN)
in partitioning the spectral feature from dataset. Combining speech dataset with text and video requires special
techniques in extracting features for efficient prediction of emotion. In Zhang et al.>!, the author applied 5
attention heads mechanism for multimodal speech emotion classification. Their novel model achieved 75.6%
on IEMOCAP dataset.

Zhang et al.*? applied Deep convolutional Neural Network and attention-based network for emotion clas-
sification. In their method, a pre-trained DCNN was used as a based model in extracting segment-level features,
before the introduction of Bidirectional LSTM for higher-level emotional features. Thereafter, an attention layer
was introduced at the top layer of their model, with the utmost focus on features that are relevant to emo-
tion recognition. Their model evaluation achieved UAR of 87.86% and 68.50% respectively on EMODB and
IEMOCAP dataset. However, their experiment did not reflect the influence of speech enhancement carried out
on raw speech. They augmented the speech corpus used through speed adjustment at varying time-step before the
extraction of spectral features was fed into DCNN. Chen et al.** proposed self and global attention mechanism in
determining the impact of the attention model on speech emotion classification. Their state-of-the-art approach
achieved an accuracy of 85.43% on EMO-DB speech corpus. Their model was built using a sequential network,
which requires more computing resources to train. In this paper, two pre-trainned DCNN model are used with
attention model and regularized feature selection for SEC. More often than not, many researchers focused on
the efficiency of attention mechanism as weight calculator in sequence representation Zhao et al.**, however,
our proposed model has revealed that the performance of attention-based network is increased when co-join
with regularized feature selection for SEC. Nevertheless, this paper concludes with an opportunity for future
research in the use of attention mechanism and feature selection to improve the accuracy of classification (Fig. 2).

Methods and techniques

A general description of the model proposed is given in this section. As a classification problem, speech emo-
tion is categorized rather than dimensional representations®. It can be defined as follows, D = (X, z), where X
are input from the acoustic features and z is dimensional output equivalent to the emotion classification. Also, a
function D = f : X — z representing emotional features is to be found before its classification.

This study proposed a unique framework for speech emotion classification using attention-based mecha-
nism on pretrained DCNN with regularized feature selection (RNCA) algorithm, as shown in Fig. 3. There
are four main phases in our model for speech emotion classification which includes, efficient pre-processing
(pre-emphasis) of raw speech from TESS speech corpus, feature learning and extraction, feature selection and
emotion classification. As noted in the literature®® that the performance of any SEC model rests heavily on
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dataset pre-processing carried out. In this work, we extracted log mel-spectrogram with three channels (weight,
height and input channel) from original speech database containing WAYV files. Three channel mel-spectrogram
usually comprises of the number of mel-filter banks (in terms of frequency dimension), frame number and the
number of channel. The number of channels used for this paper is 3. Three different colours are used to indicate
the magnitudes of the Short-Term Fourier Transform (STFT) in a three-channel mel-spectrogram. The low
(below 500 Hz-blue), mid (between 500 Hz - 2 kHz-yellow), and high (above 2 kHz-red) frequency ranges of
the audio signal are typically represented by the channels, which can offer a more intuitive visual form of the
spectral content of the audio signal. The latter is used in this paper. Mel-spectrogram has been widely used*”*
in speech-related task, and the reason is not far-fetched from the fact that it’s representation involves time and
frequency of speech signals.signal.

At the pre-emphasis stage, the amplification of speech signals (x) to high frequency® is performed through a
pre-emphasis filter using Eq. (1), where s(t) represent the speech audio signal before pre-emphasis. We utilized
64 mel-filter banks with 64 frames content window. To obtain the standard frame segment length, we processed
655ms(10ms x 63 + 25) fragments, however, a frame segment over 250ms has been confirmed*’ to possess
enough paralinguistic information rich enough for emotion classification. The speech signal framing adopted
ensures the breaking down of the speech signal into segments of fixed-length. Because thellﬁrégth of human
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speech varies, framing is required to maintain the size of the voice. The hamming window function of 25ms
length and 10 ms shift was applied to frames as computed in Eq. (2), where S represents the size of the window
w(n). This is illustrated in Fig. 2.

y() =s(t) —as(t—1),09 <a <1.0 (1)

w(n) = 0.5 — 0.5cos[27 %]0 <n=8-1 2)

The FFT (Fast Fourier Transform) is applied to produce a three channel mel-spectrogram suited as input
to our model from raw %Jeech signal with a sample frequency rate of 16kHz. This mel-spectrogram can be
represented as M, M € R xLxC yhere the total number of the filter bank is denoted>? by K in terms of dimension
of the frequency, L denotes the length of the segment and the number of channels is C.

Feature extraction. In this research study, two pre-trained DCNN model serve as our based model
(VGG16 and VGG19). We experimented with both pre-trained network on our attention mechanism to establish
which one yields better classification performance accuracy after feature selection. We leverage on the weight
of these two networks being already trained on ImageNet. Therefore, the convolutional layers comprised of
our based model are frozen from training. The input to our model is reshaped from the original 64 x 64 x 3 to
224 x 224 x 3, as the required input size to the base model of VGGNet.This is achieved using a built-in python
library called OpenCV and a bilinear interpolation approach. The base model comprises five convolutional
layers with ReLu (Reactivation Linear Unit) activation function for extracting segment-level features from the
input mel-spectrogram. A drop-out layer is utilized to prevent overfitting. The output from based model feature
extraction is also reshaped to make it suited for the attention layer in extracting high-level emotional features
before it is fed into RNCA for eventual feature selection. This is carried out by The block diagram in Fig. 4 depicts
the structure of DCNN phase of our model. The pooling layer adopted is max-pooling. This layer performs
the function of aggregating the feature sample from the several convolutions of 2D convolutional layers and
produces a unified output for the next layer. No fully connected layer was used in the base model.

Attention layer. Attention mechanism application in computer vision has contributed immensely to the
task of image recognition®!. It mimics the human mode of paying a closer look at what are relevant information
that may contribute to their opinion or conclusion on what they see and hear.

In the speech emotion task, the role of the attention network cannot be overlooked, as it carefully concentrates
the focus of the model on the frame segment with much emotional content. The attention mechanism lowers
the training time*? and ensures concentration on features with much emotional information, which can increase
model performance. Silent and semi-silent frames are eliminated at the attention layer, as this has a tendency of
impairing and distorting the model accuracy. In other words, attention gives insight into the behavioural perfor-
mance of the deep learning model as it calculates weight from feature representation from the previous layer. The
Eq. (3) and (4) indicate how the attention mechanism utilized in this work is computed. Given X = (x1, x;...xy,)
as the output of features from a convolutional layer.

 epTx)
L epuTn) ®
1
Y = Z oiX; 4)
j=1

where alpha «; represents the weight of the attention network, 1« and X are the output of feature representation
from the attention layer. At first, the weight of the attention «; is calculated, and it is obtained from Eq. (3)
(softmax function) through the training process. Y is got from the weighted sum of X, as deeper features at the
utterance level. The attention mechanism has proven to be of tremendous help in generating more distinctive
features for SEC. The attention layer is responsible for dynamically highlighting and weighting various input
feature components according to their applicability to the emotion recognition task. The power of the model
to successfully learn and represent the attention weights depends on the number of neurons in the attention
layer. We used 128 neurons, increasing our model’s capacity for capturing fine-grained feature importance while
minimizing complexity.

Regularized neighbourhood component analysis (RNCA) feature selection. The RNCA feature
selection mechanism is a specific class of feature weighting approach that carries out its operation by learning

‘ MaxPooling }(7 ReLu [€— Con2D e Con2D €< Con2D

Figure 4. Convolutional layers block diagram.
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feature weight and maximizing the leave-one-out (LOO) accuracy of classification over sample data*’. The LOO
provides an unbiased estimate of a deep learning model performance. RNCA works by assessing the vector
weight w that corresponds to the feature vector x; through the optimization of a classifier that is based on the
nearest neighbour scheme. It has a mechanism for controlling complexity and preventing overfitting on the
density estimation. RNCA adopts a framework of selecting a certain reference sample called x; for the sample x;
from all emotion feature samples randomly. However, the probability of the selected feature (P;;) to x; rest heavily
on the distance D,, that exists between two samples. This distance can be computed** as in Eq. (5) below:

;
Dy (xisx) = Y W lXim — Xjm| (5)

m=—1
Where mth the feature’s weight is denoted by wy,. A kernel function k established the relation P;j and Dw on

the condition that the smaller the Dw the larger the values of k. The likelihood P;j and kernel function k can be
computed for Egs. 6 and 7 respectfully as below

P — k(D (xi» x}) .
g Z;:l,j;ﬂ k(Dw(xbxj) ©)
k(z) = exp — g (7)

where the kernel width is represented by o that influences the likelihood that a reference point selected will be
xj sample. Therefore, the likelihood of correctly classifying x; can be computed from Eq. (8).

n
Pi= ) PyYj (8)
j=Lj#i

Where y;j can only indicate one if both y; and y; are equal to each other. The average LOO accuracy of classifica-
tion is the sum of all P; of all the samples divided by the total number of samples, as indicated in Eq. (9). This
equation can be termed as the objective function that required maximization. Nevertheless, the objective function
defined above is not insulated from overfitting, which calls for the introduction of a parameter / termed regular-
izer to prevent overfitting. The modified objective function that represents RNCA can be defined as

n

Obj.(A) =Y Pi— 1) W ©)
m=1

i=1

The RNCA algorithm adopted in this work operates on the output from the attention layer of our model to
aid feature selection, therefore, it is essential to evaluate generalization error (Eq. 10) to properly fine-tune the
regularization parameter A to obtain a minimized classification loss.

N
1
Err = - ;I(ki £ 1) (10)

where the predicted label is represented by k; and t; denotes the real label of the feature sample. The RNCA feature
selection technique is diagrammatically shown in Fig. 5.

Emotion classification. In this study, three primitive classifiers were utilized in carrying out the
classification of emotion. The classifiers take their simplified input from the output of the feature selection
layer of our model after feature extraction. The essence of employing three different classifiers is to ensure the

— - A
Yuye ... Yim| g
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Figure 5. RNCA framework. 110
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robustness of the entire model and aid the analysis of the result. Multi-layer perceptron (MLP) classifier is first
introduced. As a feedforward network-based classifier®, a set of suitable outputs are mapped from a set of input
datasets by this feedforward artificial neural network model. An MLP is made up of several layers, each of which
is completely connected to the one before it. Except for the nodes in the input layer, the nodes of the layers
represent neurons with nonlinear activation functions.

Secondly, we also utilized a support vector machine (SVM). An SVM operates as a discriminative classi-
fier, well-defined by dividing hyperplane. It fits into supervised and unsupervised machine-learning tasks. For
instance, given a set of selected features (or data), the algorithm outputs an optimal hyperplane that classifies
new samples. In two-dimensional space, this hyperplane is a line dividing a plane into two parts, wherein each
class lay on either side*. Besides, SVM can effectively handle multiclass problems as it is obtainable with emotion
classification. One distinguishable function of SVM is that it selects a hyper-plane with a large margin, reducing
the likelihood of miss-classification and its low sensitivity to outliers.

Lastly, Random Forest (RF) was also employed as the third classifier. RF is a meta-estimator that employs
averaging to increase classification accuracy and reduce overfitting after fitting several decision tree classifiers
to different emotional feature subsamples. Random forest possesses an inbuilt mechanism for managing class
imbalance, and this has given it an edge over other classifiers.

Experimental results and discussion

Dataset. In this study, we benchmarked our experiment on one of the publicly available datasets named
Toronto English Speech Set (TESS). In 2010, at Northwestern University’s Auditory Laboratory, TESS speech
samples were recorded”®. During the spontaneous event, two actresses were asked to recite a handful of the
200 words, and their voices were recorded, resulting in a complete collection of 2800 speech utterances. Seven
different emotions comprise happy, angry, fear, disgust, pleasant, surprise, sad and neutral were observed in the
scene.

Experimental configuration. In this study, the experiment was carried out using a 64-bit operating
system, an Intel Core i7 processor, 8 GB of RAM, and a Python 3.9 environment. Deep learning software and
additional third-party libraries (including Tensorflow, Numpy, and audio processing) were also utilized. The
audio sample first needed to be pre-processed because the input layer for our model has to be in 224 x 224
x 3. To meet the requirements of the model, the voice signal has to be scaled and transformed into a log-mel
spectrogram. The FFT technique was used to separate the mel-spectrogram feature from the original audio data.
The dataset is then sectionalized into a training set and a testing set (80%:20%). Both the exam and practice sets’
data were normalized to pixels.

Implementation parameters. Inimplementing our model and compilation of the network, we utilized the
Adams optimizer with a learning rate set to 5e-5 notation. One-hot encoding technique was used in vectorizing
the label. It ensures that the data point is binarized. We adopted sparse categorical cross entropy for the loss
function. To actualize the objective of increasing accuracy, we initialize our model set up with 100 epochs and 16
batch size, however the result of our training after 25 epochs yielded optimum accuracy. We utilized a custom-
early stopping mechanism to monitor (checkpoint) the loss and accuracy value to prevent overfitting, and the
corresponding curve was obtained as well.

Experimental Results. The result of our experiment using attention-based networks and regularized feature
selection with three classifiers are presented in this section. For the first experiment where the Vgg16 pre-trained
network was utilized, the confusion matrix of emotion classification is shown in Figs. 6, 7, 8, 9. We observed that
the attention network of our model achieved the highest accuracy (97.8%) of recognition with the RF classifier
compared to the other classifiers (SVM:97.4% and MLP: 97.6%). From the figures, the emotional class of angry,
disgust, fear and sad accuracy reach 100% with the attention-based network and RE, SVM and MLP. The Neural
emotion class got 98% the highest accuracy of recognition with the RF classifier, while 94% best accuracy was
obtained on surprise emotion from Figs. 6 and 7 respectively (Figs. 10 and 11). The performance evaluation
chart in Fig. 12 shows other evaluation metrics (specificity, sensitivity, F1-score and unweighted average recall)
used to establish the robustness of our model. The two experiments are captured on the chart.

In our second experiment, the pre-trained model used was Vggl9 before the attention layer was added. The
result generated is shown in Figs. 9, 10, 11. Disgust emotion carries the highest classification accuracy of 100%
from the three classifiers, while surprise emotion has the least classification accuracy of 93%. Neutral emotion
differs in accuracy from the three classifiers, its optimum accuracy is at 99% with the SVM classifier. The overall
model classification accuracy obtained from the second experiment is 97.5%. This is low compared to the previous
experiment where vggl6 was used as the convolutional layer, however, the impact of the attention network for
the extraction of emotionally related features combined with regularized feature selection has improved the
classification accuracy of speech emotion.

Besides the accuracy obtained through the confusion matrix, the model loss and ROC (Return of Charac-
teristics) curves in Figs. 13 and 14 further testify to the performance of our model in this paper. The loss value
from the curve is relatively low, indicating that our model has prevented overfitting. The loss curve decreases over
time as our model improved. Also, the loss curve shows a smooth convergence which is a further indication that
our model prediction is accurate to an acceptable level. The low initial loss value with respect to the convergence
point as shown confirmed the reduction in model complexity and training time. The ROC curve shows the seven
categories of emotion as indicated in Table 1 below with the area under the curve (AUC) which demonstrates
the performance average across all potential emotion classification thresholds. The diagonallcicfted line is the
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Figure 6. Attention-based Vggl6+RNCA+RF.
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Figure 7. Attention-based Vggl6+RNCA+MLP.

threshold. The closeness of the curve to the top left-hand corner for the seven emotional classes indicates a high
True Positive Rate (TPR) and low False Positive Rate (FPR). The least AUC score recorded is 0.98, an evidence
of the good performance of our model on emotion classification.

In this work, the Mel-spectrogram was used to extract the input feature, producing a feature vector with a
dimensionality of 40 (mel frequency bins). These features record important details about the speech signal’s
spectral composition and temporal dynamics. The feature space was high dimensional, so feature selection
was used to lower the dimensionality and concentrate on the most useful features for the task. The feature
selection algorithm assessed each feature’s relevance based on how it contributed to the performance of
emotion recognition, taking into account measures like mutual information and feature importance scores,
thereby increasing the model’s efficiency, lowering the amount of computing power required, and improving
the interpretability of the learned representations. Our experiments” findings showed that feature selection
significantly enhanced the speech emotion recognition model’s performance, resulting in an increase in accuracy
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Figure 9. Attention-based Vggl9+RNCA+RE.

of 3.7%, underscoring the significance of feature selection in improving the model’s discriminative power for
emotion recognition tasks.

Performance Comparison. Additionally, our proposed model in this study was compared with other work
carried out by others benchmarked on the same speech dataset, as indicated in Table 2. We also carried out
a comparative analysis of our proposed model without the attention layer, RNCA, and with the attention
mechanism and RNCA feature selection as shown in Table 3.

In terms of accuracy, reduction of complexity and prevention of overfitting, our method surpasses other
methods*=! utilized for speech emotion classification or recognition.
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Figure 11. Attention-based Vggl9+RNCA+SVM.

Conclusion
In this study, we proposed a SEC system using an attention-based network and regularized feature selection.
First and foremost, we extracted the mel-spectrogram from the TESS dataset used for this study. This was carried
out, after extensive speech processing and analysis, to feed (input layer) our model with appropriate features
for enhanced feature extraction in the subsequent layers. A pre-trained DCNN base model was adopted for our
attention network to extract local features, while the attention layer deals with emotionally rich features (global
features) which ultimately reduces misclassification to the barest minimum. The core principle of the atten-
tion network is to estimate feature weight. In our attempt to increase the efficiency of our model, a regularized
feature selection is introduced after the attention layer to actualize optimum results. The feature selection aided
the attention mechanism to focus more on salient features. Thereafter, three classifiers were fed with selected
emotional features with RNCA, for the classification of emotion.

After a comparison of the result of our experiments, an attention-based DCNN+RNCA+RF model for speech
emotion classification was proposed. The experimental result attained the optimum accuracy of 97.8% on the
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Emotion | Class | AUC score (%)
Angry 0 100

Disgust 1 100

Fear 2 100

Happy 3 99

Neutral 4 100

Sad 5 100

Surprise 6 98

Table 1. Return of Characteristics Description.

Publication | Model Dataset | Accuracy (%)
2017% MECC+SVM TESS 96.00

2018% DNN+GRU TESS 95.82

2019% MEFCC+CNN TESS 81.00

2021%° IMF+SVM+KNN TESS 93.30

2022°%! DNN+NCA+MLP TESS 96.10
Proposed Attention-based DCNN+RNCA+RF | TESS 97.8

Table 2. Comparison of our proposed with other methods.

Emotion Without attention(%) | Without RNCA(%) | Attention + RNCA (%)
Angry 98 100 96.00
Sad 91 91 95.82
Surprise 86 89 81.00
Happy 98 100 93.30
Fear 96 100 96.10
Neutral 95 98 96.10
Disgust 94 100 96.10
Average 94.00 96.85 97.71

Table 3. Emotional level comparison of the significance of attention and feature selection.

TESS dataset. Seven classes of emotions comprised of anger, sad, happy, fear, neutral, disgust and surprise that
reflect human major emotions were accurately classified. Besides, by contrasting our proposed model in this
study with other methods that have recently been put forward, obviously, our model outperforms many of them
in speech emotion classification tasks.

Moreover, the computational cost peculiar to most deep learning tasks is prevented in this study, simply
because our based model for the attention network requires no training and the total number of trainable
parameters has been reduced to the barest minimum (101,480) out of the total parameters of 14,017,704. The
number of floating-point operations per seconds(FLOPs), and the model’s (size of 98MB) memory requirement
have been reduced to minimize complexity because the top layer of the VGGNet has been frozen. The average
time taken for each emotional utterance to be classified by the proposed model is 0.12. However, though, the
result obtained from this study has undoubtedly provided some insight for researchers on the application of
attention mechanism with feature selection for SEC tasks, we recommend that future work can be carried out
using a sequential network, more pre-trained based network, low-level features and introduction of other speech
emotion dataset.

Data availability
Benchmarked publicly available dataset, Toronto English Speech Set (TESS) is used.
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Chapter 4

Lightweight Deep Learning
Framework for Speech Emotion
Recognition

4.1 Brief Review

This chapter presents the paper entitled Lightweight Deep Learning Framework for
Speech Emotion Recognition. This chapter extends research on chapter three by
presenting a deep learning model that overcomes the limitation of the deep learning
technique’s over-reliance on the tunning of millions of parameters before achieving
a significant accuracy of emotion classification. The model utilizes three convo-
lutional layers of a Visual Geometric network with the best-performing classifier.
It eliminates redundant layers that do not contribute to the extraction of emo-
tional features but rather increase the number of parameters. A novel method that
performs the classification of emotional utterance from speech signals across three
datasets and can be implemented on low-memory devices is devised in this paper.

Paper status: Published in Published in IEEE Access.
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ABSTRACT Speech Emotion Recognition (SER) system, which analyzes human utterances to determine
a speaker’s emotion, has a growing impact on how people and machines interact. Recent growth in
human-computer interaction and computational intelligence has drawn the attention of many researchers in
Artificial Intelligence (AI) to deep learning because of its wider applicability to several fields, including
computer vision, natural language processing, and affective computing, among others. Deep learning
models do not need any form of manually created features because they can automatically extract the
prospective features from the input data. Deep learning models, however, call for a lot of resources, high
processing power, and hyper-parameter tuning, making them unsuitable for lightweight devices. In this study,
we focused on developing an efficient lightweight model for speech emotion recognition with optimized
parameters without compromising performance. Our proposed model integrates Random Forest and Multi-
layer Perceptron(MLP) classifiers into the VGGNet framework for efficient speech emotion recognition.
The proposed model was evaluated against other deep learning based methods (InceptionV3, ResNet,
MobileNetV2, DenseNet) and it yielded low computational complexity with optimum performance. The
experiment was carried out on three datasets of TESS, EMODB, and RAVDESS, and Mel Frequency
Cepstral Coefficient(MFCC) features were extracted with 6-8 variants of emotions namely, Sad, Angry,
Happy, Surprise, Neutral, Disgust, Fear, and Calm. Our model demonstrated high performance of 100%,
96%, and 86.25% accuracy on TESS, EMODB, and RAVDESS datasets respectively. This revealed that the
proposed lightweight model achieved higher accuracy of recognition compared to the recent state-of-the-art
model found in the literature.

INDEX TERMS Deep learning, convolutional neural network, speech emotion, lightweight, human—
computer interaction.

I. INTRODUCTION Alexa, Microsoft Cortana, and Samsung Bixby recognize

The social structure, the demand for talent, and human-
machine interaction have all altered because of the rapid
growth of deep learning from artificial intelligence (Al),
data science, and IoT technology [1], [2], [3]. Speech is an
exceptionally straightforward and seamless mode of human
interaction that has been proven to effectively and swiftly
communicate information in this era. People now dedicate
a lot of time to learning how to speak to a variety of smart
devices and interact with them through speech signals. Cur-
rently, a wide range of voice assistants, including Amazon

The associate editor coordinating the review of this manuscript and

approving it for publication was Giacomo Fiumara

human-generated information through interactive real-time
intelligent conversation and realize automatic operation in
accordance with the speech content [4].

The computer has given birth to many innovations through
which traditional learning and communication have given
way to animation, visual art, artificial reality, and other forms
of computer-aided means of expression. As a result of the
advancement in technology, the learning environment has
evolved, and researchers’ interest in the intelligent learn-
ing environment built around Al has increased significantly.
Teachers conduct their educational activities online over the
Internet in an adaptive learning environment, and students can
readily learn new information through the network. However,
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all these teacher-learner communications are not without
expression of one emotion or the other. Studies from the
psychological domain have revealed that different emotions
that emerge throughout the learning process can impact the
learning outcome. Research has also demonstrated that while
negative emotions [5], [6] like disgust, fear, and sadness can
impede cognition, good emotions like happiness and joy that
are produced throughout the learning process are beneficial
to increasing learning interest [7], [8], [9].

Humans communicate naturally through speech. Com-
munication through speech utterance has become a major
necessity in human life by which messages and ideas are
conveyed [10], [11]. Therefore, interacting with the computer
rather than typing on a keyboard has become more pleasant
for people. Speech Emotion Recognition (SER) refers to
the process by which a computer is made to recognize the
inherent emotion present in speech signals. If the SER system
is successful, the computer will be able to engage with people
on an entirely new level. For instance, in an e-learning system,
the computer can identify the speaker’s emotions and provide
helpful answers by suggesting simpler learning steps than the
ones already in place [12]. Additional uses of SER include
health care systems, aiding fighter pilots in combat, mental
disorder treatment, and caring for the elderly in society.

Deep learning differs from the conventional machine
learning approach that is handcrafted in nature (Fig. 1).
The machine learning approach usually consists of a sepa-
rate segment for its feature extraction before introducing a
machine learning algorithm [13] while deep learning does
not require handcrafted feature extraction approach because
the algorithm such as Convolutional Neural Network (CNN)
searches what specific features is best for classifying images
[14]. In other words, the machine learning approach tends
to break the problem down into constituents’ parts at first
and later aggregate the result at the output stage whereas the
deep learning model proffers a solution to a problem in an
end-to-end manner.

Recent years have seen a rise in the use of deep learning
models for the extraction of speech signals’ emotions [15],
[16]. For feature extraction, convolutional neural networks
(CNNs) have been very effective [17], [15]. Researchers have
also thought about combining CNNs with other machine
learning techniques, such as support vector machines,
to increase the effectiveness of emotion identification mod-
els [18], [19]. The development of compact models for
usage on mobile and embedded systems has also received
attention.

In general, deep learning generally requires a very huge
volume of training data to avoid overfitting though not very
much feasible in most SER systems (limited dataset) [20].
Researchers have attempted to perform a deeper convolution
layer to increase accuracy and improve performance, how-
ever, they have discovered that resources for computation,
like memory storage, have proven to be a significant road-
block. Computational complexity [21] has been the major
drawback in this case because of several convolutional layers.

VOLUME 11, 2023

Therefore, a lightweight model which is the focus of this
study becomes paramount in increasing the efficiency and
performance of the SER model on low low-memory devices,
without comprising accuracy.

The following are the paper’s main contributions: Speech
emotion recognition is made possible by: (i). A lightweight
model using deep learning techniques for feature extrac-
tion and the best-performing classifier for classification
(i1) Reduction in the number of computing resources needed
for deep learning model feature extraction through archi-
tectural depth optimization. (iii) Evaluation of our proposed
lightweight model against existing deep learning models
on Central Processing Unit(CPU) and low-memory devices,
which performs significantly better in terms of accuracy of
recognition and execution time than a complete deeply learn
architecture.

Il. RELATED WORKS

The creation of models for recognizing emotions from speech
signals has garnered more attention in recent years. Both
conventional techniques like hidden Makov Model(HMM)
and Support Vector Machine (SVM) and more contempo-
rary ones like CNNs, Recurrent Neural Networks (RNNs),
and Long Short-Term Memory(LSTMs) have been inves-
tigated. In comprehending conversations more effectively,
researchers have also considered leveraging transfer learning,
domain adaptation, and Natural Language Processing (NLP)
approaches, as well as utilizing the time-frequency informa-
tion contained in voice signals for effective recognition of
emotion.

Scholars have also introduced several traditional methods,
such as HMMs and Random Forest, to extract acoustic infor-
mation from speech signals [22]. Researchers have looked
into recurrent neural networks (RNNs) and long short-term
memory (LSTM) networks as viable methods for classifying
emotions from voice inputs [23]. Also, some studies have
examined how various forms of data augmentation [24] affect
emotion classification models.

In addition to the approaches discussed above, researchers
have also used transfer learning and domain adaptation
strategies to improve the performance of emotion recogni-
tion models [25]. Other research has looked at exploiting
the time-frequency information of speech signals [26], [27].
Furthermore, there have been studies exploring the use of
biometric features of speech signals for emotion recognition
[28], [29].

Several studies investigated the use of generative models
for voice signal emotion identification [30], [31], [32], [33].
The use of NLP methods to extract features from conversa-
tions has also received attention [34]. Researchers have also
looked into harnessing processes for self-attention to better
recognize salient aspects in human speech [35] for accurate
recognition of emotion. Moreover, experiments investigating
the integration of deep learning and unsupervised learning
techniques to enhance emotion identification models have
been conducted [36].
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The achievement of the Deep Neural Network(DNN) in
SER task cannot be overemphasized, though with a few
peculiar limitations. Unlike any other image recognition task,
speech signal differs in terms of environment, style, language,
and content of the speaker. Also, DNN is prone to learning
a high-level feature from common Low-Level Descriptors
(LLD), a technique that is less sufficient in extracting all
emotional features from speech signals. This is what paved
the way for the use of the Mel Frequency Cepstral Coeffi-
cient (MFCC) by researchers in representing speech signals
[37]. Two axes (vertical and horizontal) exist in any MFCC
representation. While the horizontal axis carries information
that is time-domain specific, the vertical axis usually carries
information that has to do with the frequency of the sig-
nal. Thus, positioning MFCC has a unique representation of
speech signals that possess essential speech emotional fea-
tures. Therefore, CNN has achieved improved performance in
the SER domain because it extracts emotional features from
MFCC in an automatic manner.

In Muyawei et al. [38], a distributed CNN and bidirectional
recurrent neural network were utilized in obtaining emotional
features from human raw speech. They adopted the attention
mechanism technique of focusing on the most useful section
of emotion and achieved a weighted accuracy of 64.08% on
the IEMOCAP dataset. The author in [39] proposed a com-
bination of attention-based RNN and convolutional neural
networks for SER. Their method achieved a significant per-
formance on IEMOCAP and FAU datasets [40] as indicated
in the result obtained. A parallelized CRNN (Convolutional
Recurrent Neural Network) is proposed by Jiang et al., [41] to
acquire more salient emotional features from human speech.
In their methodology, LSTM was utilized to learn frame-level
features and CNN was used to learn other features from the
log Mel-spectrogram, thereafter, all the features were fused.
Finally, a softmax classifier was adopted to classify emotion
on four public speech emotion datasets. Their experimental
result showed superior performance in previous work. Prau
et al. [42] proposed presented a neural network classifier and
RNN for speech emotion recognition. The author applied
a denoising technique in removing noise from the speech
dataset, through the median filter. However, RNN is prone
to dependency problems, even though it has excellent perfor-
mance on time series data. Also, no record of testing their
model on any of the publicly available datasets.

Chimthankar [43] proposed an innovative deep learning
technique that combines CNN and LSTM on MFCC fea-
tures extracted from four popular speech datasets (TESS,
RAVDESS, SAVEE, and CREMA-D). Their model achieved
67.58% wvalidation accuracy and 71.28% testing accuracy
on a German based (audio samples) separate dataset which
was not introduced to the model during training. How-
ever, an improvement in the performance of the recorded
experimental result can still be achieved and computational
complexity peculiar to the CNN model. Atila et al. [44] pro-
posed a 3D CNN-LSTM with an attention mechanism model

77088

for SER. Four features including MFCC, fractal dimension,
etc. were used in their study. The method showed an improved
result, but the number of parameters generated tends to
increase complexity which may not be suitable for low-
memory devices.

Aggarwal et al. [45] applied principal component analysis
(PCA)-DNN and pre-trained VGG-16 model as a two-way
feature extraction approach for speech emotion recogni-
tion. Their extensive experimental result over two datasets
with in-depth analysis yielded an improved accuracy on the
RAVDESS dataset alone. The author showed that their model
achieved better performance compared to the one-way feature
extraction approach with DNN. However, better performance
over only one dataset poses a limitation on the generalizabil-
ity of this work. A gender-dependent CNN model for SER
was proposed in [46]. The author captured two different emo-
tional intensities (normal and strong) on six emotions (Sad,
Fear, angry, happy, disgust, and calm) from the RAVDESS
speech dataset, with an improved result. MFCC features and
its variant was used in their study with an in-depth perfor-
mance comparison showing a relative improvement over the
baseline system that utilized emotional features such as Chro-
mogram, mel-spectrogram, MFCC, and Spectral contrast.

Building a lightweight model with limited data has been
a challenging task in SER. The author in [47] proposed
a lightweight architecture for speech emotion recognition
using convolution that is separable, inverted residuals and
attention mechanism. They achieved 71.72% and 90.1%
on two well-established datasets IEMOCAP and EMODB)
respectively. Atsavasirilert et al., [48] also presented a
lightweight DCNN model for SER using the EMOD dataset
only and they achieved the highest accuracy of 87.16% accu-
racy. Speech emotion recognition based on lightweight CNN
was proposed in Anvarjon et al. [49]. Deep features from the
spectrogram were extracted from IEMOCAP and EMODB
datasets, and they achieved 77.01% and 92.02% accuracy
respectively on both datasets. Inspired by the need to build a
more lightweight deep learning architecture for SER, coupled
with the fact that much research has a lesser focus on SER for
low-memory devices, this paper proposed an optimized and
state-of-the-art lightweight methodology for speech emotion
recognition with low computational complexity and higher
recognition accuracy.

lll. PROPOSED METHODOLOGY

The proposed lightweight architecture is designed to carry out
speech emotion recognition tasks directly from speech sig-
nals irrespective of environmental background or language.
One major pre-processing required is to reshape the MFCC
speech feature image to 224 x 224 as input to our model
for standardizing all the speech datasets used. The remaining
part of this section gives detail of how feature extraction is
performed using VGGNet and classifiers used in classifying
emotion as shown in Figure 1. The input to our model is at
first subject to a 2D convolutional layer with 2 strides for
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FIGURE 1. Lightweight SER architectural framework.

the extraction of distinct feature representations. A higher-
level feature produced through the discriminative features is
passed as input to the classifier for eventual speech emotion
recognition. The result from other experimental studies is
showcased as well to explain the rationale behind the choice
of VGGNet and random forest classifier.

A. SPEECH FEATURE EXTRACTION

In this study, the emotional feature utilized is MFCC. Much
research in SER has adopted MFCC as an efficient feature
when it comes to emotion recognition. It can adequately
describe the human vocal tract in speech utterance especially
when speech sounds exhibit different kinds of emotion [50].
The mechanism behind the MFCC [51] extraction from the
raw speech is to pass the audio spectrum into a Meyer filter
bank to filter the audio spectrum in the frequency domain by
the characteristics of human perception of sound frequency.
Equation 1 illustrates the actual relationship between the
filter’s center frequency Mel(f) and frequency f.

ey

Mel(f) = 2595 log (l + %)

where f is the frequency in Hz

The MFCC approach is based on the idea of Mel fre-
quency, which is one of the most popular and useful ways to
characterize parameters and correct for convolutional channel
distortion. The Fast Fourier Transform (FFT), Meyer-filter-
bank, Normalization, Framing, Windowing, and Discrete
Cosine Transform (DCT) are all parts of the MFCC extraction
procedure as shown in Figure 2. For the extraction of the
MFCC feature in this study, we first scanned through all
the audio (WAV) files of our dataset, RAVDESS, TESS, and
EMODB, and all the voice paths were saved. This was neces-
sary to label each file using the path truncation approach, read
the audio files to acquire information about them, and there-
after extract the MFCC from the audio files. We extracted
13 MFCC features as a standard practice for SER task and
the dataset used. At the pre-emphasis stage, we employed
a first-order high-passed filter of 100KHz to emphasize
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components of higher frequency. Each pre-processed audio
signal is divided into equal lengths of frames. We utilize
a hamming window of 25ms length, 16kHz sampling fre-
quency in carrying out the filtering process of the short
fast Fourier transform (STFT). The windowing is performed
using equation 2 to prevent spectral leakage. The final MFCC
coefficients were obtained by applying the DCT to the log
filter-bank energies. The higher-order coefficients were left
out and we maintained the first 13 coefficients as our features.
The choice of MFCC features in this study is due to the fact
that they are highly compact in terms of speech signal repre-
sentation (emotion-rich feature), robust to noise variability,
and computationally efficient which are beneficial to the
lightweight deep learning model as compared to spectrogram.

H 0.5—0.5cos [27n/(n—1)] 0<n=N — 1
w(n) =

0 other
2
where f is the frequency in Hz
Speech signal has a peculiarity of continuous form in the
time domain, and to better capture this continuous nature,

a first-order and second-order difference method on the
MEFCC is utilized as shown in equation 3:
Z;V 1 n(CtJrn —Ci—p)

23

where ¢; represents the speech signal data point.

dt = 3)

1”2

B. CONVOLUTIONAL NEURAL NETWORK LAYERS

The deep learning model with CNN provides advantages
in terms of feature extraction. With the help of its distinc-
tive convolutional kernel, it is possible to extract both local
and global emotional information efficiently. To increase
recognition accuracy, the pooling operation can simultane-
ously adjust to varying speech speeds and shifts in speech
positions, to handle temporal variations in speech duration
and align the extracted features effectively. CNN, on the
other hand, has its foundation in sharing of wii2g§t and local
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FIGURE 2. MFCC feature extraction from raw speech.

receptive fields [52]. The CNN model with fewer parame-
ters, per the rules, requires comparatively less training data.
Undoubtedly, a deeper convolutional network may extract
high-dimensional aspects of emotion more effectively, but
this typically comes at a hefty computational cost and is
unsuitable for lightweight devices.

While some pre-trained deep learning models (VggNet,
ResNet, MobileNet, etc.) and their variants enhance the flow
of gradients and propagation of features through the sum of an
identity function, a recent study [53] has revealed that a vast
number of convolutional layers contribute very little to the
outcomes. There are tons of trainable parameters generated
by this. Contrarily, DenseNet places a strong emphasis on fea-
ture reuse through dense connectivity to address the issue and
boost parameter effectiveness. Meanwhile, extensive con-
nectivity enhances the flow of gradients and propagation of
features even more.

Our proposed lightweight model is built on the VGGNet
architecture for feature extraction, as shown in Figure 1.
Figure 3 illustrates a comparison between the original
VGGNet and our lightweight model. Three convolution
blocks, one layer of batch normalization, one dense layer,
and an input layer make up the proposed model. While the
third convolution blocks include three convolution layers and
one dropout layer, the first two convolution blocks only have
two convolution layers and a max pooling layer. After passing
through each convolution block, the input MFCC image’s
channel number steadily rises while its width and height
are halved. The channel initially goes from 3 to 64, then
to 128, 256, and finally to 512 channels, in that order. In
generating the output image of C,,/2 and Cj/2, the max
pooling operation divides the input channel’s width, C,,, and
height, Cp, into nearby pixels of 2 x 2 size. The fourth
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and fifth convolution block from the pre-trained VGGNet
model has been eliminated from the proposed model to
reduce the memory overhead. The top layer consisting of
two fully connected and flatten layers were frozen from
the conventional VGGNet. We adopted the weight from the
original pre-trained VGGNet model on ImageNet which has
been rained over four million images to prevent our model
from training from scratch. The proposed model is designed
to ensure adequate learning capacity with no overfitting
[29], [54]

After the fourth convolution block, a layer of batch nor-
malization is introduced as a way of normalizing the output
and preventing model overfitting. Any layer of the neural
network can undergo batch normalization, with the main goal
being to achieve stable activation values that will lessen the
inner covariate shift and prevent the over-fitting issue. The
normalization of each dimension in the m-dimensional input,
x = @M. x@), is computed in equation 4-6.

Lm) _ E[x(m)]

Var [x(m)]

Fm

“)

where x denotes each activation and
1 n
m | — m
E[x"] =~ 5)
j=1
denotes the mean while

1 w 2
14713
ar [x ] . z El|x +e€ (6)
j=1
denotes the variance and ¢ is the numerical constant added
for stabilizing the output.
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Proposed Original VGGNet
Layer(type) Output Shape Parameters | Layer(type) Output Shape Parameters
mput_1(Input Layer) [(None, 224,224 3)] 0 input_1(Input Layer) [(None, 224,224 37] 0
blockl convwl(Conv2D [(None, 224 224 64)] 1792 blockl convl(Conv2D) [(None,224 224 64)] 1792
blockl conv2(Conv2D) [(None, 224 224 64)] 36928 blockl conv2(Conv2D) [(None,224 224 64)] 36928
blockl pool(MaxPooling?D) | [(None 112,112.64)] 0 blockl pool(MaxPooling?D) | [(None, 112,112 _64)] 0
block? convl(Conv2D) [None,112.112.128)] 73856 block? convl(Conv2D) [(None, 112,112 128)] 73856
block?_conv2(Conv2D) [(None.112,112.128)] 147584 block?_conv2(Conv2D) [(None,112,112,128)] 147584
block? pool(MaxPooling?D)) | [(None,56,36,128)] 0 block? pool(MaxPooling?D)) | [(None,56,56,128)] 0
block3_convl(Conv2D) [(None,56.56.256)] 205168 block3_conv1(Conv2D) [(None,56.56.256)] 205168
block3_conw2(Conv2D) [(None,56.56.256)] 590080 block3_conv2(Conv2D) [(None,56.56.256)] 590080
block3 conw3(Conv2D) [(None,56.56.256)] 590080 block3 conv3(Conv2D) [(None,56.56.256)] 590080
Dropout_6(Dropout) [(None,56.56.256)] 0 block3 conv3(Conv2D) [(None,56.56.256)] 0
batch_normalization 3 [(None,56.56.256)] 1024 blockd convd(Conv2D [(None, 28,28 512)] 1180160
dense 1(Dense) [(None,7.7.5127] 1799 blockd conv4(Conv2D) [(None 28,28 512)] 2359808
blockd conv4(Conv2D) [(None 28.28.512)] 2359808
blockd pool(MaxPooling?D)) | [(None,14,14,512)] 0
block5 convl(Conv2D [(None. 14,14.512)] 2359808
blockd_conv1(Conv2D) [(None, 14,14 512)] 2359808
blockd_conv1(Conv2D) [(None, 14,14 512)] 2359808
blockd pool(MaxPooling?D)) | [(None.7.7,512)] 0

FIGURE 3. The proposed model and original VGGNet architecture.

At the final layer, we added a dense layer that aggre-
gates the input from the preceding layer and output feature
vector according to the number of emotions (sad, angry,
happy, disgust, calm, etc.) to be recognized. Output from this
layer is fed into the classifier for the final recognition of
emotion.

C. EMOTION RECOGNITION CLASSIFIERS

In recognition of emotion from this study, two classifiers
were employed in this study which is Random Forest and
Multilayer perceptron. The output from the dense layer after
several convolutions is passed to the classifier for accurate
classification of emotion into various categories. The descrip-
tion of the classifier is as follows:

1) RANDOM FOREST(RF) CLASSIFIER

Random forest is an ensemble learning technique for clas-
sification that is based on the class that most decision trees
have chosen as their target as shown in Figure 4. In this
situation, the features produced by convolution layers can be
handled by downscaling variables since random forest excels
at managing enormous input variables. Any size can be used
because there is no need for a cross-validation set to guarantee
an impartial estimate.

2) MULTI-LAYER PERCEPTRON (MLP) CLASSIFIER

In this study, a multi-layer perceptron (MLP) classifier is
used for recognizing emotion as it receives input from the
last layer of our proposed model. This feedforward artificial
neural network model functions as a feedforward network-
based classifier, mapping a set of appropriate outputs from
a set of input datasets. Each layer that makes up an MLP is
completely coupled to the layer below it. The nodes of the
layers represent neurons with nonlinear activation functions,
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FIGURE 4. Random forest classifier structural view.

except the input layer nodes. We employed three hidden
layers in our MLP classifier, with the first layer, second
and third layers containing 128, 64 and 32 hidden units
respectively.

IV. EXPERIMENTS AND RESULTS

We present significant details about the experimental setting,
our experiments, and the analyses’ findings in this section of
the paper.

A. TESS DATASET

Many SER tasks have employed the Toronto English Speech
Set [55], or TESS for short, one of the largest publicly
accessible datasets. TESS speech samples were captured
in 2010 at Northwestern University’s Auditory Laboratory.
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TABLE 1. Description of TESS speech dataset.

Emotion | Audio files Used | Percentage Ratio (%)
Angry 400 14.28
Sad 400 14.28
Disgust 400 14.28
Fear 400 14.28
Happy 400 14.28
Neutral 400 14.28
Surprise 400 14.28

TABLE 2. Description of RAVDESS speech dataset.

Emotion | Audio files Used | Percentage Ratio (%)
Angry 192 13.33

Sad 96 6.66

Fear 192 13.33

Boredom | 192 13.33

Disgust 192 13.33

Happy 192 13.33

Neutral 192 13.33

Calm 192 13.33

Two actresses were instructed to speak a few of the 200 words
during the spontaneous occurrence, and their voices were
captured, creating a comprehensive collection of 2800 speech
utterances. There were seven various emotions observed in
the scenario, including joyful, furious, fear, disgust, pleasant,
surprise, sad, and neutral. The description of TESS is illus-
trated in Table 1.

B. RAVDESS DATASET

A new English-language scripted emotional corpus, known
as RAVDESS or Ryerson’s audio-visual dataset of emotional
song and speech [56], was completed in 2018. It is the
most widely used dataset for identifying emotionally charged
songs and speech. The recommended corpus, which consists
of eight distinct emotions, was recorded by 24 professional
individuals-12 men and 12 women-speaking scripts with
altered emotions. The RAVDESS speech corpus is now
mostly utilized for comparative analysis, which demonstrates
the model’s generalization as a result of the frequent use
of emotions. It comprises 1440 sounds in all, collected at a
sample rate of 48000 Hz. Table 2 provides a full description
of the categories, audio utterances, and participation rate in
percentage.

C. EMODB DATASET

This data set, also known as the Berlin emotion dataset [60]
or the EMO-DB, is one of the most widely used. There are
535 speech utterances with seven different emotions in this
well-known and popular speech emotion dataset. Ten expert
people read prescript sentences and record different emotions
for the suggested dataset, five males and five females. In the
EMO-DB corpus, time is recorded with a sampling rate of
16kHz and an average of 2 to 3 seconds. A large number
of emotion recognition techniques are based on the EMO-
DB corpus, which is widely utilized in the SER domain.
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TABLE 3. Description of EMODB speech emotion dataset.

Emotion | Audio files Used | Percentage Ratio (%)
Angry 127 23.73

Sad 62 11.58

Disgust 46 8.59

Neutral 79 14.76

Happy 71 13.27

Fear 69 12.89

Boredom | 81 15.14

TABLE 4. Hyperparameter setting.

Hyperparameter Value
Input size 224x224 X3
Optimizer Adam
Learning rate Se-5

Loss function Sparse categorical crossentropy
Classifier random state | 50
Number of estimator 100

An overview of selected emotions, total utterances, and par-
ticipation ratio is shown in Table 3.

1) EXPERIMENTAL SETUP

The experiment for this study out was carried on 8§GB RAM,
64bit OS, Intel core i7 device with Python 3.9 programming
software. Table 4 shows the summary of the hyperparameter
setting for the experiment. In selecting the best lightweight
model architecture, we experimented with several deep learn-
ing lightweight architectures. Among them are DenseNet,
VGG16, InceptionNetV3, ResNet, and MobileNet. Out of
these, the VGGNet outperformed the rest in terms of accu-
racy and speed of emotion recognition. The feature map
produced by the proposed lightweight model (Figure 5) for
speech emotion recognition, it indicates whether the model is
creating discriminative and meaningful representations. We
can qualitatively evaluate if the model is capturing relevant
speech features that are instructive for emotion recognition
by looking at the feature maps. We gain insights into the
learned representations and see how the model alters the input
features to capture pertinent patterns and features for the
speech emotion recognition task by visualizing the feature
maps at various layers. Table 5 shows the performance of
our model in comparison with other architecture tested, where
the EMODB dataset (represented as DT1), RAVDESS dataset
(represented as DT2) and TESS dataset (represented as DT3)
respectively with highest accuracy recorded on DT3 when
estimators value is 100 and random state set to 50. The dataset
is split into an 80:20 ratio for the training and testing set.
Both the test and training sets of data had their pixel values
normalized to range from O to 1. Besides, the model size is
minimal with optimum accuracy compared to the existing
ones.

2) EXPERIMENTAL RESULTS

The performance comparison of our proposed model with

other studies is highlighted in Table 7 following the speech
126
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FIGURE 5. Feature map from the first convolutional layer.

TABLE 5. Lightweight model selection.

Model Size in MB (Lightweight) | No. of Parameters | Dataset | Accuracy(%) | Average Accuracy
DenseNet 7.04 7,043,654 DT1 86.13 85.65
DT2 79.24
DT3 91.60
VGGNet 7.64 7,640,903 DT1 96.03 94.09
DT2 86.25
DT3 100.00
InceptionNet | 9.64 9,604,544 DTI 62.30 75.36
DT2 75.60
DT3 88.20
MobileNet 4.80 4,806,855 DT1 48.50 53.92
DT2 81.32
DT3 31.96
ResNet 9.12 9,116,032 DT1 87.12 89.67
DT2 83.90
DT3 98.00
TABLE 6. Low-memory device configuration. TABLE 7. Performance comparison.
Device Specification Reference | Year | Dataset Accuracy Reported (%)
Hardware Raspberry Pi 4 Model B [57] 2018 | EMODB 82.82
Processor Quad-core Cortex-A72 (ARMvS8) 64-bit [41] 2019 84.49
SoC @ 1.5GHz [58] 2019 88.99
RAM 2GB LPDDR4 [59] 2020 85.57
Operating System Raspbian OS [60] 2020 90.01
Software Frameworks | TensorFlow Lite, Python 3.7 [49] 2020 92.02
Compilation Model optimized using TensorFlow Lite for [61] 2021 93.00
ARM architecture [62] 2022 90.01
Proposed 2023 96.03
RAVDESS
[63] 2019 75.79
emotion database used. Our model outperforms other pro- E;q %8;3 2;:(1)?
posed methods in all three datasets from an accuracy and [65] 2022 81.82
computational complexity point of view. The highest accu- Proposed | 2023 - 86.25
racy recorded by other researchers on EMODB was 93.00%, [66] 3017 TE 96.00
81.82% on RAVDESS, and 96.10% on TESS, but our model [67] 2018 89.96
supersedes them all. Crucial to the recognition of speech emo- [68] 2019 89.96
e . C [69] 2021 93.30
tion in real time-application is time, and our proposed model [70] 2022 96.10
has an average clock of 0.07 seconds (CPU time) in the classi- Proposed | 2023 100.00

fication of a single emotional utterance because the number of
parameters has been reduced drastically. Besides, our model
outperforms what was obtained in [57] when comparing the
model size(323.46 to 7.94) and accuracy(82.82% to 96.03%)
of emotion recognition on the EMODB dataset. To evaluate
the performance and efficiency of our lightweight SER model
on low-resource devices, we conducted an experiment using
the hardware and configuration as shown in Table 6. We
obtain an average processing time of 0.15 seconds per utter-
ance and 0.02 seconds standard deviation. The processing
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time measurement includes all the steps from pre-processing
to emotion recognition. Specifically, it incorporates feature
extraction, model loading, and forward pass through the
model.

3) DISCUSSION
The significance of feature extraction in the speech emotion
recognition model is very important. However, some features
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Confusion Matrix of VGGNet_RF on TESS
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FIGURE 6. Confusion matrix of the proposed model on TESS datasets
with an average recognition accuracy of 98%.

Confusion Matrix of VGGNet_RF on EMODB

Angry- 0 0 0 0 0 0
Boredom- () 0 0 0 0 0
Disgust- 0 . 0 0 0 0
=
s
2
8 Fear- 0O 0 0 . 0 0 0
=
E
& Happy- 0 0 0.07 0.13 0.07 0
Neutral- [ 0 0 0 0 0

Sad- 0 0.08 0 0 0 0

Angry Boredom Disgust Fear Happy Neutral Sad
Predicted Emotion

FIGURE 7. Confusion matrix of the proposed model on EMODB datasets
with an average recognition accuracy of 95.5%.

can be difficult to extract owing to environmental factors
and the expected number of features to be extracted. From
the input MFCC image, the features extracted by each layer
of the convolutions differ. The deeper the convolution, the
higher the number of features that will be extracted. Many a
time these features range from generic ones to more specific
ones (high-level features). However, computational complex-
ity in terms of resources, space, and training time has been
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Confusion Matrix of VGGNet_RF on RAVDESS
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Sad- 003 0.06

Surprise- 001 002 002 001 001 001 0 093

Angry Calm Disgust Fear Happy Neutral Sad
Predicted Emotion

Surprise

FIGURE 8. Confusion matrix of the proposed model on RAVDESS datasets
with an average recognition accuracy of 85.6%.

a major drawback. Our lightweight VGGNet utilized the
transfer learning techniques, where weights from the original
pre-trained VGGNet model that has been trained on millions
of datasets was transferred. Two major criteria were used
in optimizing our proposed model, which are training-time
and accuracy. Our extensive experiment indicated that at the
third convolutional block with additional drop out, batch,
and dense layer, an optimal accuracy was recorded. Hence,
the remaining convolutional layer and block from the main
VGGNet have been expunged.

The confusion matrix for this study is shown in Figure 6-9.
With our Lightweight model, we achieved the highest accu-
racy of recognition (100%) on TESS with MLP classifier
with 7 emotions. With the confusion matrix, there is a deep
insight that showcases the misperception between the pre-
dicted emotional classes and the actual emotional classes,
along with other emotions at corresponding rows. The two
axes that existed in the confusion matrix represent expected
predictions (x-axis) and actual predictions (y-axis).

Our proposed SER lightweight model achieved overall
recognition accuracy of 100%, 96.03%, and 86.25% for
TESS, EMODB, and RAVDESS speech datasets respectively.
To further the investigation of the model performance,
Figure 10 illustrate the emotional-level prediction for each
of the dataset. Angry, boredom, and fear emotional class
shows the highest recognition rate of 100% on the EMODB
dataset with both classifiers, while only Angry indicates the
highest recognition accuracy with both classifiers for the
TESS dataset. For RAVDESS, angry and calm emotions show
the highest accuracy of 94% from both classifiers. The lowest
accuracy recorded was on Neutral emotion with a random
forest classifier on the RAVDESS dataset. The experimental
results obtained have in no doubt, shown the efficiency and
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Confusion Matrix of VGGNet_MLP on TESS Confusion Matrix of VGGNet MLP on EMODB
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FIGURE 9. Confusion matrix of the proposed model on three datasets with MLP Classifier with 100%, 90.83% and 87.87% average recognition
accuracy respectively.
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FIGURE 10. Emotion class prediction comparison on two classifiers with three datasets.

robustness of our proposed lightweight model for SER, with
an improved performance over state-of-the-art techniques.

V. CONCLUSION

In this work, we have proposed a lightweight speech emo-
tion recognition model that uses an end-to-end approach
for feature extraction and classification through the best-
performing classifier. Our VGGNet SER model has been
optimized such that model size, computational complexity,
and recognition time has been simplified, while the accu-
racy of recognition has been improved. The robustness and
efficiency of our model on three popular datasets, TESS,
EMODB, and RAVDESS achieved recognition accuracy
of 100%, 96.03%, and 86.02% respectively. Our extensive
experiments with the proposed model have proven that it
is suitable for real-life application because it requires lesser
time for recognition of emotion and has the capability for gen-
eralization. The proposed lightweight model has improved
on emotion recognition systems especially for low-memory
devices because of its moderate size (7.94Mb). However,
in the future, we intend to investigate the possibility of
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integrating our model with other deep learning architecture
(self-attention and transformer), and audio pre-trained mod-
els to extract more salient features from speech to improve
emotion recognition. Besides, we will also take a closer at
experimenting larger size emotional speech database to estab-
lish the performance of the model in SER-related tasks. The
result of our experiment on a low-memory device highlights
the practicality and efficiency of our proposed approach for
real-time applications on such devices, however, we have
a limitation on the number of these devices available at
our disposal as at the time of this study, but we intend to
explore more low-memory devices in our future research.
The link to our implementation code to foster collaboration
can be found here: https://github.com/samsoftcom1/Speech-
Emotion2023.git and https://www.kaggle.com/code/samsona
debisi/speech-emotion-recognition-using-attention-network/.
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Chapter 5

Speech Emotion Classification
Enhancement using Deep Learning
Transformer Models

5.1 Introduction

The published works in the deep learning transformer model-based speech emotion
classification are presented in this chapter. It provides a summary of the speech
emotion classification model that was used in this study. Pre-processing techniques
for speech signals, transformer architecture types, and the dataset utilized are pre-
sented.

5.2 An Enhanced Speech Emotion Recognition us-
ing Vision Transformer

5.2.1 Brief Review

The paper entitled An Enhanced Speech Emotion Recognition using Vision Trans-
former: ViTSER improved on the previous paper in terms of memory efficiency with
fewer trainable parameters(4,166,151) while extracting emotional features from the
speech signals. Mel-spectrogram representation was extracted from raw speech sig-
nal with 128M mel bins to map the frequency onto the Mel scale. Each audio sound
was split into frames of 25ms, with a 10ms gap between each frame, to avert feature
degradation. An ablation study was also conducted on the functional components of
the model architecture to ascertain its robust capability to quickly classify emotion
on TESS, EMODB, and hybridized TESS-EMODB datasets. The result obtained
in the paper proved superior performance when compared with other architectures.

Paper status: Published in Springer, Scientific Reports
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An enhanced speech emotion
recognition using vision
transformer

Samson Akinpelu, Serestina Viriri”* & Adekanmi Adegun

In human-computer interaction systems, speech emotion recognition (SER) plays a crucial role
because it enables computers to understand and react to users’ emotions. In the past, SER has
significantly emphasised acoustic properties extracted from speech signals. The use of visual signals
for enhancing SER performance, however, has been made possible by recent developments in deep
learning and computer vision. This work utilizes a lightweight Vision Transformer (ViT) model to
propose a novel method for improving speech emotion recognition. We leverage the ViT model’s
capabilities to capture spatial dependencies and high-level features in images which are adequate
indicators of emotional states from mel spectrogram input fed into the model. To determine the
efficiency of our proposed approach, we conduct a comprehensive experiment on two benchmark
speech emotion datasets, the Toronto English Speech Set (TESS) and the Berlin Emotional Database
(EMODB). The results of our extensive experiment demonstrate a considerable improvement in speech
emotion recognition accuracy attesting to its generalizability as it achieved 98%, 91%, and 93%
(TESS-EMODB) accuracy respectively on the datasets. The outcomes of the comparative experiment
show that the non-overlapping patch-based feature extraction method substantially improves the
discipline of speech emotion recognition. Our research indicates the potential for integrating vision
transformer models into SER systems, opening up fresh opportunities for real-world applications
requiring accurate emotion recognition from speech compared with other state-of-the-art techniques.

Keywords Human-computer interaction, Deep learning, Speech emotion recognition, CNN, Vision
transformer, Mel spectrogram

Human-computer interactions (HCI) can be improved by paying more attention to emotional cues in human
speech!. The need for speech recognition and enhancement of emotion recognition in achieving more natural
interaction and better immersion is becoming more of a challenge as a result of the growing trend in artificial
intelligence (AI)**. Coincidentally, with the development of deep neural networks, research on Speech Emotion
Recognition (SER) systems has grown steadily by turning audio signals into feature maps that vividly describe
the vocal traits of speech(auditory) samples.*.

Speech Emotion Recognition (SER) is a classification problem that seeks to classify audio samples into pre-
defined emotions. SER has applications in affective computing, psychological wellness evaluation, and virtual
assistants, and has become a crucial field of research in human-computer interaction®. Speech signals may be
used to reliably detect and comprehend human emotions, which enables machines to react correctly and produce
more interesting and tailored interactions®. By acquiring acoustic features from speech signals’, such as pitch,
energy, and spectral qualities, and using machine learning algorithms to categorize emotions based on these
features, has been the concentration of conventional approaches (Fig. 1) to SER®. Although these methods have
yielded encouraging results, they frequently fail to pick up on nuances in emotional cues and are subject to noise
and unpredictability in voice signals.

Researchers have been able to improve SER by using the spectral features of an audio sample as an image
input to the impressive advancements in computer vision. Convolutional neural networks (CNNs), in particular,
have shown astounding performance in deep learning® models for visual tasks like image processing and object
detection. The weights of several convolutional layers have been utilized to create feature representations in
this architecture'®!!. Utilizing mel-spectrograms, this method can be used in SERs to convert audio data into
visual audio signals based on its frequency components. Then, these representations that resemble images can
be trained using a CNN network. Traditional CNN, however, only accepts a single frame as input and does not
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Figure 1. Traditional speech emotion recognition framework.

compute over a timestep sequence, therefore they are unable to remember previous data from the same sample
while processing the subsequent timestamp.

Additionally, because of the number of parameters generated by the numerous convolutional layers, they
provide large levels of computational complexity'?. Researchers have been seeking alternative architectures that
are more appropriate for handling visual data in the context of SER as a result of this constraint.

The Vision Transformer (ViT) is one such architectural design that has attracted significant interest. The ViT
model, which was initially introduced for image classification tasks, completely changed the area of computer
vision by exhibiting competitive performance without utilizing conventional CNN building blocks'. The ViT
model makes use of a self-attention mechanism that enables it to directly learn global features from the input
image and capture spatial dependencies. This unique model has demonstrated promising performance in several
computer vision applications', raising the question of whether it may be leveraged to enhance SER.

In this study, we addressed two core issues. At first, the computational complexity is reduced, we enhanced the
accuracy of emotion recognition from speech signals by improving the state-of-the-art performance. We focus
mainly on extracting features from the mel-spectrogram'® and fed it into a novel lightweight ViT model with
a self-attention mechanism for accurate speech emotion recognition. The spectrogram image is represented in
time and frequency as width and length to enable our proposed model to learn emotionally rich features from
speech signals. Computational cost is reduced as a result of fewer over-blotted parameters. The major contribu-
tions of this work are highlighted below.

®  We proposed a novel lightweight Vision Transformer (ViT) model with self-attention for learning deep
features related to emotional cues from the mel-spectrogram to recognize emotion from speech.

e Complexity is reduced for SER through fewer parameters and efficient layers that learn discriminative features
from the input image.

®  We evaluated the proposed SER model on popular benchmark datasets which include TESS and EMO-DB.
The result of our comparative experiments shows an improved performance in SER, confirming its suitability
for real-time application.

The remaining part of this paper is split into other sections as follows. Section 2 presents the reviewed literature
and related works, Section 3 highlights the proposed methodology and its detailed description. In Section 4, the
experimental configuration, result and discussion are presented, while Section 5 illustrates the conclusion and
future work to foster research progress in the SER domain.

Review of related works

The study of emotion recognition from speech signals as it plays a crucial role in behavioural patterns and
enhances human-computer interaction in the past decade has come a long way. Identification of human
emotional conditions from speech samples (natural or synthetic) has formed the basis for the development
of Speech Emotion Recognition SER systems. Core among these emotional states are angry, sad, happy, neu-
tral, etc. Researchers began with the conventional approach of recognizing these emotions with the use of
orthodox machine learning models which includes Support Vector Machine(SVM)'¢-18, Gaussian Mixture
Model(GMM)" k-nearest Neighbour(KNN)?* and Hidden Markov Model (HMM)?! among others. However,
these classical machine learning classifiers are bewildered with the problem of high susceptibility to noise and
the inability to efficiently handle large audio speech samples. 135
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Therefore, neural network approaches such as Recurrent Neural Networks (RNN)?? and Long Short Term
Memory (LSTM)*-* have been proposed by researchers in the SER domain, because of their capability to handle
sequence(time series) data and learn temporal information that is critical to emotion recognition using contex-
tual dependencies. The adoption of these two techniques has littered several SER literature, because emotion
recognition has been improved upon. However, RNN is prone to gradient descent problems*®

The common approach to SER in recent came as a result of unimaginable success through deep learning
techniques*”?® and prominent among this approach are Convolutional Neural Networks (CNN)%, Deep Neural
Networks(DNN)**-32, Deep Belief Networks(DBN)?** and Deep Boltzman Machine (DBM)*. In Zeng et al.*
spectrogram feature extracted from Rayson Audio-Visual Database of Emotional Speech and Song(RAVDESSS)
speech dataset was fed into DNN with gated residual network which yielded 65.97% accuracy of emotion rec-
ognition on tested data. In the same vein, a pre-trained VGG-16 convolutional neural network was utilized in
Popova et al.*® and they achieved an accuracy of 71% after extensive experiments. To increase the possibility of
improving the recognition rate, the author Issa et al.”” proposed a novel Deep Convolutional Neural Network
(DNN) for SER. Multiple features Similarlyrances were extracted such as Mel Frequency Cepstral Coefficient,
spectral contrast, and Mel-Spectrogram, and were fused to serve as their model input. Their method arrived at
71.61% accuracy for recognising eight different emotions from the RAVDESS dataset. Their method was also
experimented on EMODB and IEMOCAP datasets for generalizability. However, their CNN model could not
efficiently capture the spatial features and sequences peculiar to speech signals. In addressing the foregone, a
multimodal approach of deep learning and temporal alignment techniques was proposed by Li et al.*®. In their
method, CNN, LSTM and Attention Mechanism were combined and they achieved the highest accuracy of
70.8% with semantic embeddings.

In recent times as well, the combination of CNN, LSTM or RNN for SER tasks has recorded significant
improvement®. This approach relies heavily on the extraction of features from raw speech signals with CNN
and passing them into the LSTM or RNN for extraction of long-term dependencies features that are peculiar to
emotion recognition from auditory utterances*. Puri et al.*! implemented a hybrid approach of utilizing LSTM
and DNN on the RAVDESS dataset. They extracted MFCC from raw speech signals and fed it into their model.
The ensemble technique of extracting salient features from speech utterances and passing the emotional features
into a classifier, irrespective of the language and cultural background of the speakers has also aroused the interest
of researchers in the SER field. High-level features from speech signals were extracted using DBN and then later
fed into a Support Vector Machine classifier for emotion classification in Schuller et al.*. Similarly, Zhu et al.*?
utilized DNN and SVM and experimented with the efficiency of their model on the Chinese Academy of Chinese-
based dataset. A separate study by Pawar et al.* proposed a deep learning approach for SER. Relevant features
were extracted from speech signals using MFCC, as input to train the CNN model. They achieve a significant
result of 93.8% accuracy on the EMODB dataset. The author in*® proposed innovative lightweight multi-acoustic
features-based DCNN techniques for speech emotion recognition. In their method, various features such as Zero
Crossing Rate(ZCR), wavelet packet transform (WPT), spectral roll-off, linear prediction cepstral coefficients
(LPCCQ), pitch, etc. were extracted and fed into one-dimensional DCNN and they obtained 93.31% on Berlin
Database of Emotional Speech(EMODB) and 94.18% on RAVDESS respectively. Badshah et al.*® presented
present a double CNN-based model for SER with spectrogram from an audio signal. They utilized a pooling
mechanism and kernel of different sizes with spectrogram input generated using Fast Fourier Transform (FFT).
Their approach validates the importance of max-pooling operation in CNN.

The introduction of audio transformer to speech paralinguistics has contributed immensely to emotion
recognition from speech signals. It involves analysis and synthesis of speech signals with features that are non-
verbal?’. Chen et al* proposed a novel full-stack audio transformer (WavLM) for speech analysis using a speech
denoising approach for learning general speech representations from huge unannotated data. The performance
of their proposed transformer model, benchmarked on the SUPERB dataset achieved a state-of-the-art result
and improved many speech-related tasks such as speech emotion recognition and speaker verification or identi-
fication. Xu et al.*” proposed a novel speech transformer-based that incorporated self-attention and local dense
synthesizer attention (LDSA) for extracting both local and global features from speech signals. In a bid to enhance
the efficiency of end-to-end speech recognition models while lowering computing complexity, the technique
eliminates pairwise interactions and dot products and limits attention scope to a narrow region surrounding
the current frame. A novel hybrid-based audio transformer, named Conformer-HuBERT was implemented by
Shor et al.*. Their mechanism achieves a significant milestone in emotion recognition from speech signals and
other paralinguistic tasks by learning from many large-scale unannotated data. Again, Chen et al.*! proposed a
novel SpeechFormer technique that combines the distinctive features of speech signals into transformer models.
A hierarchical encoder that uses convolutional and pooling layers to shorten the input sequence is one of the
three components of the framework. Another is a local self-attention module that records dependencies inside
a predetermined window size, and a global self-attention module that records dependencies across various
windows. Paraformer is another novel speech transformer model for non-autoregressive end-to-end speech
recognition that employs parallel attention and parallel decoder approaches, introduced by Gao et al.>% The
framework enables independent prediction of each output token without reliance on prior output tokens, and
permits each decoder layer to handle all encoder outputs concurrently without waiting for previous decoder
outputs. The study demonstrates that Paraformer achieves faster inference speed and higher accuracy on multiple
speech recognition datasets compared to existing non-autoregressive models.

In the immediate past, efforts towards improving the efficiency of deep learning model performance and
conquering the challenge of long-range dependencies peculiar to the CNN-base model for SER have been
increased. The state-of-the-art transformer model has been introduced into SER®. A parallel architecture that
utilized the ResNet and Transformer model was proposed in Han et al.>. Vijay et al.>* implemented an audio-
video multimodal transformer for emotion recognition. They adopted three self-attention andllzi)%ck embedding
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to capture relevant features from spectrogram images. Their model achieved 93.59%, 72.45%, and 99.17% on
RAVDESS, CREMA-D and SAVEE datasets respectively, but huge computing resources were required because of
the architecture. Not quite long after, Slimi et al.> proposed a transformer-based CNN for SER, with hybrid time
distribution. They leverage the superior capability of the transformer and achieve a promising result of 82.72%
accuracy. However, such a model is prone to high computational complexity due to huge parameters. The ability
of CNN-based models to recognize long-range dependencies in speech signals is constrained by the fact that they
frequently operate on fixed-size input windows. Speech emotion frequently displays temporal dynamics outside
of the speech sequence’s local regions. Therefore, we proposed a lightweight Vision Transformer (ViT) model
comprised of a self-attention mechanism®” that enables it to capture global contextual information, making it
possible to model long-range dependencies and enhance the representation of emotional speech patterns, hence
improving speech emotion recognition.

Additionally, while a couple of research studies have looked at how to include visual cues in speech emo-
tion recognition, they frequently treat visual and auditory modalities independently, resulting in an insufficient
fusion of information or features. This study seeks to leverage the synergistic effects of multimodal information,
enabling a more thorough comprehension of emotions and enhancing the accuracy of the SER system by using
the ViT model®®*, capable of capturing salient features from the speech signal.

Proposed method

In this section, we delve into the overview of our proposed model (Fig. 2) for SER. We highlighted the overall
details from speech collection, pre-processing, feature extraction, and feeding of ViT with feature vectors that
eventually lead to emotion recognition.

Speech pre-processing

When background noise cannot be tolerated, pre-processing the speech sound is a crucial step. These systems,
such as speech emotion recognition (SER) require effective feature extraction from audio files, where the majority
of the spoken component consists of salient characteristics connected to emotions. This study used pre-emphasis
and silent removal strategies to reach its goal®. Pre-emphasis uses Eq. (1) to increase the high-frequency parts
of speech signals. The pre-emphasis technique can improve the signal-to-noise ratio by enhancing high frequen-
cies in speech while leaving low frequencies untouched through the Finite impulse response (FIR) mechanism.

HZ =1—-az La=][1,-097] (1)

where z is the signal and « is the energy level change across the frequency
Contrariwise, Eq. (2) is used in signal normalization to ensure that speech signals are equivalent despite any
differences in magnitude.
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where the signal’s mean and standard deviation are represented by 1 and, o respectively, while the signal’s i’k
portion is denoted by the S;. The normalized i*h component of the signal is referred to as SN;.

Extraction of mel-spectrogram Feature

The quality of the feature set heavily influences the recognition performance of the model. As a result, inap-
propriate features could produce subpar recognition outcomes. To achieve acceptable recognition performance
in the context of Deep Learning (DL), extracting a meaningful feature set is a vital task. According to®!, feature
extraction is a crucial step in deep learning since the SER model’s success or failure depends heavily on the vari-
ability of the features it uses to do the recognition task. If the derived traits have a strong correlation with the
emotion class, recognition will be accurate, but if not, it will be challenging and inaccurate. The performance of
recognition in SER is strongly influenced by the quality of the feature set.

The process of mel-spectrograms (Fig. 3) feature extraction involves pre-emphasis, framing, windowing and
the discrete Short Time Fourier Transform. In our method, we generate a mel-spectrogram image by convert-
ing each speech sound sample into a 2D time-frequency matrix. We perform the discrete Short-Time Fourier
Transform (STFT) computation for this. We employ an STFT length of 1024, hop size of 128, and 1024 window
size (using Hanning as the window function). Additionally, we used 128 Mel bins to map the frequency onto
the Mel scale. Each audio sound was split into frames of 25 ms, with a 10 ms gap between each frame, to avert
information degradation. After the framing and windowing, we applied several mel-filter banks and the mel
denotes the ears” perceived frequency, which is computed using Eq. 3.

f
Mel(f) =295 x 1 14+ =—
el(f) x logyg ( 200 3)
where frepresent the real frequency and Mel(f) represent the corresponding frequency of perception.

Vision transformer

Vision transformers are becoming the standard in the NLP (Natural Language Processing) domain. The atten-
tion mechanism is an important element of such a model. It may extract useful features from the input using
a typical query, key, and value structure, where the similarity between queries and keys is pulled out by matrix
multiplication between queries and keys. In order to effectively extract many scales, multiple resolutions, and
high-level spatial features, vision transformers use a multi-head attention mechanism. The global average pool-
ing system is then used to up-sample and concatenate the dense feature maps that have been produced. To be
able to successfully learn and extract the intricate features relevant to emotion recognition in mel-spectrogram
image, the method makes use of both local and global attention, as well as global average pooling. As illustrated
in our proposed architecture, the entire model ranges from flattening to the classification of emotion. The input
image is broken up into patches of defined size, fattened and linearly embedded, added to position embedding,
and then transferred to the Transformer encoder.

The Vision Transformers have much less image-specific inductive bias than CNNs, hence, we leverage its
capability to classify seven human emotions: angry, sad, disgust, fear, happiness, neutral and surprise as shown
in our model. Our proposed vision transformer model for SER is not heavy, unlike many baseline models.
It comprises 4, 166, 151 total and trainable parameters, with 0 non-trainable parameters, thereby it reduces

disgust disgust fear fear

neutral

Figure 3. Mel-spectrogram of selected emotion.
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computational complexity. In the first stage, a feature vector of shape (n + 1, d) is created by embedding an input
image(spectrogram) of shape (height, width, and channels) into it® Then, in raster order, the image is splatted
into n square patches of shape (¢, t, ¢), where t is a pre-defined value. Patches are then flattened, producing n
line vectors with the shape (1, t> * ¢). The flattened patches are multiplied by a trainable embedding tensor of
shape (t? * ¢, d) that learns to linearly project each flat patch to dimension d. Our model dimension is 128, with
32 patch sizes.

The ViT model’s functional components and corresponding functions in the model architecture are succinctly
summarized by the functional components as shown in Table 1. Collectively, they improve the ViT model’s abil-
ity to identify spatial dependencies and extract relevant representations from speech signals for recognition of
speech emotions.

Core module analysis of ViT

The proposed ViTSER model in this study utilizes two core audio transformer modules which are self-attention
and multi-head attention. The first mechanism is self-attention, which computes representations for the inputs
by relating various positions of input sequences. It employs three specific inputs: values (V), keys (K), and
queries (Q). The result of a single query is calculated as the weighted sum of the values, with each weight being
determined by a specially constructed query function that uses the associated key. Here, we employ an efficient
self-attention method that is based on Dot-product®as computed in Eq. 4.

KT
Attention(Q, K, V) = softmax( Q

i,

where the softmax function is prevented from entering regions with extremely small gradients by using the scalar
1

v (4)

kSecondly, another core module of the audio transformer is multi-head attention, which is used to simul-
taneously exploit several attending representations. The calculation of multi-head attention is / times scaled
Dot-Product Attention, where h is the number of heads. Three linear projections are used before each attention
for transforming the queries, keys, and values, respectively, into more discriminating representations. Next, as
shown in Eq. 5, each Scaled Dot-Product Attention is computed separately and its outputs are concatenated.
MultiHead(Q,K, V) = Concat(heads, ..., head,)W©° (5)
where head; = Attention(QWlQ, KWf,VW,V)

We employed an activation function known as Gaussian Error Linear Unit (GELU), a high-performing
activation function in many speech-related tasks and NLP® as compared to RELu (Reactivation Linear Unit).
Rather than gating inputs by their sign as in ReLUs, the GELU non-linearity weights inputs according to their
value. The GELU activation function is x® (x), for an input x is defined from Eq. 6.

1
GELU(x) = x®(x) = x.5 [1 +erf(x/v2 ©6)
where ® (x) denotes the standard Gaussian cumulative distribution function.

Experimental result

In this section, the full details of how we carried out our extensive experiment and evaluation of our model
are highlighted. To demonstrate the significance and robustness of our model for the SER utilizing speech
spectrograms, we effectively validate our system in this part using two benchmark TESS and EMODB speech
datasets. Using the same phenomena, we evaluated the effectiveness of our SER system and contrasted it with
other baseline SER systems. The next sections go into further detail on the datasets that were used, the accuracy
matrices, and the results of the study.

SN Components Description

1 Patch Embeddings The initial representation of linearly projected image patches with each patch having a vector representation.

2 Positi . Provides the input embeddings positional information, which enables the model to comprehend the spatial

ositional Enconding : .

relationship between several patches.

3 Transformer Encoder Comprised of feedforward neural network modules and several layers of self-attention that capture high-
level features and long-range dependencies from the speech signal.

4 Self- Attention A method for capturing the dependencies among the various patches in the input sequence which enables
the model to focus on relevant information across the whole input sequence.

5 Layer-Normalization Stabilizes training and enhances generalization by normalizing each layer’s activations.

6 Dropout Regularization method that, during training, randomly sets a portion of the input units to zero thereby,

P increases the robustness of the model and helps avoid overfitting.
Table 1. Functional Components of the ViTSER.
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Datasets

TESS

The Toronto English Speech Set, or TESS for short, one of the largest freely available datasets, has been used in
numerous SER projects. The Auditory Laboratory at Northwestern University recorded TESS speech samples in
2010%. During the spontaneous event, two actors were given instructions to pronounce a couple of the 200 words.
Their voices were recorded, providing a comprehensive collection of 2800 speech utterances. Seven different
feelings were seen in the scenario: happy, angry, scared, disgusted, pleasant, surprised, sad, and neutral. Figure 4
provides an illustration of the TESS description based on each emotion’s contribution to the whole speech dataset.

EMODB

EMOD is one of the most predominantly utilized datasets, commonly known as the Berlin emotion dataset® or
the EMO-DB. This well-known and well-liked dataset of speech emotions contains 535 voice utterances express-
ing seven different emotions. Five men and five women, all experts, read prescriptive words and recorded various
emotions for the suggested dataset. Time is captured with a sampling rate of 16 kHz and an average duration of
2 to 3 seconds in the EMO-DB corpus. Every utterance has the same temporal scale, allowing the entire speech
to fit within the window size. The EMO-DB corpus, which is widely used in the SER field, forms the foundation
for several emotion recognition algorithms. Figure 5 illustrates the summary of the overall utterances, participa-
tion rate, and selected emotions.

Model implementation

The primary framework for the model implementation uses PyTorch®” components. We modified the size
of the images during the pre-processing stage to accommodate the dimensions of 224x224 on three sepa-
rate channels (corresponding to the RGB channels); we have delved into more depth about speech data pre-
processing in the previous section. The experiment was carried out on a computing resource that includes
GPU — 10900K @3.70Ghz, 64GB RAM, and the Google Colab platform. We utilized the Adam optimizer with
sparse categorical cross entropy loss function and 3.63E — 03 as the learning rate during the training phase.
We obtained optimum accuracy at 75 epoch. Finally, using a simple momentum of 0.9, we accelerated train-
ing and variable learning by the experiment’s chosen optimizer. Two public datasets (TESS and EMODB) are
used, with the combination of the two datasets to form the third set of datasets (TESS-EMOD) for assessing the
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Figure 4. TESS dataset emotion distribution.
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Figure 5. EMODB dataset emotion distribution.
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performance and generalizability of our model. The overall description of the hyperparameters utilized in this
work is highlighted in Table 2

Evaluation metrics

Standard metrics are typically used to evaluate the effectiveness of deep learning models for emotion identifica-
tion tasks. Based on several performance criteria, including precision, recall, accuracy, and F1-score as provided
in Egs. (6)-(9), the proposed method’s results are contrasted. Precision and recall reflect the qualitative and
quantitative performance of the proposed SER system, whilst accuracy represents the percentage of accurate
predictions out of the total number of cases analyzed. Recall (sensitivity) measures the proportion of actual
positive cases from all actual positive cases, while precision measures the proportion of true positive (TP) cases
from all predicted positive cases. The harmonic mean of the precision and recall are provided by the F1-score®.

Precisi i 7
recision = ————
TP + FP )
TN
Recall = ————— (8)
TN + FN

N ( TP 4+ TN )

1
A =—
=y ; TP + TN + FP + FN

2 x Precision x Recall
F1 — Score = — (10)
Precision + Recall

Furthermore, we adopted the confusion matrix metric which gives a more meaningful insight into the outcome
of our experiment. It uses variables such as FP (false positive), FN (false negative), TP (true positive), and TN
(true negative)® in depicting the combinations of true and predicted classes from a given speech dataset.

Results of experiments and discussion

This section describes the result of our extensive experiments carried out to assess the performance of our
proposed model for speech emotion recognition tasks. The collection of tests is utilized to assess how well the
model recognizes unknown speech utterances. The system generalization error is approximately represented
by the model prediction error’®. The cross-validation estimation approach is used in this study to thoroughly
assess each dataset. The database’s data is divided into two categories: training data and testing data. There are
k fragments to the original data in which the k part of the data is utilized for training, while one portion is used
as test data. K-fold cross-validation is a term used to describe the test procedure, which is carried out k times
across various portions of all the data’. For an in-depth assessment of our technique, we applied a well-known
5-fold cross-validation assessment method. The visual representation of the model loss is shown in Fig. 6. The
uniqueness of our proposed model as displayed in the figure, indicates its effectiveness as the loss decreases on
both training and testing data. The highest loss value for the three experiments were 0.13, 0.2 and 0.25 on TESS,
EMODB and TESS-EMODB respectively.

According to the speech databases used, which include a variety of emotions-seven distinct ones-selected fol-
lowing Ekman’s” postulation. We investigated the proposed model and presented the emotional level prediction
performance in Tables 3, 4 and 5 together with the resulting confusion matrices. Our model’s prediction perfor-
mance displays precision, recall, F1-Score, weighted results, and un-weighted results, which amply demonstrates
the model’s superiority over state-of-the-art techniques. According to the detailed classification(emotional level
prediction) report, it is obvious that the highest recognition was obtained for precision, F1-score and recall on
neutral emotion with 100% from the TESS dataset, followed by disgust with 99% from EMODB respectively,
and the least recall rate was recorded on boredom with 76%.

Hyperparameter Value
Number of Epochs 75
Learning rate 3.63E-03
Activation function GELU

Embedded dropout rate | 0.1

Trainable parameters 4,166,151

Patch size 32

MLP dimension 128

Optimizer Adam

Loss Function Flattened Loss of Cross Entropy

Table 2. Hyperparameters employed for this study.
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Figure 6. The figure illustrates the proposed model’s performance loss curve for the three benchmarked

datasets. (a) Loss diagram on TESS dataset (b) Loss diagram on EMODB dataset and (c) Loss diagram on TESS-
EMODB dataset.

Emotion Precision (%) | Recall (%) | Fl-score (%)
Angry 100 98 99

Disgust 99 99 99

Fear 99 99 929

Happy 96 96 96

Neutral 100 100 100

Sad 100 98 99

Surprise 92 97 94

Accuracy - - 98

Weighted Average | 98 98 98

Table 3. Emotional level prediction for TESS dataset.

We summarized the classification report in the above tables for each emotion using 3 metrics on 6 emotions as
shown in Fig. 7. Our method demonstrates higher performance than the state-of-the-art approach in terms of the
overall recognition of emotions, especially for disgust, neutral, sad and fear respectively. Our model recognizes
the emotions from the frequency pixels and salient features to enhance recognition accuracy and mitigate the
overall computational cost. Most of the baseline models detected disgust emotions with low accuracy because
of their paralinguistic content, however, our model outperformed others with high precision and recall of 99%
with only happy emotion demonstrating the least recognition of 82% recall.

In furtherance of our investigation, we obtain a confusion matrix for the three datasets to show a class-wise
recognition accuracy as shown in Fig. 8. We achieved the highest recognition accuracy from the confusion matrix
on angry, neutral and disgust with 99%, 98% and 95% respectively. Only boredom emotiorﬁf@wed the least
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Angry 90 96 92
Boredom 88 76 81
Disgust 99 93 96
Fear 95 85 89
Happy 82 89 85
Neutral 88 96 92
Sad 94 94 94
Accuracy - - 91
Weighted Average | 92 91 91

Table 4. Emotional level prediction for EMODB dataset.

Angry 87 96 91
Disgust 92 95 93
Fear 97 93 95
Happy 94 87 90
Neutral 97 92 94
Sad 100 99 99
Accuracy - - 93
Weighted Average | 94 93 93

Table 5. Emotional level prediction for TESS-EMODB dataset.

Sumarry of Emotion Recognition Report

Disgust

Figure 7. Summary of classification report for F1-Score, Recall and Precision.
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Figure 8. Confusion matrix for TESS, EMODB and TESS-EMODB.

recognition from our confusion matrix, but the classification report recorded a vivid minimum recognition of
76.0% recall and 88.0% precision. The hybrid dataset of TESS-EMODB recorded the lowest accuracy 74% on
sad emotion and a 100% overall for angry emotion for six emotions, which further established the robustness
of our proposed model for SER.

The simplicity of the model architectural design has in doubt contributed to its performance in enhancing
the SER recognition rate, thereby, reducing misclassification of emotion and making it suitable for real-time
applications in monitoring human behavioural patterns. The novelty of the model inappropriately recognizing
emotion from speech utterances(mel-spectrogram) is also confirmed with selected emotion as shown in Fig. 9.
Only three emotions out of about thirty selected for the test had wrong predictions, but twenty-seven of the rest
were rightly predicted as the actual emotion. The first label represents the actual emotion, while the second label
directly under it is the predicted.
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Figure 9. Test sample of emotion recognition output of the proposed model on three datasets: (i) represents

recognition output on TESS dataset (ii) represents recognition output on EMODB dataset (iii) represent
recognition output on TESS-EMODB dataset.

Performance evaluation

The comparative experiment aimed to evaluate the exact role that the Vision Transformer (ViT) model contrib-
uted to enhancing the speech emotion recognition ability that we observed. To carry out this extensive experi-
ment, we substituted other deep learning-based architectures for the ViT model in our proposed framework,
as shown in Table 6.

Though, while processing visual data in a similar way to the ViT model, they did not possess the distinctive
architectural features of the ViT in capturing long-range dependencies efficiently. Two speech datasets used in
this work are represented by the SDT1 and SDT2. The comparative study’s results, which showed that the ViT
model could enhance speech emotion recognition with fewer parameters while still achieving higher accuracy
than other architectures, provided significant fresh insight. The apparent decrease in accuracy when utilizing
other architectures highlights the significance of the self-attention mechanism of the ViT model in detecting
nuanced spatial relationships that are essential for comprehending emotional nuances in human speech.

The comparative analysis of our proposed model’s superior performance with other existing methods was
carried out as illustrated in Table 10, using the selected speech emotion database, to demonstrate further our
SER method’s generalizability and suitability for real-time applications. The proposed method demonstrates the
recent success of deep learning transformer in the SER domain, which recognized all the emotions with high
accuracy, including even the neutral emotion, using an unambiguous architecture. In the table, we reveal the
surpassing results of the proposed system, which are substantially greater than other methods, indicating the
efficiency of our method. We carried out ablation experiments as indicated in Tables 7, 8, 9, with a focus on vari-
ous patch sizes of the spectrogram image and removal of the embedded dropout layer componef&%f the proposed
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Architectures | Number of Parameters | Dataset | Accuracy
ResNet 9,116,032 SDT1 87.12
SDT2 83.90
MobileNet 4,806,855 SDT1 48.50
SDT2 81.32
InceptionNet 9,604,544 SDT1 62.30
SDT2 75.60
DenseNet 7,043,654 SDT1 86.13
SDT2 79.24
ViTSER 4,166,151 SDT1 91.03
SDT2 98.00

Table 6. Deep learning architectures comparative experiments on EMODB and TESS Datasets. Bold
highlights our proposed model and its results.

Dataset A D F H N S Sr OVA(%)
0.86 0.92 0.95 0.87 0.94 0.98 0.97 92
TESS 0.90 0.93 0.89 0.86 0.95 0.98 0.95
0.88 0.92 0.92 0.86 0.94 0.98 0.96
A B D F H N S
0.88 0.86 0.85 0.91 0.92 0.84 0.96 89
EMODB
0.92 0.81 0.86 0.94 0.87 0.94 0.84
0.90 0.84 0.85 0.93 0.90 0.88 0.89

Table 7. Ablation Experiment 2 on TESS and EMODB: Removal of dropout layer from the model
architecture: A Angry, H Happy, S Sad, D Disgust, N Neutral, F Fear, B Boredom, Sr Surprise, B Boredom, P
Precision, R Recall, FI F1-Score.

Size Metrics | A D F H N S Sr OVA(%)
P 0.83 1090 |0.93 |0.90 |0.92 |098 |0.97

14 R 0.90 091 |091 |0.80 |[0.96 |0.96 |0.95 |91
F1 0.86 [091 |0.92 |0.85 |0.94 |0.97 |0.96
P 0.84 1092 |0.99 |090 |0.90 |0.98 |0.97

16 R 0.94 1096 |0.88 |082 |[0.97 |091 |0.98 |92
F1 0.89 094 |0.93 |0.86 |0.93 |0.94 |0.98
P 0.86 [0.96 |0.98 |0.90 |0.95 |0.98 |0.98

28 R 0.97 1093 |091 |0.87 095 |0.99 |0.95 |94
F1 091 094 |0.95 |0.88 |0.95 |0.98 |0.97
P 1.00 | 0.99 |0.99 096 |1.00 |1.00 |0.92

32 R 0.98 099 |0.99 096 |1.00 |098 |0.97 |98
F1 0.99 099 |0.99 096 |1.00 |0.99 |0.94

Table 8. Ablation Experiment 1 on various patch sizes of audio spectrogram representation with TESS
dataset: A Angry, H Happy, S Sad, D Disgust, N Neutral, F Fear, B Boredom, Sr Surprise, P Precision, R Recall,
FI F1-Score. Bold highlights our proposed model and its results.

model. The first experiment result obtained from Table 7 shows that the removal of the embedded dropout layer
as a functional component of the model significantly reduces the speech emotion recognition accuracy. The
accuracy dropped by 6%, and 2.03% on TESS and EMODB datasets respectively. Likewise, the second ablation
experiment’s results from the two datasets with varying patch sizes indicated that the model declined in overall
accuracy(OVA) as the patch size decreased. However, 14 and 32 represent the minimum and maximum patch
sizes utilized in the experiments(Tables 8 and 9). It was obvious during the experiment that patch sizes above 32
increase the computational complexity, therefore we stopped at 32 which yielded an optimum accuracy without
any need for parameter tuning (Table 10).
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Size | Metrics | A D F H N S Sr OVA(%)
P 0.87 |0.83 |0.80 |0.86 |0.86 |0.86 |0.96

14 R 094 |0.74 |0.86 | 093 |0.81 |0.87 |0.81 |86
F1 090 |0.78 |0.82 |0.90 |0.84 |0.87 |0.88
P 0.85 |0.78 |0.90 |0.93 |0.80 [0.74 |091

16 R 096 |0.67 |0.90 |0.92 |0.74 |0.90 |0.76 |92
F1 090 |0.72 |0.90 |0.93 |0.77 |0.81 |0.83
P 0.87 10.89 |0.81 |0.86 |0.86 |0.86 |0.88

28 R 093 |0.63 |0.88 |0.90 |0.86 |0.88 |0.84 |86
F1 090 |0.74 |0.84 |0.88 |0.86 |0.87 |0.86
P 090 (0.88 [0.99 |095 |0.82 |0.88 |094

32 R 096 (0.76 (093 |0.85 |0.89 |09 |094 |91
F1 092 [0.81 [0.96 [0.99 |0.85 092 |0.94

Table 9. Patch size ablation experiment on EMODB dataset: B- Boredom. Bold highlights our proposed
model and its results.

Year Author & References | Method Dataset | Accuracy (%)
2018 Chen etal.”? CNN+Attention EMODB | 82.82
2019 Jiang et al.”* CRNN EMODB | 84.49
2019 | Mengetal”® BiLSTM EMODB | 88.99
2020 Mustaqeem et al.”® CNN EMODB | 85.57
2020 Kwon,” CNN EMODB | 90.01

2022 Guizzo et al.”® Quantarion CNN | EMODB | 88.47

2022 | Wenetal” Transfer Learning | EMODB | 84.14

2023 | Proposed ViTSER EMODB | 91.03
2017 | Verma, et al.®’ SVM TESS 96.00
2018 Praseetha et al.*! DNN TESS 89.96.
2019 Gao® CNN TESS 81.00
2021 | Krishnan et al.®® Decomposition TESS 93.30.
2021 Chimthankar®* DNN TESS 96.00.
2022 Akinpelu & Viriri® VGGNet+RF TESS 96.10.
2022 Guizzo et al.”® Quantarion CNN | TESS 97.00
2022 | Choudhary et al.% DNN TESS 87.10
2023 Proposed ViTSER TESS 98.00

Table 10. Comparison with other baseline studies using TESS and EMODB dataset. Bold highlights our
proposed model and its results.

Conclusion

In this research, a novel Vision Transformer model based on the mel-spectrogram and deep features was devel-
oped for the problem of speech emotion recognition. To assure accuracy, a simple MLP head attention with 128
dimensions was utilized to extract the deep features. With flattening, tokenizer, 32 patch size, position embed-
ding, self-attention, and MLP head layers for enhancing SER, we developed a vision transformer model. The
computational complexity was minimized due to the compactness of our model architecture, which is responsible
for reducing an excessive number of parameters. To demonstrate the efficacy along with the significance and
generalization of the model, its performance was assessed using two benchmark datasets: TESS and EMO-DB
as opposed to?. The proposed system outperformed the state-of-the-art in terms of prediction results. Extensive
experiments using our model produced astounding recognition accuracy scores of 98% for the TESS dataset, 91%
for the EMO-DB, and 93% when the two datasets were combined. In order to recognize all emotions with better
accuracy and a smaller model size to produce computationally friendly output, the proposed model improved by
2% and 5% over the state-of-the-art accuracy. The results of the proposed approach demonstrated the capability of
Vision Transformer to capture global contextual information, making it possible to model long-range dependen-
cies and enhance the representation of emotional speech patterns, ultimately leading to improved speech emotion
recognition. We will concentrate on implementing this kind of system in additional speech recognition-related
task systems in the future and go into more detail. Similar to this, we will conduct some tests to evaluate the
effectiveness of the proposed method and the obtained results on other datasets, including non-synthetic speech
corpora. When combined with other deep learning techniques, the recognition rates are likely to rise. Utilizing
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additional speech features such as the Mel-Frequency Cepstral Coefficient (MFCC), Chromagram, and Tonnetz
can enhance the investigation as they form part of our future work as well.

Data availability

The two publicly available datasets used or analysed for this study are available at: (i) the Tspace repository
(https://tspace library.utoronto.ca/handle/1807/24487) for the TESS dataset and (ii) Berlin Database of Emotional
Speech repository (http://emodb.bilderbar.info/showresults/index.php) for EMODB dataset.
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5.3 An Improved Bilingual Speech Emotion Recog-
nition Using Shift Window Transformer

5.3.1 Brief Review

The Paper entitled SwinTSER: An Improved Bilingual Speech Emotion Recognition
Using Shift Window Transformer was proposed to overcome the bi-lingual speech
emotional utterance challenge. A deep learning technique that extracts salient
emotional features from speech utterances of varied languages was developed in
this paper. Speaking utterances are associated with other languages in addition
to the cultural background. Therefore, the paper devised deep learning methods
that allow models to generalize in a variety of language and cultural contexts,
without necessarily concentrating on local features only. The paper utilized a self-
attention mechanism that is computed within local windows in a non-overlapping
fashion to reduce computational complexity that may result from Bi-Lingual speech
utterance for speech emotion classification. An improved bi-lingual speech emotion
classification that is based on a shift window transformer network is integrated into
deep learning in Chapter 6.

Paper status: Under Review
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Abstract

Emotion Recognition from human speech occupies a significant position
in Human-Computer Interaction, especially with the recent advance-
ments in Artificial Intelligence and Robotic computing. As the level of
interactivity of man-machine increases, intuitive responses that are emo-
tionally based have attracted a lot of research into emotion recognition
from speech signals. However, with various machine learning models that
littered literature, cross-language efficient speech emotion recognition
with extracted features inherent in speech signals with state-of-the-art
deep learning techniques is still posing a serious challenge. In this paper,
we proposed a deep learning transformer network that is based on a
shift window for speech emotion recognition using speech corpus from
two different languages. Shift Window Transformer (SWT) is based
on hierarchical transformer architecture designed for natural language
tasks and has recently become a novel model in computer vision and
image processing tasks. The input feature to the model Mel-spectrogram
is extracted from two public speech datasets Toronto English Emo-
tion Speech (TEES) and EMOVO. Our proposed transformer model
achieved a promising result of 98.3%, 64% and 66% accuracy of recogni-
tion on TESS, EMOVO and TESS_EMOVO (hybrid bi-lingual) datasets
respectively, after extensive experiment and parameter optimization.
Our performance evaluation revealed that the proposed model yielded
an improved result in the recognition of six different emotions from
human auditory speech compared to others found in the literature.
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Keywords: Deep Learning, Transformer, Convolution Neural Network,
Emotion, Speech Signals.

1 Introduction

In human conversation, people can make a large range of noises with their
mouths that correspond to different linguistic words. While it is evident that
humans understand these phrases when they are speaking to one another,
speech signal processing is necessary for human-machine interaction. Human
auditory voice signals provide useful information about the language used, the
main points of the communication, the speaker’s articulation, personality trait,
a focal point, gender, and other unique features [1].

Expressing feelings and communicating with people can be achieved most
effectively through speech. When considering other sources such as text,
images, expressions on the face, and EEG (electroencephalogram) signals,
Speech is the easiest to obtain emotion recognition [2]. Speech Emotion Recog-
nition (SER) is the process of empowering machines to recognize and categorize
speech signals to detect emotional information from speakers’ utterances
[3]. Understanding and recognizing human emotion can prevent unneces-
sary aggressions, suicide, depression, and rifts among people. An individual’s
breathing pattern is influenced by their emotional state, and both their breath-
ing pattern and muscular tension are necessary for that person to produce
speech [4]. As a result, the paralinguistic features of speech generated under
emotional circumstances differ from those of speech produced under regular cir-
cumstances, which has been beckoning for the attention of experts in the SER
domain to develop a language-independent and efficient model for recognizing
human emotion.

The field of speech emotion recognition has advanced significantly over
time, beginning with the advent of digital audio transmission, and continu-
ing with the creation of attention and transformer network techniques that
can capture long-term dependencies feature in speech signal[5]. When digital
audio transmission first emerged, researchers concentrated on creating mech-
anisms for adaptable playout latency mechanisms for audio packets sent over
the internet. However, with the development of technology came the realiza-
tion that it was critical to comprehend and identify the emotions expressed
through speech, as speech contains important emotional cues that can improve
systems for communicating and human-computer interaction [Han, 2022. 83].
As a result, the discipline of speech emotion recognition started to attract
significant interest.

Speech emotion recognition (SER) has a wide range of practical uses. It
enhances the interaction between people and machines [6]. In addition, it pro-
vides online customer assistance to enhance the well-being of those with mental
disorders (psycho-medicine). E-learning, telemarketing, call centre customer
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service [7][8], criminal investigation, surveillance, avoidable traffic incidents
[9], medical applications, etc., are all enhanced by SER. For more than thirty
years, SER has piqued the curiosity of several researchers due to its extensive
practical applications.

The traditional SER system detects the desired emotion, irrespective of
the language, from speech signals through preprocessing of the signals, feature
extraction, and classification (using some classifiers) to six fundamental emo-
tional information such as happy, sad, fear, surprise, neutral, and angry [10]
as shown in Figure 1. However, as the desire to grow SER domain became
more paramount, this conventional approach is bewildered with problems
of misclassification of emotion and low accuracy. It was against this back-
drop that prompted researchers to explore Machine learning models, Neural
network models such as Recurrent Neural Networks (RNN), Convolutional
Neural Networks (CNN), Long Short Term Memory (LSTM), etc, to improve
speech emotion recognition tasks. Surprisingly, these approaches improved the
recognition of emotion from human speech, but not without some complexity
issues, which the transformer architecture proffers solutions to [11]. Trans-
former [12], a scalable natural language processing (NLP) model, has been
applied to image classification tasks with outstanding performance. Figure 1
shows a classical structure of emotion recognition. Owing to the exceptional

Fig. 1: Conventional Speech Emotion Classification System

performance in a variety of applications, including speech emotion recognition
[13], machine translation[14], automatic speech recognition (ASR) [15], speech
enhancement, and speech separation [16], to mention a few, transformers have
attracted a great deal of research interest in the SER and natural language
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processing (NLP) communities [17][18][19][20]. This model has even outper-
formed conventional recurrent neural networks (RNNs), which have difficulty
with extended sequences and the sequence-to-sequence problem caused by the
vanishing gradient problem [21].

Transformer models have gained popularity and developed quickly, and
this has led to a plethora of research exploring the distinctive features that
enable them to perform better than other models, especially the SWT vari-
ant of transformers, which stands tall among its peers for its ability to reduce
complexity through the computation hierarchical feature maps construct[12].
Swin Transformer creates a hierarchical representation by beginning with small
patches and progressively merging nearby patches in deeper Transformer lay-
ers. The purpose of the SWT is to improve the robustness and accuracy
of emotion recognition across languages by capturing the intricate linguistic
nuances and temporal relationships found in bilingual speech. We leverage
the potency of this superior transformer framework to improve the recogni-
tion of emotion from speech signals using two languages (English and Italian)
of speech corpora. The specific contributions of this work are as follows: The
main contributions of this study are:

1. The proposed SWT Transformer model extracted Mel spectrograms from
raw speech signals. This helped to efficiently extract and represent features,
which allowed for capturing salient acoustic features necessary for speech
emotion recognition, laying a solid foundation for the modeling process
afterwards.

2. Computational complexity is reduced for SER through self-attention that is
computed within local windows in a non-overlapping fashion. Fewer param-
eters, lesser model size and efficient layers that learn discriminative features
from the input speech signal features increase the robustness of the model.

3. On bilingual datasets, the proposed model achieved an enhanced recogni-
tion accuracy that surpassed current techniques. However, this also brought
our attention to the challenges involved with adjusting SER models to a
wide range of linguistic and emotional expressions, offering suggestions for
further development and underscoring the necessity for models that can
accommodate the variations found in real-world applications

The paper is organized as: the review of relevant works on SER methods is
presented in Section 2. The methodology used for the tests, feature extraction,
transformer model used for the SER, and evaluation metrics are all covered
in Section 3. The experimental results and a discussion of the findings that
were observed are presented in Section 4. Section 5 provides the conclusion
and recommendations for further research.
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2 Review of Related Works

The utilization of various conventional machine learning (ML) classifiers
trained with speech feature vectors kicked off the journey of the speech emo-
tion recognition (SER) system. These ML classifiers include Support Vector
Machine (SVM) [22], Hidden Markov Model (HMM) [23], K-Nearest Neigh-
bours (K-NN), Gaussian Mixture Model (GMM) [24] and Artificial Neural
Networks (ANN) [25]. Consequently, various combinations of these primitive
classifiers have been presented with the utmost intention of enhancing the
classification of emotion in the SER process [26].

Nevertheless, even with the early results reported, standard ML-based
approaches have particular constraints when applied to SER [27]. Initially,
no specific machine learning technique exists that can effectively extract pre-
cise and discriminating features from bilingual speech databases. Secondly,
the accuracy of machine learning classifiers that are efficiently modelled suf-
fers when large speech datasets and manually generated features are used for
SER Additionally, for varying language content and acoustic conditions, the
classification performance substantially declines due to the generic traits of
ML-based SER classifiers.

Deep Learning (DL) techniques [28] reduced the manual efforts for the
extraction of distinctive features from speech signals, in contrast to the preva-
lent issues with ML techniques. Artificial neural networks with multiple layers
that hierarchically learn features make up deep learning. Deep Neural Net-
works (DNN) [29], restricted Boltzmann machines (RBM) [30], convolutional
neural networks (CNN), long-short-term memory networks (LSTM) [31], recur-
rent neural networks (RNN) [32] and attention networks [33] are the most
widely used speech emotion recognition classifiers based on DL. A spectrogram
feature that was extracted from the Rayson Audio-Visual Database of Emo-
tional Speech and Song (RAVDESS) speech dataset was fed into a DNN with
a gated residual network in Zeng et al. study [34], yielded a 65.97% accuracy
rate for emotion recognition on the tested data. Similarly, Popova et al. [35]
used a pre-trained VGG-16 convolutional neural network and, after extensive
experiments, they were able to attain an accuracy of 71%.

A novel Deep Convolutional Neural Network (DNN) for SER was proposed
by Issa et al. [36] in an attempt to boost the possibilities of enhancing the
recognition rate. Several feature vectors, including the Mel-Spectrogram, spec-
tral contrast, and frequency-cepstral coefficient, were obtained from speech
utterances and concatenated to provide the model input. Using the RAVDESS
dataset, their technique was able to identify eight distinct emotions with an
accuracy of 71.61%. For the benefit of generalizability, their approach was val-
idated as well on the EMODB and IEMOCAP datasets. Their CNN model,
however, was unable to effectively represent the spatial features and sequences
unique to voice signals. Li et al. [37] suggested a multimodal strategy using
temporal alignment and deep learning techniques to address the problem.
Utilizing CNN, LSTM, and Attention Mechanism, their approach achieved
a promising result of 70.8% accuracy with semantic embeddings. For SER
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tasks, the use of CNN, LSTM, or RNN in combination has shown notable
improvement [38]. This method mainly depends on using CNN to extract fea-
tures from raw speech signals, which are then passed to an LSTM or RNN to
extract long-term dependency features unique to auditory utterance emotion
identification[39]. On the RAVDESS dataset, Puri et al. [40] used a hybrid tech-
nique that combined LSTM and DNN. They sampled the raw speech signals
and extracted the MFCC, then fed it into their model. Researchers in the SER
field have also become interested in the ensemble technique, which extracts
salient features from speech utterances and feeds the emotional features into
a classifier regardless of the speakers’ language and cultural background.

Kwon et al. [41], automated extraction of local and global emotional fea-
tures from acoustic signals was achieved by using an endways multi-learning
trick (MLT) based on 1D improved CNN model. Their method utilized a
dynamic fusion framework in extracting the discriminative features to enhance
the emotion recognition rate. With 73% and 90% accuracy rates, respec-
tively, the proposed model assessed short and long-term relative relationships
across two benchmark SER datasets, [IEMOCAP and EMO-DB. In compari-
son, the approach requires more time than other models to train and test the
real-time speech signals. An alternative deep learning technique for SER was
presented by Pathar et al. in a separate study [42]. The CNN model was trained
by extracting relevant features from speech signals with the use of MFCC.
Their accuracy of 93.8% on the EMODB dataset is a noteworthy result. A
novel lightweight DCNN method for speech emotion identification based on
multi-acoustic attributes was developed by the author in [43]. Through their
approach, they were able to achieve 93.31% on the Berlin Database of Emo-
tional Speech (EMODB) and 94.18% on RAVDESS, respectively, by extracting
and feeding in a variety of features, including Zero Crossing Rate (ZCR),
wavelet packet transform (WPT), spectral roll-off, linear prediction cepstral
coefficients (LPCC), etc. Using a spectrogram from an audio source, Badshah
et al., [44] introduced a parallel CNN-based model for SER. They employed a
Fast Fourier Transform (FFT)-generated spectrogram as input for a pooling
mechanism with kernels of varying sizes.Their method demonstrates the signif-
icance of CNN’s max-pooling mechanism. However, their model was evaluated
on a monolingual dataset.

In recent times, there has been a surge in efforts to enhance the effec-
tiveness of deep learning models for SER and address the issue of long-range
dependencies specific to CNN-based models. In SER, the cutting-edge trans-
former model has been introduced [45]. Han et al.,’s proposal [46]included a
parallel design that made use of ResNet and the Transformer model. An audio-
video multimodal transformer was used for emotion recognition by Vijay et
al.,[47]. To extract relevant features from spectrogram pictures, they used three
self-attention and block embedding techniques. On the RAVDESS, CREMA-
D, and SAVEE datasets, their model produced results of 93.59%, 72.45%,
and 99.17%, respectively. However, due to the architecture, massive computer
resources had to be utilized. The fact that CNN-based models often work with
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fixed-size input windows limits their capacity to detect long-range dependen-
cies in speech signals. Temporal dynamics are often seen in speech emotion
beyond the immediate areas of the speech sequence. As a result, we pro-
posed a Shift window Transformer (SWT) model that includes both local and
self-attention mechanisms [12] that allows it to capture global contextual infor-
mation. This allows us to model long-range dependencies and improve speech
emotion recognition by enhancing the representation of emotional speech pat-
terns, especially on bilingual speech emotional corpora. A Cross-Lingual SER
was implemented by the author in Liu et al. [48] [2020] using Transformer-
Based Acoustic and Phonetic Embeddings. Even though the study’s SER
significantly improved, one of its constraints is that it was only able to cap-
ture a limited amount of the nuanced temporal variations in emotional speech
across languages due to its focus on acoustic and phonetic embeddings rather
than temporal dependencies.

Shift Window Transformer was proposed by Huang et al. [49] for Visual
Speech Enhancement and emotion recognition. In visual speech challenges, the
SWT presents an efficient technique for temporal modeling. Its ability to rec-
ognize speech emotions and how well it handles intricate linguistic differences
between languages, however, still needs more research. Global self-attention
is typically performed by Transformers, computing the relationships between
each token and every other token. In relation to the quantity of tokens, the
global computation results in quadratic complexity. With SWT, self-attention
is computed within local windows in a non-overlapping fashion[12]. While
window-based self-attention results in linear complexity and is scalable easily,
global self-attention causes quadratic computational complexity in the number
of patches. As a result, a novel SWT transformer-based technique was pre-
sented in this study to enhance speech emotion recognition and shorten the
model training duration while utilizing constrained computational resources.
A comparison with baseline deep learning techniques on SER was carried
out using a bilingual dataset, and the proposed transformer model showed
improved recognition accuracy.

3 Methods and Techniques

This section presents an overview of the model that we propose (Figure 2)
for speech utterance-based emotion recognition. To efficiently train the SWT
transformer model with feature vectors that ultimately result in speech emo-
tion recognition, we highlighted the key details from the auditory speech
database, pre-processing, feature extraction (Mel Spectrogram), and feeding of
the model. Ultimately, the proposed transformer model was implemented with
the Keras and Tensorflow libraries’ aid, making simulations easier to run. Two
bilingual datasets were used for evaluation, where accuracy and robustness
were the main criteria.
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3.1 Datasets

At the preliminary stage of this study, two public datasets were utilized to
verify the performance of our model and establish its generalizability. The two
datasets (TESS and EMOVO) are of different languages (Bi-lingual)-English
and Italian based. It is common in the literature to see many SER implemen-
tations using single language; however, we chose a bi-lingual approach because
the language has a role to play in human speech utterance. Moreover, our pro-
posed model is exposed to two different language speech datasets to establish
its robustness in capturing emotional cues from speech signals.

3.1.1 TESS Dataset

Many SER initiatives have made use of the Toronto English Speech Set, or
TESS for short, one of the biggest publicly available datasets. In 2010, TESS
speech samples were recorded by Northwestern University’s Audio Laboratory
[50]. A few of the 200 words were to be pronounced by the two actors during
the unscheduled occurrence. A thorough collection of 2800 verbal utterances
was obtained through the recording of their voices. In the scenario, seven
distinct emotions were observed: pleased, shocked, terrified, furious, glad, sad,
and neutral. The TESS description based on the contribution of each emotion
to the entire speech dataset is illustrated in Figure 3.

3.1.2 EMOVO Dataset

There are seven different emotional states in the EMOVO dataset: disgust,
fear, angry, joy, surprise, sadness, and neutral. Italian language utterances are
included in the first dataset, called EMOVO [51]. Six actors are captured on
tape uttering the words in fourteen sentences in this dataset. There are 24
annotators per group for each of the 588 utterances in this dataset, which has
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% EMOTION CONTRIBUTION
Surprise Angry
14% 15%
Disgust Sad
14% 15%

Neutral Happy
14% 14%

Fig. 3: TESS Emotional speech percentage distribution

been further annotated. All voice recordings were made at the laboratory of

the Fondazione Ugo Bordoni.

% EMOTION CONTRIBUTION

Surprise Angry
14% 14%

Disgust Sad
14% 14%
Neutral Joy

14%

14%

Fig. 4: EMOVO Emotional Speech percentage distribution
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3.2 Speech Feature Extraction

The performance of a model in a recognition task is significantly influenced
by the quality of the feature extraction used. Inadequate features may also
lead to unsatisfactory recognition results. In the context of Deep Learning
(DL), feature extraction is an essential phase in deep learning [52], since the
diversity of the features the SER model employs significant impact on the
model’s success or failure. Recognition will be accurate if there is a substantial
correlation between the derived features and the emotional classes; otherwise,
it will be complicated and lead to misclassification. The overall quality of the
feature set has a big impact on how well the SER model performs. In this
study, we utilized a popular feature extraction approach that captures essential
features for our transformer model to efficiently recognize emotion from speech
signal.

The Mel spectrogram feature, which shows the frequency content of an
audio signal as a function of time, was extracted from the speech signal. It
is based on the conventional spectrogram, but the frequency scale has been
modified to better correspond with human hearing. Auditory spectrograms
are often utilized to examine different sounds and identify spoken words pho-
netically. The time-frequency information of the utterance is provided by it.
However, it is more difficult to identify higher frequency differences than lower
frequency variations because human perception of frequency does not follow
a linear scale. Even if the distance between the two pairs is the same, we can
precisely distinguish between 500 and 1000H z, but we struggle to distinguish
between 10, 000 and 10,500H z .

The main processes in the Mel spectrogram feature extraction tech-
nique are the following: pre-emphasis, windowing (frame segmentation), Fast
Fourier transform (FFT), Mel-filtering, and determining magnitude’s log,
scale. Equations 1 and 2 are used to obtain the feature extraction process
mathematically.

1Mn):054—046am{n_1

Y(n)=X(n).W(n) (2
where N = number of samples in each frame Y(n) = Output signal X(n) =
Input signal W(n) = Hamming window

Using the hamming window function, the audio signal is first split into
short frames to maintain continuity and prevent overlapping. Secondly, each
frame is subjected to FFT to convert the signal from the time domain to
the frequency domain and reveal the frequency components contained in that
frame. Following this, each frame’s FFT magnitude spectrum is subjected to
a bank of triangular filters that are arranged under the Mel scale to extract
energy within distinct Mel-frequency bands. The speech signal’s dynamic range
is finally compressed by computing and standardizing the log magnitude of
the filtered outputs. A 2D representation (fit for model) is created by stack-
ing the resulting Mel spectrogram frames, with the y-axis denoting frequency

}0§n§N—1 (1)
)
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bins and the x-axis representing time. The structured, relevant, and informa-
tive representation of speech signals provided by Mel spectrograms as features
for emotion recognition enables models to efficiently capture and distinguish
emotional cues included in the speech utterance.

3.3 Swin Transformer (SWT) Layer

Originally, machine-level translation was intended to be accomplished with the
transformer model. Nevertheless, due to its effective performance, it substi-
tutes RNN in NLP and gains prominence [53][54]. To eliminate the recurrent
nature of any kind of processing, the transformer model makes use of an alter-
native internal attention mechanism that is also referred to as the self-attention
mechanism. For a given speech utterance, it generates relevant features using
a linear transformation. The transformer model consists mainly of two com-
ponents that are peculiar to its network, which are self-attention (SA) and
multi-head self-attention(MSA). The goal of the self-attention (SA) layer is
to aggregate global information from the complete input sequence to capture
the internal correlation of the input sequence which is a challenging task for
traditional recurrent models. The goal of the self-attention (SA) layer is to
aggregate global information from the complete input sequence to capture the
internal correlation of the sequence which is a challenging task for traditional
recurrent models.

The input feature X (X € RY*P) comprising of N entities withD dimen-
sion each, is usually transformed into a query, key and value (@,K,V)
through a matrix of learnable weight respectively, which can be obtained
mathematically from Q = XW% K = XWX,V = XW", where W denotes the
weights.

Contrarily, Multiple Self-Attention (MSA) blocks comprise Multi-Head
Self-Attention (MHSA), as opposed to a single attention computation that
exists in single-layer attention network. To make it possible to simulate depen-
dencies between various components in the input sequence, these SA blocks are
collectively concatenated channel-wise. For each head in (MHSA), a matrix of
learnable weight expressed by {WQm, WHEm, va} Where m=0...(n-1) and
n represents the total count of MHSA heads, and WO e R™ Px*N represents
the linear transformation of the head.

In Swin Transformer model, while other layers remain unchanged, a Trans-
former block’s normal multi-head self-attention (MHSA) module is swapped
out with one based on shifted windows. A shifted window-based MHSA mod-
ule and a 2-layer MLP with GELU (Gaussian Error Linear Unit) non-linearity
in between makes up a SWT block, as shown in Figure 2. Before every MHSA
module, MLP, residual connection and Layer Normalization (LN) layer is
applied.

The input Mel spectrogram feature, which was obtained during the archi-
tecture’s feature extraction phase, is first divided into non-overlapping patches
using a patch-splitting module in the SWT model for SER. Every patch is
considered a "token,” with its feature consisting of a concatenation of the raw
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features from the Mel spectrogram for each patch. As depicted in our architec-
ture, the input size is of H x W x C' dimension, where C represent the channel
and H x W denotes the size of the input. The window size for each patch is
set to C/2 , since a 22 patch size is employed in our experiment, and each
patch’s feature dimension is expressed as 2 X 2 x 3 = 12. A uniform division of
window to standardize the dimension (C/2,C/2) is applied. Thereafter, a lin-
ear embedding layer (64 size) is utilized to project the output for appropriate
transformation. Patch merging and feature transformation are then utilized to
downsize the number of tokens as the network size deepens. At the topmost
level of the model, an activation function with one dense layer is used for the
final classification of seven emotions. The summary of our proposed model
structure with the corresponding parameter size is shown in Table 1.

Table 1: Model Structure Summary

Layer(type) Output Shape Param #
input_1 (InputLayer) [(None, 32,32,3)] 0
random_crop (RandomCrop) (None, 32, 32, 3) 0
random_flip (RandomFlip) (None, 32, 32, 3) 0
patch_extract(PatchExtract) (None, 256, 12) 0
patch_embedding(PatchEmbedding) (None, 256, 64) 17216
swin_transformer(SwinTransformer) (None, 256, 64) 50072
swin_transformer_1(SwinTransformer) (None, 256, 64) 51096
patch_merging(PatchMergin) (None, 64, 128) 32768
global_average_pooling1d(GlobalAveragePoolinglD)  (None, 128) 0
dense_10 (Dense) (None, 7) 903

3.4 FEvaluation Metrics

An evaluation technique that is suitable for a multiclass problem like SER is
utilized in this study. This is necessary to ensure that all the seven classes of
emotions from three datasets are captured. We adopted standard evaluation
metrics of Accuracy, Precision, Recall and F1-Score respectively in our exper-
iment to establish the performance of our proposed model. We also utilize a
confusion matrix that indicates the True Positive (TP), True Negative (TN),
False Positive (FP) and False Negative (FN) of our model prediction over seven
emotions from the dataset. The accuracy metric estimates the percentage of
emotional utterances that are correctly predicted by the proposed SWTSER
model from the whole speech sample. Given a number speech sample denoted
by N, accuracy is computed mathematically from equation 3.

1 TP +TNY
> ( )

Accuracy = — .
Y (TP+TN +FP+FN)'

N2 (3)
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N i
Presicision = S Z & (5)
N —~ (IT'P+FN)'
While recall estimates the number correct positive prediction made against
the wrong prediction by the model, precision estimates the actual positive
prediction only as indicated in equation 4 and 5.

3.5 Experiment

The proposed model in this study was implemented on GPU- T4,
10900 K @3.70Ghz, 64GB RAM and Google Collab platform. The model imple-
mentation parameters were carefully chosen to achieve an enhanced result in
SER while minimizing emotion misclassification, as indicated in table 2. The
two datasets described in the preceding section were used in carrying out a
speaker-independent experiments to evaluate the proposed transformer model.
We utilized a split ratio (80 : 20) mechanism for splitting the datasets into
training set and test set. This dataset splitting technique is a standardized
approach that can help in achieving improved performance in SER mod-
els and to prevent overlapping results of emotion classification. Figure 5 - 7
presents the performance of the proposed SWT transformer model applied to
the datasets, trained with 128 feature set.

Table 2: Hyperparameters employed for this study

SN  Hyperparameter Value

1 Window size 7

2 MLP dimension 256

3 Shift size 1

4 Optimizer Adam

4 Trainable parameters 4,166,151
5 Patch size 2,2

6 Loss function Categorical Cross Entropy
7 Epoch 150

8 Embedded Dropout 0.02

9 Learning rate le-2

10 Number of Heads 8

11 Batch size 128

12 Weight decay 0.0001

3.6 Experimental Result and Discussion

The two major datasets are used in this study with the third one being
a hybrid of the two datasets to determine the robustness of the proposed
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Fig. 5: Validation accuracy and loss plot on TESS
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Fig. 7: Validation accuracy and loss plot on bilingual TESS-EMOVO

model to bilingual speech utterances. As previously discussed, the standard
valuation metrics were Accuracy, F1-Score, Precision and Recall respectively.
After extensive experiment model parameters optimization, the proposed SWT
model for speech emotion recognition achieve a state-of-the-earth result on
TESS dataset with 98% overall accuracy. We obtained highest precision and
recall of 100% (Figure 4a) on four emotions (disgust, fear, happy and surprise)
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respectively, while an Fl-score of 98% and above was recorded on angry, dis-
gust, fear and happy emotions. This high accuracy indicates that the model
improved performance, exceptionally and effectively well, in capturing the vari-
ations in emotional expressions present in the TESS dataset, highlighting its
robustness in speech emotion recognition.
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Fig. 8: Emotional level Recognition Report with three metrics (Precision,
Recall and F1-Score) on TESS Dataset
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Fig. 9: Emotional level Recognition Report with three metrics (Precision,
Recall and F1-Score) on EMOVO Dataset
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Fig. 10: Emotional level Recognition Report with three metrics (Precision,
Recall and F1-Score) on Bilingual TESS-EMOVO Dataset

On EMOVO dataset, a promising result of 64% accuracy was recorded
with an Fl-score of 60% above on six emotions comprising of angry, disgust,
fear, neutral, sad and surprise respectively (Figure 4b). The peculiar reason
observed in the drop in accuracy as compared to TESS can be attributed to
emotional variability and dataset size. The hybrid bilingual dataset of TESS-
EMOVO achieved an accuracy of 66%, with a minimum of 60% and above for
F1-Score on six emotions excluding anger as shown in Figure 4c. It shows that
the model can handle a variety of linguistic variations and emotional expres-
sions found in a bilingual dataset that has been integrated. The robustness of
the transformer model in natural language processing played out in this study
as it achieved a promising result on speech utterances of different languages.

Furthermore, we utilized the confusion matrix to evaluate the performance
of our proposed model in SER. Figure 6 shows the confusion matrices for
the three datasets, respectively. The highest accuracy of 100% and 76% were
recorded on fear and disgust emotions with TESS and EMOVO datasets. The
model achieved 88% highest accuracy on the TESS-EMOVO bilingual dataset.
However, angry and disgust emotions yielded the lowest accuracy, which is
a strong indication that the proposed model found it difficult to recognize
the two emotions accurately enough as compared to others. In all more than
five emotions had the accuracy measure above 70% on the three datasets.
We observed that the proposed model performed above average on six, out of
seven different emotions on which it was evaluated. This is illustrated in the
diagonal values obtained from the confusion matrices.
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Fig. 11: TESS, EMOVO and TESS-EMOVO Confusion Matrices. (a) TESS;
(b) EMOVO; (c) TESS-EMOVO. The predicted emotion is illustrated on x-
axis and the actual emotion is illustrated on y-axes.

3.7 Performance Comparison

The strength and uniqueness of the proposed model were assessed by com-
paring its performance to other methods reported in the literature, both for
training and validating the model using the same datasets. A thorough sum-
mary of the comparative study of the proposed approach and other studies can
be obtained in Table 6. When compared to baseline techniques, the proposed
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Table 3: Comparison with other baseline studies using TESS and EMODB
dataset

Author & References ~ Method Dataset  Accuracy (%)
Fasih & Saturnino[55] DT, KNN, NB, SVM and RF  EMOVO 40.31
Fasih et al.[56] ILFS, ReliefF EMOVO  41.0
Ozseven [57] KNN, MLP EMOVO 60.40
Proposed SWT EMOVO 62.0
Verma, et al.[58] SVM TESS 96.00
Praseetha et al.[59] DNN TESS 89.96.
Gao[60] CNN TESS  81.00
Krishnan et al.[61] Empirical Decomposition TESS 93.30.
Chimthankar [62] DNN TESS 96.00.
Akinpelu & Viriri [63]  AttentionRNCA+RF TESS 96.10.
Guizzo et al. [64] Quantarion CNN TESS 97.00
Choudhary et al.[65] DNN TESS 87.10
Proposed SWT TESS 98.00

SER model’s results in the table demonstrate its significance and robustness. In
terms of recognition accuracy, the transformer model outperformed the others
in terms of total prediction accuracy. Because of its simplified structure, min-
imal complexity, and capacity to recognize seven emotions in dual language,
the proposed model is appropriate for real-world applications. In summary,
the proposed SER model improved emotion recognition and demonstrated
resilience to linguistic variations.

4 Conclusion

The state-of-the-art novel transformer approach for speech emotion recognition
has been evaluated in this work. It employed two distinct datasets for emotion
recognition that came from two different languages and a hybridized speech set
of dual languages. According to the results, it revealed that small feature sets
can yield higher unweighted average recall, especially on bilingual speech utter-
ances. By efficiently capturing temporal dependencies in bilingual speech data,
the proposed approach of using a Shift Window Transformer for Bi-Lingual
Speech Emotion Recognition seeks to overcome the shortcomings of existing
models by improving the state-of-the-art in dual language speech emotion
recognition systems by leveraging Transformer architectures. Despite lower
performance on Italian-based language, the fusion of both datasets achieved
an improved accuracy of 66% emotion classification. The results obtained,
highlight how crucial the model robustness is in handling the wide range of
emotional expressions and language variations found in everyday scenarios.
To improve the model’s generalization capabilities across several datasets and
emotional settings, additional enhancements of exploring other speech signal
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features such as MFCC, Chromogram, Spectral contrast are the major focus
in our subsequent work. Also in our future work, we intend to explore the
performance of the Shift window-based transformer on multi-lingual datasets
and possible dataset augmentation to enhance the accuracy transformer-based
model in speech emotion recognition tasks.
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Chapter 6

Results and Discussion

6.1 Overview

This chapter presents a discussion of the overall results of this thesis. This chapter
harmonizes the results obtained across all the papers presented in this thesis to
show how challenges identified in the emotion classification from speech have been
addressed in this thesis. A summary of challenges identified from the introduction
and literature review is presented while subsequent sections present a summary of
approaches used to resolve the challenges identified.

6.2 Results Summary from the Thesis

The introduction and literature review are contained in chapters 1 and 2 of this
thesis. These chapters covered a variety of methods, along with their drawbacks, for
classifying emotions from speech signals. The study titled "Deep learning frame-
work for speech emotion classification: A survey of state-of-the-arts" was presented
in Chapter 2. This work conducted a comprehensive analysis of the most recent
methods for classifying speech emotions and contrasted them with traditional meth-
ods. However, some challenges made it difficult for these methods to analyze speech
signals and classify emotions. The following are the findings from the literature re-
view and chapter one that highlight the necessity of this study:

1. Deep learning techniques limitations owing to the scarcity of label speech
emotion dataset:
Deep learning techniques are mostly used to hierarchically learn the features
corresponding to the emotional cues from speech signals by using huge la-
beled datasets. In speech emotion classification, where there is a scarcity of
labeled datasets, using limited labeled data can lead to overfitting and poor
generalization. Generally, they require large training datasets to create ef-
fective models. Due to security concerns, human speech datasets are more
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difficult to obtain than image datasets. The low sensitivity of the model to
emotional information can also result from training deep learning techniques
with a smaller amount of data. This issue requires an optimal deep trans-
fer learning approach that can manage the differences in emotional utterance
representation and class labels between the source and target data.

2. : Over-reliance of deep learning methods on tuning of millions of parameters:
Deep learning approaches mainly depend on the appropriate tuning of millions
of parameters, which frequently results in overfitting, subpar generalization,
and excessive computational resource usage [40]. Additionally, this process
raises the memory and processing resource requirements for an effective sys-
tem. A time-based emotion classification system must build a strong sys-
tem that can quickly and efficiently handle computer resources, even though
the widespread availability of GPUs has been able to counteract this effect.
Computational resources should be managed efficiently to promote system
portability on low-memory devices for convenient access. For effective perfor-
mance speech emotion categorization, deep learning architecture still has the
opportunity for some advancements and best practices.

3. Quick and accurate automatic recognition of emotion from speech signal:
The presence of artifacts such as silence fillers and background noise is char-
acteristic of spectrogram image representations. Emotion classification errors
may result from these artifacts and noise. Conventional SEC systems tried
to address this issue by using pre-processing techniques to remove artifacts
before the classification process. However, this possibly increased the compu-
tational requirements, processing time, and overall complexity of the system.
Additionally, emotions that lead to depression can result in chronic mental
illness or premature death. Human well-being will be enhanced by early and
accurate emotion classification from speech that is not limited by place, time,
or obstruction, unlike facial expression identification. The need to address
these issues through an effective framework that captures long-range depen-
dencies for quick classification of emotions from speech signals is pertinent.

4. Misclassification and difficulty in accurate classification of speech utterance
with language and cultural variations:
Despite the recent progress in deep learning for speech emotion Classifica-
tion, models for cross-cultural adaption still require significant improvement.
Speakers’ diverse cultural backgrounds contribute to the diversity of speech.
Speaking utterances are associated with other languages in addition to the
cultural background. This will overcome the shortcomings of existing systems
that find it difficult to account for language differences when working with
sequence data. Examining and creating deep learning methods that allow
models to generalize in a variety of language and cultural contexts, without
concentrating on local features alone is required.

5. Over-blotted features as a result of abnormalities in their spectral properties
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and irregularities in speech features:

Some speech signals exhibit abnormalities in their spectral properties, leading
to over-blotted features. This poses a challenge for deep learning techniques
that aim to accurately analyze speech and classify emotions. For instance,
because of their striking similarity in energy and pitch characteristics, it may
be incorrect to identify the emotions of surprise, happiness, and anger in spo-
ken utterances. When classifying emotion, the systems may become confused
by these striking similarities. Furthermore, it is impossible to overemphasize
the likelihood of many characteristics arising from overlapping emotions in
a multiclass problem such as speech emotion classification. However, using
unique feature extraction approaches, the traditional and certain early SEC
systems sequence models attempted to address this issue. However, due to the
heavy reliance on handcrafted features with low model generalization ability
and limited capacity to create high-level representations, their effectiveness
has been limited. An effective deep Learning framework that can handle these
problems by introducing an extended deep transfer learning with feature se-
lection approaches that minimize misclassification of emotion is required.

6. Selection of high-level emotional relevant features for efficient classification of
speech emotion:
Though many novel feature extractions have been developed, however, their
performance is limited without a corresponding feature selection approach.
Besides, not all speech utterances carry relevant emotional features and ex-
traction of local features by deep network layers alone for accurate emotion
classification is not sufficient. Therefore, the incorporation of an advanced
feature selection technique with an attention-based deep learning network for
the selection of emotionally relevant features, toward efficient classification of
emotion from speech signal.

6.2.1 Resolving the challenge of scarce annotated speech emo-
tion dataset

In resolving the challenge associated with a limited annotated dataset, we utilized
deep transfer learning (DTL) in sections 3.2 and 3.3. with a notable performance
of 96.10% and 94% achieved on two datasets that contain 3,200 spectrogram im-
age representations of speech utterances for the process of classification. The DTL
leverages end-to-end DCNN with the exclusion of top layers and combines with
various classifiers to build a deep learning model for extracting emotional-related
features relevant to emotion classification from auditory speech utterances.

The first paper in section 3.2, titled A Robust Deep Transfer Learning Model
for Accurate Speech Emotion Classification, utilized a DTL model that is based
on DCNN for the classification of speech emotion. The proposed model comprised
speech processing and audio analysis to produce spectrogram image representation
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Table 6.1: Performance comparison of two classifiers

Experiment Specificity Accuracy UAR
DCNN-PCA-MLP 97.4% 96.1% 98.7%
DCNN-PCA-RF 96.1% 94.0% 97.4%

of speech signal and VGGNet base architecture for extracting local and high-level
features. The architecture is enhanced with a features down-sampling technique of
principal component analysis for extracting emotionally related features before it
is passed onto the classifier layer for the eventual classification of speech emotion.
The outcome shown in Tables 6.1, 6.2, and Figure 6.1 illustrates the achievement of
the model. The performance evaluation in comparison with some recent methods
used, indicated it outperforms the state-of-the-art approaches.
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Figure 6.1: Model Accuracy Curve

Table 6.2: Model Performance based on accuracy with some recent state-of-the-art
frameworks

Publication Techniques Dataset Reported Accuracy
Praseetha et al.(2018) [40] DNN-GRU TESS  89.96%
Venkataramanan et al.(2019) [26] DNN-LSTM TESS  70.00%
Krishnan et al.(2021) [48)] IMF-SVM, KNN TESS 93.30%
Blumentals et al.(2022) [9] LSTM-FCNN TESS  86.02%
Proposed Model DCNN-PCA-MLP TESS 96.10%

The model has an accuracy of 96.10% on seven different emotions, with a speci-
ficity of 97.4% on the TESS dataset.

In the second paper (section 3.3), titled Robust Feature Selection-Based Speech
Emotion Classification Using Deep Transfer Learning, the performance of the first
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paper was improved through the introduction of feature selection techniques that
learn more relevant emotional cues from speech signals. The paper experimented
on three datasets, namely TESS and EMODB to establish its generalizability and
application in real-life scenarios. An accuracy of 96.1% and 94.90% with a specificity
ratio of 98.9% and 100% on both datasets respectively. This can be confirmed by
the confusion matrix in Figure 6.2

Figure 6.2: Classification of speech emotion on TESS and EMODB datasets: The
diagonal value represents the normalized confusion matrix of predicted emotion
against the actual emotion

6.2.2 Resolving the challenge of Over-reliance on deep learn-
ing methods on the tuning of millions of parameters:

An attempt to resolve the challenge of heavy dependence on turning of millions
of parameters by deep learning techniques was proposed in chapter 4 with a pa-
per titled, Lightweight Deep Learning Framework for Speech Emotion Recognition.
The research created a unique lightweight DCCN-based VGGNets framework to
develop an effective classification system that forgoes learning redundant feature
maps to increase classification accuracy. Since it doesn’t need redundant convolu-
tional layers, the model has fewer parameters than a comparable conventional CNN.
Table 6.3, Fig. 6.3, and 6.4 attest to the remarkable accuracy and reliability of this
framework in the classification of speech emotion. Not only that, but it also has
the capability of running on low-memory devices without degeneration in efficiency,
because of a lesser number of parameters it involved. The model in this paper was
benchmarked on three datasets TESS, EMODB, and RAVDESS respectively. It
achieved an accuracy of 100%, 96.03%, and 86.25% on the three datasets.
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Figure 6.3: Showcasing how the model learned features from MFCC image repre-
sentation of speech signal.

Table 6.3: Performance comparison of the model in terms of lesser parameter with
other CNN model.

Model Size(MB) Parameters Dataset Accuracy(%) Average

DenseNet 7.04 7,043,654 DT1 86.13 85.65
DT2 79.24
DT3 91.60

VGGNet 7.64 7,640,903 DT1 96.03 94.09
DT2 86.25
DT3 100.00

InceptionNet 9.64 9,604,544 DT1 62.30 75.36
DT2 75.60
DT3 88.20

MobileNet 4.80 4,806,855 DT1 48.50 53.92
DT2 81.32
DT3 31.96

ResNet 9.12 9,116,032 DT1 87.12 89.67
DT2 83.90
DT3 98.00

| J_U! LR

RAVDESS

Angry Calm Disgust Fear Happy Neutral Sad  Surprise
M rr BN Mr

Figure 6.4: Accuracy of emotion classification chart with Neutral emotion showing

the highest recognition from the three datasets followed by Surprise, Fear, Disgust,
and Calm.
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6.2.3 Resolving the challenge associated with quick and ac-
curate automatic classification of emotion from speech
signal:

The paper that addressed this challenge is in section 5.2, entitled An Enhanced
Speech Emotion Recognition using Vision Transformer. The deep learning model
proposed improved on the previous paper in terms of memory efficiency with fewer
trainable parameters(4,166,151) while extracting emotional features from speech
signals. Mel-spectrogram representation was extracted from raw speech signal with
128M mel bins to map the frequency onto the Mel scale. Each audio sound was
split into frames of 25ms, with a 10ms gap between each frame, to avert feature
degradation. The model achieved an accuracy of 98%, 94%, and 91% on three
datasets, utilized in the study. An extensive experiment for the classification of
seven classes of speech emotion was carried out on TESS, EMODB, and a hy-
bridized TESS-EMODB with six emotion classifications. An ablation study was
also conducted on the functional components of the model architecture to ascertain
its robust capability to quickly classify emotion irrespective of background noise.
The result obtained was compared with other architectures and it proved superior
performance as shown in Table 6.4 and Figure 6.5 respectively.

Table 6.4: Comparative experiments on two datasets with other deep learning

architecture
Architectures Number of Parameters Dataset Accuracy

ResNet 9,116,032 SDT1 87.12
SDT2 83.90
MobileNet 4,806,855 SDT1 48.50
SDT2 81.32
InceptionNet 9,604,544 SDT1 62.30
SDT2 75.60
DenseNet 7,043,654 SDT1 86.13
SDT2 79.24
ViTSER 4,166,151 SDT1 91.03
SDT2 98.00
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Figure 6.5: Emotion recognition output of the proposed model on three datasets:
() represents recognition output on the TESS dataset (ii) represents recognition
output on the EMODB dataset (iii) represents recognition output on the TESS-
EMODB dataset. The first row of the label is the grand truth, while the second
row represents the classified emotion.

6.2.4 Resolving the challenge of Misclassification of emo-
tion from speech utterance with language and cultural
variations:

The paper entitled SwinTSER: An Improved Bilingual Speech Emotion Recognition
Using Shift Window Transformer in section 5.3 attempted to address the challenge
here by proposing a deep learning technique that extracts salient emotional features
from speech utterances of varied language. Speaking utterances are associated with
other languages in addition to the cultural background. Therefore, creating deep
learning methods that allow models to generalize in a variety of language and cul-
tural contexts, without necessarily concentrating on local features only formed the
focus of the paper. The paper utilized a self-attention mechanism that is computed
within local windows in a non-overlapping fashion to reduce computational com-
plexity that may result from Bi-Lingual speech utterance for SEC. A shift-window
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transformer that consists of a 2-layer MLP with GELU non-linearity in between
and a shifted window-based MHSA module is employed. Layer Normalization (LN),
MLP, and residual connection are used before each MHSA module. Fewer param-
eters with efficient layers that learn discriminative features from the input speech
signal features increase the robustness of the model.
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Figure 6.6: Emotional Level Classification Report with three metrics (Precision,
Recall and F1-Score) on Bilingual TESS-EMOVO Dataset

Figure 6.6 demonstrates the performance of the model on a combined dataset
while Table 6.5 reveals the performance of the transformer model on various patch
sizes. This experiment indicated that the lower the patch size of the speech mel-
spectrogram image, the lower the accuracy of emotion classification. The highest
accuracy obtained was at 32 patch size.

Table 6.5: Ablation study with varying patch sizes of the mel-spectrogram repre-

sentation with TESS dataset: A — Angry, H - Happy, S - Sad, D - Disgust, N -

Neutral, F - Fear, B — Boredom, Sr - Surprise, P - Precision, R- Recall, F1- F1-Score
Size Metrics A D F H N S St OVA(%)

14 P 0.83 090 093 090 092 098 097 91
R 0.90 091 091 0.80 0.96 0.96 0.95
F1 0.86 091 092 0.85 0.94 097 0.96

16 P 0.84 092 099 090 0.90 098 097 92
R 094 096 0.88 0.82 097 091 0.98
F1 0.89 094 093 0.86 0.93 094 0.98

28 P 0.86 096 098 0.90 0.95 098 0.98 94
R 097 093 091 0.87 095 099 0.95
F1 091 094 095 0.88 0.95 0.98 0.97

32 P 1.00 099 0.99 096 1.00 1.00 0.92 98
R 098 099 099 096 1.00 0.98 0.97
F1 099 099 099 096 1.00 0.99 0.94

185



6.2.5 Resolving the challenge of over-blotted features as a
result of abnormalities in spectral properties and ir-
regularities of speech features:

We resolve the issue associated with speech utterance with over-blotted features
and irregularities in spectral characteristics in section 3.3 with a paper entitled
Robust Feature Selection-Based Speech Emotion Classification Using Deep Trans-
fer Learning. In the paper, a methodology that is based on an efficient emotional
feature selection technique is utilized in combination with a deep learning model.
The study makes use of a convolutional neural network (CNN) that has already
been trained to efficiently extract features from mel-spectrograms that are taken
from speech signals. Effective feature extraction is achieved while minimizing com-
putational costs by freezing a large portion of the CNN layers during training. The
paper utilizes the Neighborhood Component Analysis (NCA) feature selection al-
gorithm in order to minimize feature dimensionality and prevent misclassification.
The problem of over-blotted features brought on by anomalies in spectral proper-
ties and irregularities in speech features is addressed by this method, which aids in
identifying the most pertinent features. At the top layer of the model, the paper
uses Multi-Layer Perceptron (MLP) and Support Vector Machine (SVM) classifiers.
To accurately classify emotions, these classifiers are applied after feature selection.
The proposed method achieved 94.3% on EMO-DB and 97.2% on TESS datasets
accuracy respectively after extensive experiments as indicated in Table 6.6 and
Figure 6.7.
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Figure 6.7: ROC curve of classification.
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Table 6.6: Performance evaluation with existing deep learning techniques

Dataset Reference Methods Reported Accuracy
TESS (2018)[40] DNN-GRU 89.96%
" (2019)[48] DNN-LSTM 70.00%
" (2021)|26] IMF-SVM, KNN 93.30%
" (2022)[9] LSTM-FCNN 86.02%
" Proposed DCNN-NCA-MLP 96.10%
EMO-DB (2019)[33] DCNN 80.79%
" (2020)|36] CNN-BIiLSTM 85.50%
" (2020) 5] CNN 89.02%
" (2021)[52] DCNN-LSTM-Attention 87.86%
" (2021)[35]  CNN-Attention 93.00%
" (2021)[51] LSTM-CNN 93.34%

Proposed DCNN-NCA-MLP 94.90%

6.2.6 Resolving the challenge of Selecting high-level emotion-
relevant features for efficient classification of speech
emotion:

The paper entitled "Speech Emotion Classification Using Attention Based Network
and Regularized Feature Selection" resolves the challenge of selecting high-level
emotionally relevant features for efficient speech-emotion classification. The paper
proposes utilizing a pre-trained convolutional neural network (CNN) in conjunction
with a robust attention-based network to extract global features from speech signals
that are emotionally rich as well as local features. By concentrating on prominent
features, the attention mechanism improves the model’s capacity to identify perti-
nent emotional cues. In order to enhance feature selection and boost classification
accuracy, regularized neighbourhood component analysis (RNCA) is introduced
in incorporated. Prioritizing emotionally relevant features, this strategy helps se-
lect the most discriminative features while minimizing misclassification. Three key
classifiers (SVM, MLP, and Random Forest) are used to comprehensively assess
the proposed model on the publicly TESS dataset for speech emotion classification.
A substantial improvement is evident in the outcomes, as the model attained a
classification accuracy of 97.8%.

Additionally, by freezing the top layer of the VGGNet and lowering the overall
number of trainable parameters, the paper focuses on efficiency. This makes the
model more useful for real-world applications by lowering its memory requirements
and computing costs. The research demonstrates the higher performance of the
proposed model in speech emotion classification by comparing it with recent tech-
niques. Furthermore, Figure 6.8 illustrates the confusion matrices of the model’s
efficacy and efficiency in correctly classifying emotions into seven key categories.
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Figure 6.8: : Confusion matrix of speech emotion classification with our model
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

In this study, a deep learning framework for enhancing speech emotion classification
has been presented. The deep learning techniques improved the accuracy of recog-
nition and classification of speech emotion from speech signals through efficient
feature extraction and selection mechanisms. A comprehensive survey on the cur-
rent approach for carrying out this challenging task was carried out at first, which
also includes the limitations of existing methods. This has led to the development
of a new framework for effective and efficient classification of speech emotion from
human speech utterances or speech signals.

A deep learning that is based on a deep convolutional Encoder-Decoder network
was modelled for the efficient classification of speech emotion. The deep learning
model in this study was designed to accurately analyze the complexity of speech
features such as noise, language, cultural background, and irregularities in spectral
characteristics. The multi-stage approach of the model structure paved the way
for it to learn and extract features from the speech signal. The transfer learning
resolves the challenge associated with a limited annotated speech emotion dataset.
The introduction of efficient feature selection techniques at the middle level of
the architecture prevented redundant features and the elimination of irrelevant
features that could hamper the accurate classification of emotion. The performance
evaluation of the system outperforms the existing method in the classification of
speech emotion from speech signals and renders it to be suitable for a typical
decision support system for detecting and monitoring mental health conditions like
depression and anxiety. By understanding a patient’s emotional state, AI-powered
systems can provide tailored support and interventions.

This study also proposed a lightweight model for quick classification of speech
emotion from human auditory speech, that can be deployed on low-memory de-
vices, for healthcare management and IoT devices. The huge parameters required
by most deep learning techniques which usually result in high computing resources
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are overcome in this study. The tuning of millions of parameters peculiar to most
deep learning architecture is prevented through the implementation of low train-
able parameters model-VGGNet, without compromising the efficiency of emotion
classification accuracy. The redundant layers of the model design are eliminated,
while classifiers are introduced. In this research, the performance evaluation was
carried out on the same computing hardware condition as well as the state-of-the-
art datasets and the result of extensive comparison shows that the proposed system
outperforms existing techniques in terms of computational resources, accuracy, ef-
ficiency and generalization.

7.1.1 Contribution to Knowledge

A novel deep learning framework that can efficiently manage complexity in per-
forming the extraction and selection of emotional cues from speech signals, for the
accurate classification of seven emotions has been designed and modeled.

7.1.2 Future work

This research work has immensely contributed to the growing field of affective
computing for the classification of speech emotion, however, the following are the
possible areas that can be further explored in this research:

1. Portability: the proposed system can be incorporated or embedded into
emotion-aware smart devices, for quick recognition of emotion which will in-
form real-time decisions.

2. Generalization: Though, four different datasets-TESS, EMODB, RAVDESS,
and EMOVO were used in this majorly synthetic research, with mel-spectrogram
and MFCC forming the major speech signal representation for emotion classi-
fication. Further study can be carried out using more speech datasets of vary-
ing languages and cultural backgrounds, especially the non-synthetic dataset,
to further improve the model’s generalizability.

3. Furthermore, the combination of the speech emotion dataset and other multi-
modal human expressions of emotion such as facial expression(Cohn Kanade
CK and Cohn Kanade Extension CK-+) Database) can be implemented on
the model to establish its robustness and need for possible fine-tuning.

4. Finally, the deep learning model developed in this research can further be
applied to speech recognition and other affective computing-related fields to
establish their generalizability as well.
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