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Abstract
In recent years, the UAE has played a pivotal role in advancing the global climate agenda by
hosting significant events such as the COP28. COP28 served as a crucial platform for
international dialogue and cooperation among nations to address climate change and
accelerate efforts to mitigate its impacts. In an era characterized by rapid technological
advancements, the development of Arabic speech recognition systems emerges as a crucial
frontier in enhancing accessibility, efficiency, and usability across various domains. Despite
significant advancements in speech recognition for languages like English, challenges persist
in adapting these technologies effectively to accommodate the unique characteristics of
Arabic. Within this context, exploring Arabic speech recognition within the framework of
COP28 serves as a compelling case study. This research integrates speech recognition
technologies at COP28 and holds the potential to streamline communication and enhance
accessibility for Arabic-speaking delegates and stakeholders. Through a comprehensive
investigation of various speech recognition models, including CNN, BI-LSTM, GRU, and
hybrid architectures such as CNN-BI-LSTM and GRU-BI-LSTM, valuable insights can be
gained into their performance and efficacy within the unique context of Arabic speech
recognition. Analysing key metrics such as accuracy across different sentiment categories —
positive, negative, and neutral — provides a nuanced understanding of each model's strengths
and limitations. The hybrid GRU and BI-LSTM model takes the lead, showcasing
outstanding performance with an accuracy rate of 94%. Close behind is the standalone GRU
technique, achieving an accuracy of 93%. Subsequently, both the CNN-BI-LSTM and CNN
models follow suit with accuracies of 91% and 90%, respectively. The results showed the

robustness and the effectiveness of the proposed models.
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Chapter 1: Introduction

Smart cities are primarily conceived with the objectives of enhancing the quality of
life for residents and fostering economic development, with an emphasis on sustainable
practices and the effective delivery of services (Angelidou, 2015). Within the framework of
smart city development, intelligence gathering entails the continuous monitoring and
evaluation of events, inhabitants, and various assets within the urban environment.
Subsequently, the collected intelligence is leveraged to improve the efficiency of urban
operations, including forecasting the demand and nature of resources, optimising municipal
services, and facilitating citizen-centric revisions to policies and regulations (Xiao et al.,
2022). A specific challenge in this domain pertains to the development of a scalable model
capable of efficiently acquiring contextual real-time data related to residents, assets, or events
while operating within resource constraints. This study introduces a novel and sustainable
technological approach for the real-time monitoring of the evolution of public opinion within
smart cities.

Technological advancements have revolutionised our ability to communicate, access
information, and accomplish tasks with greater speed and efficiency. With the introduction of
Web 3.0, individuals now have the platform to articulate their thoughts and perspectives on
various aspects of their daily lives (Cheng, 2024). This surge in individual expression has
garnered interest from businesses, governments, and individuals seeking insights into public
sentiment regarding goods or services (Saberi & Saad, 2017) However, deciphering this vast
and often disorganised data, which also contain private information, presents several
challenges. Consequently, fields like sentiment analysis sand big data analytics have
increasingly focused on addressing these challenges (AlKhatib et al., 2020).

Public opinion encapsulates the collective views, desires, and preferences of the

majority of a population on various issues, be they political, commercial, social, or otherwise



(Dong and Lian, 2021). Timely insights into people's perspectives and choices are crucial for
businesses aiming to uphold or improve the status of their brands or products, as well as their
overall reputation. This information also helps businesses identify and forecast profitable
trends in areas like leisure, wellness, and lifestyle. Incorporating such data intelligently into
product or service development enables businesses to stay competitive or gain a competitive
edge. Governments also frequently base policy decisions on prevailing trends and reactions in
public opinion, and monitoring such opinion is instrumental in identifying extremism and
predicting and responding to potentially problematic trends and events. In extreme cases,
negative public opinion on a particular issue can escalate to civil disobedience or even riots,
while unchecked expressions of extremism have been linked to violent incidents, such as
those carried out by individuals who have published radical statements online before
committing terrorist acts (Ware, 2020). By tracking and assessing public sentiment and
opinion in real-time, governments can gather valuable insights to inform decision-making
and support the anticipation, mitigation, and prevention of undesirable events, indicating
areas of mounting pressure or where intervention may be necessary. Monitoring public
opinion is thus recognised as a valuable tool in emergency preparedness, violence prevention,
and the maintenance of public order in general.

Sentiment analysis is the study of people's thoughts or feelings about a situation, a
discussion on a particular subject, or something else entirely. It has uses in many different
fields, such as comprehending human viewpoints via interactions with one another. It is
crucial to identify the speakers and understand their speech for a machine to be able to infer
human emotions from talks (Dhouib et al., 2022). Thus, researchers first implement speech
and speaker identification systems and then do sentiment analysis that has been retrieved. It
was possible to determine the sentiment polarities of the sentences from the speech and

categorise them as positive, neutral, or negative. Comprehending human emotions can prove



to be immensely advantageous in many situations. As an illustration, computers that are
programmed to identify and react to non-verbal human indicators like emotions could
customise their responses to match each user has tastes and requirements (Shaalan et al.,
2018).

Recent years have witnessed a surge in interest in sentiment analysis as a useful
method for deriving conclusions from massive amounts of raw data. Due to the urgent need
for these skills, academics have created technigues to measure public opinion in response to
this information need (Medhat et al., 2014). By obtaining a deeper grasp of current
sentiments on a certain good or service, businesses and organisations can use the insightful
information this analytical technique provides to realign their future goals. Enhancing the
customer experience is a result of hearing what customers have to say. Businesses show that
they care about the needs of their clients when they aggressively seek out and address their
complaints. As a result of the loyalty and trust this fosters, retention rates are higher and
positive word-of-mouth recommendations are generated. Sentiment analysis is not only
useful in business contexts but also has potential uses in the medical field, especially in the
management of psychological issues, particularly when dealing with instances that require
the diagnosis of depression (Latif et al., 2021).

The increasing number of investigations on sentiment analysis and machine learning
proves its significance. From the beginning of the millennium, sentiment analysis within the
domain of natural language processing (NLP) has developed as one of the supremely
productive fields of study (Liu, 2022). Nonetheless, studies, instruments, and resources
devoted to languages other than English — especially Arabic — remain sparse. Furthermore,
English language datasets have received most of the attention. Building strong classifiers is a

critical step for many NLP and machine learning applications, and training on large datasets



is seen to be a prerequisite for this process (Alkhatib and Shaalan, 2017). Having access to a
variety of small, large, and massive databases is quite beneficial for academic study.

Arabic is the sixth most spoken language in the world in terms of speakers, about 380
million native speakers (“Arab world - total population 2011-2021"). Moreover, it is ranked
fourth among the languages people use the most on websites (Ray and Shaalan, 2016).
Compared to other languages, Arabic has seen comparatively little research done in South
Africa, despite its considerable usage. This is mostly because Arabic has intricate grammar
and a rich morphology, which makes analysis difficult (Alkhatib and Shaalan, 2017). An
Arabic speech is defined for the purpose of this study as an online opinion, post, tweet, blog
entry, or commentary that represents the sentiment about climate change. Therefore, our goal
is to improve sentiment analysis such that it can reliably identify Arabic sentiment (whether
positive, negative, or neutral). The increasing presence of Arabic speech in social networking
sites and other digital communication channels has brought attention to the demand for
advanced techniques to accurately interpret emotion in Arabic audio. Arabic dialects and
Modern Standard Arabic are two examples of the different types that make up the Arabic
language (Shaalan et al., 2018) .

Automatic speech recognition (ASR) is a vital aspect of digital signal processing,
encompassing elements from linguistics, machine learning, phonetics, and statistics. It is an
example of technology that uses software to understand vocal and human speech
terminologies (Al-Dujaili and Ebrahimi-Moghadam, 2023). Over recent years, an increasing
number of linguists and researchers in speech-related fields have shifted their attention
towards ASR techniques. This interest is seen by their integration into several fields,
including robotics, transcription, healthcare, and education (Flemotomos et al., 2022). ASR is
presently used in various applications due to its effectiveness and efficiency as a result of the

technology has swift advancement; for instance, as applied in transcribing software, offering



significant accessibility benefits to Personal Computer users. VVoice-activated instructions and
portable device searches are two additional noteworthy applications (Cummins and Schuller,
2019). Furthermore, voice recognition technologies are applied to translate speech between
different languages. However, ASR is regarded as a challenging issue in the realm of signal
processing, requiring multiple processing layers to reach optimal accuracy.

Existing techniques have several drawbacks. First, they offer a compiled and survey-
based representation of emotions. For instance, a study (Karami et al., 2018) analysing
economic concerns during the 2012 US elections was conducted in 2018, highlighting the
delayed nature of the analysis. Furthermore, these methods do not allow for the real-time
tracking of opinion evolution and sentiment development, which is essential for modifying
strategy in response to public reactions to ongoing events. Finally, there are issues with
efficiency and scalability due to the fact that it takes millions of social media postings to get
valuable data, which makes them useless for real-time tracking.

COP28 is the abbreviation for the 28th Conference of the Parties and holds immense
significance for the United Arab Emirates (UAE) and the universal community at large. As a
crucial forum under the United Nations Framework Convention on Climate Change
(UNFCCC), COP28 assembles countries from all over the globe to present pressing
ecological concerns and chart a collective course towards an eco-friendly and carbon-free
society (“COP28 UAE - United Nations Climate Change Conference,” 2023.). The UAE
hosting COP28 exhibited a unique chance to showcase its obligations to ecological
stewardship, and renewable progress on the global stage. As a nation located in a region
vulnerable to the effect of atmospheric warming, the UAE recognizes the importance of
proactive action to mitigate greenhouse gas emissions, protect natural resources, and build
endurance to climate-related risks. Hosting COP28 provides the UAE with a platform to

demonstrate leadership in weather protection and innovation, highlighting its efforts to



transition towards a non-polluting economy and promote alternative power resources. By
convening COP28, the UAE underscores its dedication to fostering worldwide cooperation
and driving ambitious climate commitments to introduce the urgent threat of weather
alteration (“We need transformative policies and actions to stand a chance of winning the
race to net zero.,” 2023). Furthermore, COP28 holds significance for the world as a whole,
serving as a critical juncture for universal weather discussions and policymaking. At COP
events, countries come together to negotiate and finalise agreements aimed at decreasing
emissions, adapting to the atmosphere effect, and mobilising finance to support weather
action, such as the Paris Approval. COP28 offers a chance for nations to reaffirm their
commitments to the Paris Settlement and accelerate efforts to restrict global warming to well
below 2 degrees Celsius above pre-industrial levels, as outlined in the agreement goals.
Additionally, COP28 provides a platform for dialogue, knowledge sharing, and partnership
via governments, civilian populations, businesses, and other shareholders to address the
sophisticated issues posed by weather change (“COP28 - Carbon Market Watch,” 2023.).
Ultimately COP28 represents a crucial milestone in the universal fight against climate
change, with the potential to shape the trajectory of the worldwide climate agenda for years
to come. By engaging in constructive dialogue, forging partnerships, and committing to
ambitious climate targets, countries can work side by side to safeguard the planet and secure
a sustainable future for generations to come (Coppin and Sander, 2021).

This dissertation explores the complicated concepts and methodologies involved in
conducting the sentiment analysis of Arabic speech posts, aiming to examine sentiment
patterns in social media data. The research employed OP28, also known as the UN Climate
Change Conference, held from November 30, 2023, to December 12, 2023, in Dubai, United

Arab Emirates, as a case study for climate change (“COP28 UAE - United Nations Climate

Change Conference,” 2023). The objective of this research is to develop a framework that



enables the resource-efficient and sustainable real-time analysis of high-impact networking
content, addressing the limitations mentioned earlier. The study introduces an Arabic dataset
encompassing both dialect Arabic and Modern Standard Arabic, sourced from YouTube
videos. Given the complexities and rich morphology of the Arabic language, language
analysis poses challenges, necessitating enhancements in speech sentiment analysis for
discerning Arabic speech sentiment tones (positive, negative, or neutral). While the primary
focus lies in sentiment analysis applications, the dataset holds potential for various NLP and
deep learning tasks. The effectiveness of Arabic speech sentiment analysis is evaluated using
five classifiers: Convolutional Neural Networks (CNN), Bidirectional Long Short-Term
Memory (BI-LSTM), Gated Recurrent Unit (GRU), hybrid CNN-BI-LSTM, and hybrid
GRU-BI-LSTM models.
1.1 Problem Definition

Sentiment analysis is essential for understanding the opinions and remarks of people.
Its importance is especially noticeable when it comes to the Arabic voice on social media,
where it assists in recognising possible issues, gauging customer satisfaction, and guiding
significant market choices. Furthermore, the characteristics of the Arabic language, syntactic
background, and the lack of extensive, labelled datasets present difficulties for sentiment
analysis in Arabic web-based interactions. Developing a robust sentiment analysis model
tailored for Arabic audio comments on social networks is considered a challenge. To extract
precious insights from customers' experiences and expertise, strategies must accurately
categorise these sentiments into positive, negative, or neutral comments (Dhouib et al., 2022).
The main goal is to make web-based interaction easier as businesses work to track and
understand customer feedback, spot patterns, and take proactive measures to improve their

policies.



The expansion of Arabic audio content across various social media and
communication platforms underscores the urgent need for advanced techniques to accurately
analyse the sentiment conveyed in Arabic speech (Dhouib et al., 2022). Consequently, there
is a critical demand to increase our understanding of human influence and enhance the
robustness and efficacy of methods employed to address the challenges inherent in speech
sentiment analysis.

The field of smart city analytics comprises the monitoring, analysis, and assessment
of opinions and emotions expressed through social media platforms. In recent years, the
sentiment analysis of social networking postings has gained popularity in learning how the
public views current events. Various forms of sentiment analysis have been employed in the
current study of this field. Although these methods allow academics to gain a historical
understanding of public sentiment, they do not allow for a real-time assessment. Moreover,
they are not easily scalable and require a huge number of posts — millions — to be analysed to
allow for a more thorough assessment. This research aims to address these limitations by
providing a framework that enables a real-time assessment of the changes in the viewpoints
held by public figures, or high-impact posts.

Within the field of sentiment analysis, the focus has mostly been on textual data in
languages that are commonly spoken, ignoring the sensitivity and complexity of emotion
expressed in audio, especially in languages such as Arabic. COP28 is a significant worldwide
gathering that addresses climate change, and it provides a useful case study to recognise the
dynamics of sentiment in Arabic audios. Nevertheless, the overall insight extraction from
Arabic voice sentiment analysis is restricted by the lack of effective machine-learning models

designed for this purpose.



The essential task is to build a deep learning model that can effectively identify
sentiments from Arabic speeches presented throughout COP28. These demands overcoming
several challenges:

1) The sophisticated Arabic morphology: Because Arabic has such a large vocabulary,
sophisticated grammar, and a variety of dialects, it is more challenging than English
or other languages.

2) Arabic voice datasets: 1t is quite difficult to obtain a large and varied set of Arabic
speech datasets derived from opinions expressed on social media about COP28. The
lack of sufficient datasets limits the creation of efficient sentiment analysis systems,
as well as the model's training and assessment. To guarantee the robustness of the
model-building process, a considerable dataset covering comprehensive human
emotions — ranging from positive, negative, to neutral — must be gathered and well
labelled.

3) Polarity sentiment identification: Determining the polarity of human feelings requires
an expert skilled in sentiment analysis, requiring time and money.

4) The cultural diversity of the Arabic language: Social customs and principles have a
big influence on sentiment analysis for the Arabic language. The traditions and
customs of various societies influence people's methods of interaction. Accurately
assessing emotions and preventing misconceptions need an awareness of and
consideration for these cultural variations.

5) Arabic polysemy and homonymy: Arabic phrases display homophones and polysemy,
suggesting that a word's meaning can change according to its context. It is difficult to
distinguish between neutral, negative, and positive feelings because of this ambiguity.

6) Domain adaptation: Addressing the domain-specific issues raised by COP28

statements, such as the usage of context-dependent sentiment expressions, cultural
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allusions, and technical terms. A critical component is maintaining generality while

adapting models to this domain.

It is critical to overcome such challenges to fully utilise the potential of Arabic speech
sentiment analysis and provide sophisticated insights into the attitudes, opinions, and feelings
of the public, as stated at significant global events such as COP28. The successful
improvement of a robust deep learning framework designed for Arabic sentiment analysis
could equip policymakers, academics, and stakeholders with valuable information for
informed decision-making and effective communication strategies in presenting pressing
global issues.

1.2 Research Objectives

This dissertation’s main objective is to present an extensive framework created
especially for assessing the sentiment analysis of Arabic speech, with a focus on the emotions
expressed during COP28. The methodology aims to give reliable sentiment classifications for
Arabic social media and tackle the difficulties related to sentiment analysis in Arabic speech.
The following are the research's main objectives:

1) Generating an extensive labelled dataset related to COP28: Gather a large and
diverse annotated dataset with a range of audios and user satisfaction levels for Arabic
speech sentiment analysis, especially for COP28. The sentiment analysis model's
performance will be assessed and trained using this dataset as the main source of data.

2) Establishing Arabic speech-specific deep learning sentiment analysis models: Use
sentiment analysis techniques based on deep learning that is in line with Arabic's
linguistic characteristics.

3) Analysing and evaluating sentiment analysis algorithms for Arabic speech: Utilise

evaluation criteria such as the F1 score, recall, accuracy, and precision. Furthermore,
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use the annotated dataset to create confusion matrices for the suggested framework.

Compare the results to determine the effectiveness of the suggested approaches.

Through the achievement of the previously described research goals, this work aims
to enhance Arabic speech sentiment analysis, specifically in the context of COP28 in social
media discussions. Obtaining an extensive awareness of Arabic emotional expressions is
important for human—machine interactions in smart cities. Thus, there is an urgent need for
research projects aimed at creating reliable, culturally aware, and linguistically varied Arabic
speech sentiment analysis systems. By bridging the current gap, this project will improve the
field of sentiment-aware Atrtificial Intelligence (Al).

The following research questions are the focus of the dissertation investigation:
RQ1: How can the Arabic speech sentiment analysis deep learning algorithms be effectively
categorised?
RQ2: Can sentiment analysis in Arabic speech evaluations be improved by machine learning

or deep learning models?

RQ3: What are the percentages of the sentiments (positive, negative, or neutral)?
RQ4: Which methods are most beneficial for recognising Arabic speech sentiment analysis?
RQ5: What is the best accuracy percentage for the sentiment classification of Arabic speech?
1.3 Dissertation Contribution

The dissertation's main goal is to close the knowledge gap in Arabic speech sentiment
analysis on social media platforms, with a focus on Standard Modern Arabic and dialect
Arabic in the context of the COP28 representation of climate change. To attain superior
success in Arabic-language social media conversations, sentiment analysis deep learning
classifiers will be implemented, explained, illustrated, and evaluated.
1.4 Dissertation Organisation

The dissertation is structured as follows:
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e Chapter 1: Introduction: Provides a review of the use of deep learning algorithms for
the sentiment evaluation of Arabic text and speech on Internet social platforms, along
with information on the problem definition, research questions, objectives, and
contribution of the dissertation.

e Chapter 2: Related Studies: A full assessment of the research on sentiment
analysis, covering topics like sentiment polarities and social media
platforms, may be found under related studies. Furthermore, included in
this chapter is research on Arabic voice sentiment analysis alongside
Arabic text. Lastly, the conclusion provides a quick summary of the main

points of this chapter.

e Chapter 3: Methodology: Gives a comprehensive explanation of a dataset
corpus, covering the procedures for data collection, this involves applying
deep learning methods and combining multiple deep learning strategies on
the collected data. A brief overview of the major topics covered concludes
the chapter, including the evaluation metrics.

e Chapter 4: Implementation and Experiment: A deconstructed explanation
of the research setup in this section of the dissertation, including the
procedures and library resources that were used, a summary of the
investigation's settings is suggested in this chapter, along with the initial
processing, deep learning, and hybrid deep learning models’
hyperparameter configurations. A conclusion for the dissertation is
proposed in this section. In addition, this chapter closes with a summary of

the directions for future study.
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Chapter 2: Related Studies

This chapter covers several subjects, including sentiment analysis on social media and
how it is used, as well as a knowledge of NLP with a particular emphasis on works on Arabic
speech. It then looks at other approaches to sentiment analysis, including machine learning
and deep learning methods. There will then be a study of feature extraction methods and data
preprocessing methods.
2.1 A Review of Natural Language Processing

Regarding big data, the majority, about 95%, exists as unstructured texts sourced from
websites, emails, and similar sources. To fully utilise the benefits of this massive data size,
novel scientific tools, and methodologies are necessary (Cai, 2021). NLP techniques have
facilitated this task by efficiently processing large amounts of textual data. NLP can be seen
as a subset of Al, employing computational algorithms like machine learning and deep
learning to comprehend, learn from, and generate human-like language with semantic
coherence (Cai, 2021). NLP has demonstrated its ability to achieve comparable outcomes to
those attained through traditional qualitative text analysis methods, as evidenced by studies
such as the one conducted by (Guetterman et al., 2018). This study indicated that while NLP
successfully identified major themes through traditional text analysis, it struggled to capture
nuances and fell short in providing contextual details. NLP expanded in multiple fields and
has found applications in healthcare, clinical settings, social media, and various other
domains. Despite the significant integration of deep learning techniques into NLP, their
adoption in clinical practice remains limited due to their lower interpretability compared to
traditional machine learning methods (Casey et al., 2021). Lexicon-based approaches, a
subset of NLP techniques, gained popularity in sentiment analysis, particularly during the
years 2016-2017. However, recent advancements in sentiment analysis have witnessed a shift

from pure NLP methods to conventional machine learning classifiers and deep learning-based
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models, which have demonstrated superior performance and achieved state-of-the-art results
(Prastyo et al., 2020). Some may argue that sentiment analysis algorithms frequently have
trouble understanding complex or unclear speech, especially in situations where irony,
humour, or cultural allusions are common.

Over the past decade, Arabic and its dialects have garnered attention in the realm of
NLP research. A multitude of studies have delved into different aspects of processing this
language and its dialects, encompassing machine translation, resource development, and
morphological analysis. Several studies have been proposed to categorise works dealing with
Arabic and to elucidate its linguistic characteristics (Alkhatib and Shaalan, 2017; Shoufan
and Alameri, 2015).
2.2 Sentiment Analysis
2.2.1 Sentiment Analysis on Social Media

The availability of big data necessitates automated analysis to derive insights.
Sentiment analysis encompasses methodologies that automatically categorise human opinions
conveyed in a text, including the sentiments and emotions expressed by individuals on
diverse topics such as product reviews or views on energy sources (Keshavarz and Abadeh,
2017). It may involve tasks like categorising sentiments into Positive, Negative, or Neutral
classes or delving into finer distinctions like extremely positive, positive, neutral, negative,
and extremely negative categories (Ahmad et al., 2017), as well as identifying emotions like
"Anger", "Sadness", " Fright", and "Happiness". Sentiment analysis operates at three levels:
document, sentence, and aspect. NLP techniques are frequently utilised for automated text
analysis. Document-level analysis aims to discern the sentiment of an entire document, while
sentence-level analysis provides a more granular examination of individual sentences. The
aspect-level analysis identifies the sentiment associated with specific attributes often

discussed in product reviews (Prastyo et al., 2020). The use of sentiment analysis may raise
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ethical questions, especially in situations where privacy may be invaded or where
discrimination based on inferred feelings may occur.

Social media platforms, which have accumulated millions of users globally, offer
individuals the opportunity to express their views on various topics of interest. As of 2021,
tweets are limited to 280 characters, necessitating users to briefly summarise their opinions
within this constraint. Analysing Twitter text presents challenges due to data noise, such as
spelling errors, grammatical inconsistencies, and the use of emoticons or slang that develop
over time (Ahmad et al., 2017). Sentiments deduced through Twitter sentiment analysis have
numerous applications, including identifying correlations between the expressed sentiments
and polling data during the 2016 presidential election (Joyce and Deng, 2017), evaluating
reviews of the tourism industry (Ramanathan and Meyyappan, 2019) and the pilgrimage
season (Ottom Nahar, 2021), and gauging public emotions during the COVID-19 pandemic
(Weger et al., 2023). Sentiment analysis, also referred to as opinion mining, amalgamates
various NLP techniques such as tokenisation, stemming or lemmatisation, and bag-of-words
with machine learning models to compute sentiment scores for terms within a given text
(Kanakaraj and Guddeti, 2015). These sentiment scores, in turn, enable the determination of
the overall sentiment polarity of the text, which may be positive, neutral, or negative. Critics
could draw attention to the shortcomings of sentiment analysis methods that only include
textual data, ignoring non-verbal clues like body language, tone of speaking, and facial
expressions that can also be significant sources of sentiment signals.

2.2.2 Sentiment Analysis Techniques

Machine learning methodologies comprise three main categories. Firstly,
unsupervised learning involves analysing words within documents, where common words are
grouped into multiple clusters predefined by researchers. Secondly, semi-supervised learning

employs both unlabelled and a limited number of labelled data during classifier training.
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Here, unlabelled data extract crucial features, while labelled data refine the classifier output
(Ligthart et al., 2021). This study focuses on investigating the third category: supervised
learning.

Numerous studies are currently underway focusing on sentiment analysis utilising
diverse methodologies. Among the pioneering efforts in employing machine learning for
sentiment analysis on internet film reviews is the research conducted by (Pang and Lee,
2008). Their comparative analysis with human assessment revealed that support vector
machines and Naive Bayes, in particular, could effectively discern emotions from movie
reviews. Significant studies have endeavoured to enhance sentiment analysis techniques, with
one approach involving supervised machine learning classifiers. This method utilises labelled
data as features during training phases, enabling learning algorithms to generate the predicted
output (Bhavitha et al., 2017). Subsequently, the trained classifier can predict the sentiment
polarity of unlabelled data. However, a significant drawback of this approach is its reliance
on a substantial amount of labelled data for training, which can be inefficient if manual
labelling by humans is required.

Nevertheless, numerous studies have demonstrated that supervised learning
outperforms both semi-supervised and unsupervised learning in various aspects (Ligthart et
al., 2021). For instance, in one study, a sample of 3,102 tweets related to COVID-19 was
tested using machine learning with a Term Frequency - Inverse Document Frequency feature
extraction technique, achieving a maximum accuracy of 80% for Support Vector Machine
(SVM), 78% for Naive Bayes, and 76% for Logistic Regression (LR) (Amin et al., 2021).
Additionally, using machine learning classifiers on a Kaggle dataset of airline reviews
resulted in accuracies of 83.31% for SVM, 81.81% for LR, and 73.00% for Naive Bayes

(Dutta Das et al., 2017). Certain sentiment analysis methods might be biased, especially when
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used in environments with different linguistic or cultural norms. As an outcome, sentiment
expressions may be interpreted incorrectly or inaccurately.

Because of the necessity for large, labelled datasets to train machine learning
classifiers, numerous studies have turned to hybrid methods in sentiment analysis. These
methods combine the polarity obtained from lexicon-based approaches with machine learning
training. (Maurya and Jha, 2024) observed that lexicon methods exhibited high precision but
low recall, prompting them to hybridise Manufacturer Product Quality Assessment with
SVM for enhanced performance. (Rajeswari et al., 2020) determined that integrating lexicon
into hybrid approaches addresses the Neutral class classification issue, resulting in overall
accuracy improvements when evaluated across product, Twitter, and movie datasets using the
Naive Bayes, Linear regression, SVM, and Decision Tree classifiers. Additionally, the
authors emphasised the significance of feature extraction and found TF-IDF to yield the
highest accuracy. The accuracy and calibre of the datasets used to train sentiment analysis
algorithms may come under fire. Results that are skewed and have poor generalisation can be
caused by biased or limited datasets.

2.2.3 Sentiment Analyses in the Arabic Language

Arabic is a language that has a strong connection with Muslim religious traditions and
is currently an official tongue for millions of people living in Arabic-speaking countries.
Arabic is a Semitic language with 28 letters in total. As of 2022, there are approximately 457
million native Arabic speakers worldwide, spread over 22 Arab-speaking countries, or about
5% of the globe's population (“Demographics of the Arab world,” 2024). The population is
projected to rise to about 533 million by 2030, according to (“Arab Day for Population and
Development October 28, 2023 | HPC,” 2023). Additionally, Arabic is now recognised as the
fourth most frequently used language on websites, having experienced a notable surge in

popularity (Ray and Shaalan, 2016). However, the quantity of studies on natural language
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processing pertaining to Arabic might not match the language's extensive usage (Mozeti¢ et
al., 2018). Furthermore, Arabic sentiment analysis methods have not progressed as far as
English sentiment analysis approaches have. Nonetheless, research (Alkhatib and Shaalan,
2017) shows that there is an increasing amount of studies dedicated to Arabic sentiment
analysis.

To analyse the personality and sentiment of Arabic interactions on social media sites,
the researchers (Tartir and Abdul-Nabi, 2017) created a supervised machine learning system.
The impact of platform-specific features on performance techniques for managing Arabic
dialects, the suitability of standard features from English to Arabic, and the most efficient
means of lexical information transmission were the four areas of focus of their contribution.
The sentiment analysis and subjective features of four distinct platforms were also
investigated: synchronous chat, Wikipedia talk pages, Twitter, and online discussion forums.
These platforms make use of a variety of languages, each with its own distinct goal. The
lexeme has been demonstrated to be better suited for sentiment analysis, while the expanded
tag set, in conjunction with lemma information, is more appropriate for subjectivity analysis
(Abdul-Mageed et al., 2014). The representativeness and calibre of the datasets used to train
sentiment analysis models may come under investigation. Results that are limited and have
poor generalisation can be caused by biased or limited datasets.

Furthermore, the researchers introduced a manually annotated corpus in (Mourad and
Darwish, 2013), where each sentence of newswire pieces was annotated individually. This
dataset comprises 2,855 sentences and was utilised by the researchers to showcase an
automated approach to subjectivity and sentiment analysis. The researchers investigated the
impact of different levels of preprocessing frameworks on the task of classifying subjectivity
and sentiment analysis, using the F-measure criteria to assess the results. They demonstrated

that, in terms of subjectivity classification, combining stemming with morphology and
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adjective attributes yielded the highest F-measure of 71.54%. However, for emotion
classification, the combination of stemming with morphological and adjective elements
achieved the highest score of 95.52%. Some opponents can argue that the assessment metrics
used to evaluate sentiment analysis models are inappropriate because they do not adequately
account for the complicated nature of emotional expression or performance in the real world.

The gap in research on Arabic sentiment analysis stems from the limited exploration
and development of effective techniques tailored specifically for the Arabic language.
Despite the growing interest in sentiment analysis across various languages such as English,
Chinese, and Russian, there is a noticeable shortage of studies and frameworks dedicated to
Arabic. This gap is largely due to the scarcity of adequately labelled datasets designed
specifically for Arabic sentiment analysis. While some resources exist, they are often small in
scale and may not fully capture the diverse linguistic nuances and social contexts inherent in
Arabic speech.

Another aspect contributing to the academic gap is the complication of sentiment
analysis in Arabic, which comprises not only Modern Standard Arabic but also varieties of
dialects spoken among different areas. Each dialect may exhibit specific linguistic
characteristics and expressions of sentiment, requiring special techniques for sentiment
analysis.

2.3 Speech Sentiment Analysis

Recent research in speech sentiment analysis has primarily focused on end-to-end
methodologies, exemplified by projects such as the Universal Speech Model (Zhang et al.,
2023) and Whisper (Radford et al., 2022). These end-to-end deep learning models have
significantly enhanced ASR performance by enabling direct learning from the speech
waveform, thereby eliminating the need for intermediate feature extraction layers (Wang et

al., 2019)(Radford et al., 2022). Whisper, in particular, stands out due to its multitask training
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methodology, incorporating voice activity detection, language identification, ASR, and
speech translation. It has demonstrated state-of-the-art performance on various benchmark
datasets, including TEDLIUM (Rousseau et al., 2012) and LibriSpeech (Panayotov et al.,
2015). However, concerns have been raised regarding its susceptibility to adversarial noise
(Olivier and Raj, 2023).

2.3.1 Arabic Speech Sentiment Analysis

Systems for recognising emotions in spoken words differ according to the language,
the dataset's extracted features, and the applied classifiers. There has been limited research
conducted, particularly on Arabic audio, despite numerous studies aimed at identifying
emotions from speech across various languages. The KSUEmotions corpus (Meftah et al.,
2020), which is acknowledged as one of the most significant Arabic corpora, was used by the
researchers (Ali and Hifny, 2020) for Arabic sentiment analysis. The study employed distinct
models for emotion identification. One of these models, the hybrid CNN-LSTM-DNN model,
demonstrated superior performance compared to other models. It incorporated Convolutional
Neural Networks (CNN), Bi-Directional Long Short-Term Memory (BLSTM), and Deep
Neural Networks (DNN). Although the tongue of Arabic is a treasure mine of intriguing
issues to explore, all the works in the area of Arabic natural language processing have only
scraped the surface.

In a separate research endeavour aimed at recognising emotions in Egyptian Arabic
speech, sentiment analysis, and emotion identification techniques were employed by (Abdel-
Hamid, 2020). The dataset utilised comprised partially natural data. Wavelet, spectral, and
prosodic properties were extracted and employed as inputs. The classification methods
utilised included both the SVM and K-Nearest Neighbours. Researchers conducted numerous
tests, encompassing both speaker-dependent and speaker-independent scenarios. They

categorised the results based on each classifier, extracted feature, speaker, gender, and
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emotion. It can be difficult to tailor sentiment analysis techniques to particular languages or
domains, and detractors might counter that current methods frequently have trouble
generalising much beyond their training sets.

In the realm of Arabic ASR, the initial End-to-End model was introduced by (Ahmed
et al., 2018), utilising recurrent neural networks combined with Connectionist Temporal
Classification. Subsequent advancements have expanded upon this foundation, including the
development of transformer-based models that exhibit proficiency in both Modern Standard
Arabic and dialect Arabic (Belinkov et al., 2020). One significant challenge facing end-to-
end ASR models is the considerable need for annotated data, particularly in languages with
limited resources such as various Arabic dialects. To tackle this challenge, self-supervised
and semi-supervised learning approaches are gaining prominence. These models, such as
XLS-R and WAV2VEC2.0, initially learn valuable representations from extensive amounts
of unlabelled or poorly labelled data, which can subsequently be fine-tuned for certain
functions (Baevski et al., 2020). A different self-supervised approach, W2V-BERT, applies
masked linguistic modelling and contrastive learning techniques. By fine-tuning the FLEURS
dataset — which reflects Egyptian dialect-accented standard Arabic — it has been adapted for
Arabic ASR. In contrast to whisper, WAV2VEC2.0 and W2V-BERT require a fine-tuning
step in order to decode data effectively.

A speech waveform comprises a wealth of information, making it a precious resource.
Recognising the optimal collection of data related to sentiment is often a challenge.
Consumer applications require techniques that are effective in terms of resource utilisation,
which corresponds with the difficulty of identifying the ideal set of sentiment-related
information. The limited availability of corpora constrains the broader application of machine

learning techniques, particularly when employing deep learning methods, thereby restricting
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the diversity of prior endeavours. Recent advancements in sentiment analysis have
demonstrated the remarkable effectiveness of these latter approaches.
2.4 Summary

An overview of the basic and recent studies on sentiment analysis is given in this
chapter, with a focus on sentiment analysis in the Arabic language. It presents an overview of
NLP for the English and Arabic languages. The chapter also covers sentiment analysis on
social media, sentiment analysis techniques, and sentiment analyses in the Arabic language. It

also emphasises the speech sentiment analysis, particularly for the Arabic language.
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Chapter 3: Methodology

Understanding the emotional content of spoken language is necessary to examine the
sentiment of dialect speech using deep learning models. This field of Al is significant due to
it enabling machines to perceive and react to emotional cues in speech, hence improving
machine-human interaction. Arabic speech presents unique challenges due to its unusual
phonetic features, diversity of dialects, and cultural nuances, necessitating a specific
approach for effectively identifying emotions.

Only a multilayer neural network is used in the suggested way to recognise emotions
in Arabic speech. Using the voice input provided to the system, the sentiment emotion
recognition system's primary function is to identify emotions in speech. After that, the
multilayer neural network carries out the procedure of mining and picking characteristics.

This approach outlines the methodical process of creating a reliable sentiment
analysis system for Arabic speakers, specifically focusing on dialect speech. Every stage,
from the data collection to model training and deployment, is carefully designed to
specifically handle the inherent linguistic diversity and emotional expressions found in the
Arabic language. The schematic in Figure 1 illustrates the fundamental elements of the
framework.

3.1 Dataset Collection

In line with the article (Garouani and Kharroubi, 2022), Arabic dialects and Modern
Standard Arabic are mixed on social media sites. These linguistic variations have certain
similarities as well as remarkable differences that may impact the application of sentiment
analysis. Dialect Arabic, sometimes known as "colloquial Arabic", is used in everyday
conversations by Arabic speakers. There are numerous countries and regions where this
dialect is commonly utilized. Spoken Arabic accents from the Gulf, the Maghreb, Egypt, and

a few more places fall under this group. Online platforms and internet users use dialect
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Arabic in writing but with regional variations (Elnagar et al., 2020). Dialect Arabic and

Modern Standard Arabic are the main topics of this dissertation.

Figure 1

Methodology Framework

Data Collection

Preprocessing the dataset

Engineering Feature Extractions

Creating the Model's Structure and Educating It

Assessing and fine Tuninig the hyper paramneters

Evaluation of Performance

Arabic linguistics has a sophisticated component foundation, multiple morphological

rules, and both Templatic and affixational morphemes. Pronouns and related phrases are
often used in Arabic, leading to a broad range of inflections. Exceeding the 10,000 origins
that form the basis of nominals and tenses in Arabic contributes to the language's complex
morphology (Alkhatib and Shaalan, 2017) Arabic morphology comprises 120 patterns that
highlight the significance of the 5,000 basic origins. Arabic also allows terms to be placed in
a phrase to emphasize different areas, a feature known as variable word order. The
grammatical resolver distributes the entry icons provided by the dictionary analyser to
determine a sentence structure that complies with Arabic grammatical rules (Shaalan et al.,

2018).
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3.2 Audio Sentiment Analysis Categorisation

For this research, a variety of expressive speeches for COP28 in the Arabic dialect
were gathered from YouTube, Instagram, and X videos. A dataset representing reviews
classified into positive, negative, and neutral feelings was created by merging the data. A
corpus of 5,744 audios, comprising speech comments and suggestions, was compiled
between November 2023 and March 2024. The sample consists of about 60 Arabic utterances
in an Arabic dialect. In total, more than sixty Arabic speakers — roughly thirty men and thirty
women — between the ages of 25 and 70 contribute more than twelve hours of speech to the
samples. The characteristics of this classification are listed in Table 1. Triple categories were
created from the evaluations: neutral (NON), negative (NE), and positive (PO). The review
speech material was first extracted into an Excel file and then transformed into CSV format

for preprocessing because CSV is compatible with several processing programs.

Table 1

The Dataset Characteristics

No. of speech audios 5,744
Start date Nov 30, 2023
End date March 25, 2024

The review committee carefully viewed and evaluated each video to pinpoint
particular moments that displayed overt emotional indications. The purpose of the research
was to evaluate how well different machine learning algorithms detected attitudes. After
extracting the audio recordings from the video, they were divided into smaller segments.
Each segment was taped in MP3 format, lasting anything from one to three seconds. The
speech was divided into segments using the speech’s natural pauses, making sure that each

segment contained a complete phrase (Meftah et al., 2020). Assigning texts to these specific
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categories is the aim of sentiment analysis tools, which also provide valuable insight into the
emotional context of the text. These categories make it easier to comprehend comments,
opinions, and trends in different texts.

Samples of the Arabic speech transcriptions into Arabic text are presented in Table 2.
These emotions therefore functioned as labels for the audio snippets. As part of the data
preparation process, steps were taken to eliminate any undesirable disruption, such as noise
from the surroundings and music, before categorisation.

Table 2

Dataset Sample of the Collected Speech

Comments Translate into English Class Labels

The conference
Flall saise (e
presentation in Copenhagen Positive PO
dalee 5 dadl Jgla
is unforgettable

sead) (et Jll e
e g A gl Despite the efforts made at

. . COP28, it is disappointing
43lé «(coP28) Flll
) to see the lack of Negative NE
pe 5 O dasall (e
commitment from some

e (e ol il s .
Jorse participating countries

AS il J

(e 2l jaigall jias The conference was

Neutral NON
Jsall  attended by many countries

The number of files and the size of data collected for the polarities of the audios —
labelled Positive (PO), Negative (NE), and Neutral (NON) — are shown in Table 3 and Table

4 respectively. Figure 2 proposes the distribution percentages of the sentiments in the dataset.
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Table 3

The Dimensions of Emotional Data Within the Audio Files in the Dataset

Sentiments
Datasets Total
Positive Negative Neutral
Audio files' size 800 MB 32.8 MB 274.4 MB 1.11 GB
Table 4
The Number of Audio Files
Sentiments
Datasets Total
Positive Negative Neutral
No. of audio files 4001 174 1569 5744

**Examining the Emotion Distribution in the Datasets:

The presented Tables 3 and 4, and Figure 2, offer an extensive breakdown of
sentiments across diverse datasets, encompassing positive, negative, and neutral emotion
categories, along with the total number of audio files and audio sizes in each category. This
analysis sheds light on the sentiment distribution within the datasets, which is pivotal for
understanding the composition and features of the data utilised for Arabic speech recognition.
**Positive Emotion: **

The dataset exhibits a substantial number of audio files associated with positive
sentiment, totalling 4,001 audios and 800 MB data size. This abundance of positive sentiment
data underscores the prevalence of affirmative, optimistic, or approving expressions within
the speech content. The prominence of positive sentiments suggests a significant presence of
affirmations, agreements, or supportive remarks in the speech data.

**Negative Emotion: **
Conversely, the dataset contains a relatively modest number of audio files labelled

with negative sentiment, comprising only 174 reviews and 32.8 MB data size. This scarcity



of negative sentiment data highlights a notable imbalance in sentiment distribution, with
negative sentiments being less represented compared to positive sentiments. The limited
presence of negative sentiments indicates a paucity of content expressing dissatisfaction,
criticism, or disapproval within the speech data. It's worth mentioning that the lack of
negative sentiment data may be attributed to the nature of the COP28 conference
environment, where participants are more inclined towards constructive dialogue,
cooperation, and problem-solving rather than expressing negative feedback or criticism

openly.

Figure 2

The Distribution of Sentiments on the Datasets

Dataset Collection

W Positive M Negative Neutral

**Negative Emotion: **

Conversely, the dataset contains a relatively modest number of audio files labelled
with negative sentiment, comprising only 174 reviews and 32.8 MB data size. This scarcity
of negative sentiment data highlights a notable imbalance in sentiment distribution, with

negative sentiments being less represented compared to positive sentiments. The limited

28
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presence of negative sentiments indicates a paucity of content expressing dissatisfaction,
criticism, or disapproval within the speech data. It's worth mentioning that the lack of
negative sentiment data may be attributed to the nature of the COP28 conference
environment, where participants are more inclined towards constructive dialogue,
cooperation, and problem-solving rather than expressing negative feedback or criticism
openly.

**Neutral Sentiment: **

The dataset was allocated to neutral sentiment, with 1,569 audio files and 274.4 MB
data size. Neutral sentiment signifies a lack of explicit positive or negative affective content,
representing an objective or impartial stance in the speech data. The prevalence of neutral
sentiments underscores the importance of capturing and analysing non-emotional or used
linguistic expressions, which play a crucial role in natural language communication and
discourse.

**Total Dataset Composition:; **

In total, the dataset comprises 5,744 audio files and 1.11 GB data size across all
sentiment categories, providing a diverse and representative corpus for training and
evaluating Arabic speech recognition models. The distribution of sentiments within the
dataset reflects the natural variability and complexity of human speech, encompassing a wide
spectrum of emotional states, attitudes, and linguistic nuances.

**Implications for Speech Recognition: **

The analysis of sentiment distribution within the datasets carries significant
implications for the development and optimisation of Arabic speech recognition models. The
scarcity of negative sentiment data underscores the need for careful consideration and the
mitigation of sentiment imbalance during model training and evaluation processes.

Researchers and practitioners must devise strategies to address the imbalance in sentiment



30

distribution, such as data augmentation techniques, synthetic data generation, or transfer
learning from related domains.

Additionally, the observation of sentiment distribution within the COP28 conference
context provides insights into the nature of discourse and interaction dynamics prevalent in
such environments. The predominance of positive and neutral sentiments reflects a culture of
collaboration, consensus-building, and constructive engagement among conference
participants. Understanding the unique characteristics of sentiment distribution within
specific domains or contexts, such as COP28, enables the development of tailored speech
recognition solutions that effectively capture the linguistic nuances and communication
patterns inherent to those environments.

In conclusion, the analysis of sentiment distribution within the datasets offers
valuable insights into the composition and characteristics of data utilised for Arabic speech
recognition. By addressing sentiment imbalance and leveraging domain-specific insights,
researchers can advance the development of more robust, contextually aware, and inclusive
speech recognition systems tailored to the nuances of Arabic language and communication
within diverse domains like COP28 and beyond.

3.3 Preprocessing of the Dataset

Preprocessing is a crucial stage in both sentiment analysis and NLP to ensure higher
efficacy in sentiment analysis and to enhance the quality of the generated dataset. Among its
primary objectives are text cleansing, normalisation, tokenisation, stop word removal, and
stemming. Several steps may be involved in the preprocessing phase, depending on the
study's objectives and the chosen language. Research assessing the efficacy of Arabic
sentiment categorisation employed unique preprocessing (Abdel-Hamid, 2020). This

included emotional support and a customised stop list as strategies. Emojis can be replaced
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with custom stop lists and content phrases to improve Arabic emotion categorisation,
according to the experiment's findings.

Creating a system for ASR starts with preprocessing, which is the initial stage before
further stages of the operation. Building vectors that extract relevant information and
differentiate signals produced with vocal cord vibrations from those that are not the major
purposes of this. Prior to featuring engineering extraction analysis, the voice signal is
preprocessed to make it more acceptable (Zerari et al., 2019).

Development of the feature of the voice data that is received and the optimisation of
the process of extracting valuable features are the goals of data preparation in ASR. ASR
models need to go through a number of procedures in order to guarantee that the acoustic
signals are ready for further examination (Garouani and Kharroubi, 2022). The essential
components of Arabic audio data for analysis are as follows:

1. Audio Importing and Transforming: To begin, sound files in the widely utilised
.wav scheme for voice information that includes speaker utterances must be imported. The
signal is transformed into a 2D NumPy array once the audio files have been parsed, and this
allows the sound's amplitude or strength to be seen over time. In this research, the audio file's
sample rate will be converted into a sample rate (16 KHz), where the default sample rate is
44.1 kHz, due to its ability to provide more accurate high-frequency data. For audio signals, a
sampling rate of 16 kHz is sufficient to capture frequencies up to 8 kHz, which include the
relevant frequency range of the human voice. Generally, the 16 kHz sampling rate is a
practical selection for ASR, presenting a good balance between capturing relevant acoustic
data, arithmetical efficiency, and harmony.

2. Dataset Augmentation: Mechanisms for dataset augmentation are put in place to

increase the dataset's circularity and variance. This could mean moving the audio to the left
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or right in terms of spatial positioning, or it could mean slightly changing the pitch. With
augmentation, the ASR mechanism may learn from a wider variety of entry data.

3. Mel Spectrograms: By altering the sound input, Mel spectrograms are created. To
graphically depict the sound waveform, spectrograms divide it up into a range of frequencies
across time. Mel spectrograms provide accurate capture of the frequency components of the
speech stream, which are crucial data for feature extraction in ASR (Zerari et al., 2019).

4. Mel-Frequency Cepstral Coefficients (MFCCs): A modulation of the voice signal
produces MFCCs in addition to spectrograms. MFCCs, which are compact and crucial, are a
collection of coefficients taken from the audio spectrum. MFCCs are excellent at properly
capturing the fundamental components of human speech.

5. Using Data Augmentation Strategies to Enhance Spectrogram Data: The dataset is
further enhanced by utilising spectrograms entirely. Model resilience is sometimes enhanced
by the application of techniques such as temporal and frequency masking, as in
SpecAugment.

6. Normalisation and standardisation procedures: These are utilised to guarantee that
the scales for the entry characteristics are consistent. This is essential for the mathematical
framework to converge during training. Using standardisation, which normalises the data
bank, the data can be changed to have a mean.

7. Classification: Every audio clip is categorised with the appropriate sentiment to aid
in supervised learning.

8. Noise Reduction: During preprocessing, the audio file may have background noise,
quiet areas, or spurious noises removed. Noise reduction techniques raise the waveform-to-
noise percentage, which enhances the technique's voice recognition performance.

9. Duration Normalisation: Since audio files can have varying lengths, it is necessary

to normalise the durations to a constant length in order to enable efficient learning from the
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data. One frequent strategy to get ready for modelling is to take an average of each audio
recording's length (Dhouib et al., 2022). These preprocessing methods improve the quality of
the input data ASR, enabling ASR techniques to efficiently extract and identify audio
patterns in Arabic tongue utterances.

Figure 3

The Data Preprocessing for Arabic ASR
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3.4 Annotation

Annotation has significance due to machine learning and deep learning strategies
mainly depending on labelled data for recognising patterns and offering forecasts or
categorisations on new, unidentified data. Unreliable findings could emerge from models not
being able to perform to their full potential in the absence of exact and extensive annotations
in training data (Dhouib et al., 2022).

Since annotation is a prerequisite for training deep learning and machine learning
mechanisms, it plays a key role in the field of emotional speech recognition. Using sentiment
recognition models, sentiment analysis primarily uses labelled data to identify correlations

and patterns in audio waveforms that are suggestive of various emotional states (Zerari et al.,
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2019). Based on annotated datasets, these models acquire and apply their knowledge of
diverse sentiment cues.

To establish a reliable reference for model training, annotators identify positive,
negative, and neutral voice data segments. The model's capacity to precisely recognise and
categorise speech emotions is strongly impacted by the degree of precision and thoroughness
of this labelling. Fully annotated datasets improve the model's performance by guaranteeing
reliable and consistent emotion identification capabilities, even with unidentified voice
samples (Abdel-Hamid, 2020).

The first job was to identify and understand the voice cassettes after the dataset was
collected. Each dataset had its naming convention, and the emotion label for further
categorisation was ascertained from the file names. The labels and their accompanying
numerical representations are displayed in Table 5. An example of labelling the filenames is
shown in Table 6. The dataset analysis made use of wave charts that displayed sound samples
that were chosen at random (Ahmed et al., 2018). The purpose of these plots was to give the
properties of the data under inquiry a visual illustration. In order to evaluate the quality of the
speech data, the participant's comprehension of the emotions being expressed as well as any
possible background noise was measured and detected in the voice recordings.

Table 5

The Labelling and Numerical Representation of the Sentiments

Sentiment type Labels Numerical representation
Positive PO 0
Negative NE 1
Neutral NON 2

Annotation in this dissertation refers to the process of assigning certain emotion
categories to each audio segment. Based on the file ID name and the acronyms for the various

sentiment categories, names were assigned to the audio files. The MFCC_Data_PreProcess
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function extracts the first two alphabet characters that denote the emotion type in order to
acquire the labels from the filenames. The filenames are utilised as the label after extraction.
The emotional content of the audio segments adds the labels to the "labels™ list in the data
dictionary.

Table 6

The File Name Labelling

Filenames

PO ¢ PO.wav
NE & NE.wav

NON $1¥ NON.wav

3.5 Feature Extraction

Multiple components that each communicate a distinct emotional quality make up the
speech signal. MFCC is a method that extracts important information from sound segments in
order to pinpoint important characteristics for voice analysis. MFCCs are a brief collection of
characteristics (usually in the range of 10 to 20) that describe the spectra envelope pattern of
an audio source. When calculating the MFCC characteristics, higher frequencies are
subjected to linearly diverged frequency filters and lower frequencies to logarithmically
spread frequency filters. This design mimics the low-frequency sensitivity found in the
human ear, according to the findings of (Saxena et al., 2022).

The following pictures display each audio sample's MFCC matrix calculation. They
show the raw, unedited data for each sentiment as well as the spectrogram-visualised MFCC
features. Figures 5(a) and 5(b) display, respectively, the signals for the spectrogram wave and
the neutral raw data. Figure 6 displays two signals, (a) for the raw data signal for the negative
sentiment, and (b) for the spectrogram signal. Figure 7 displays the raw data and the

spectrogram wave for positive sentiment in (a) and (b), respectively.
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3.6 Dataset Splitting

Dividing data collection into training, validation, and testing collections is one series
in the machine learning and deep learning operation. It ensures that the system will learn
from certain data, adjust its variables in another area, and then be tested in varied fields to
assess its effectiveness through this process (Scheurer et al., 2024).

1. Training Set: The model is trained using the dataset's segment, which is made up of
the training set. During training, the model finds characteristics and attributes in the data,
which helps it learn to forecast. Typically, 70-80% of the dataset is made up of the training
set.

2. Validation Set: Adjusting hyperparameters is the responsibility of the validation
set, keeping an eye on the mechanism's performance throughout the training. By providing a
dataset that was not used during the model's training process, it acts as a safeguard against
overfitting. Using data, the validation set helps choose the best-performing model based on
effectiveness. Ten to fifteen per cent of the data are often set aside for this use.

3. Testing Set: The testing set is implemented to assess the trained approach's ultimate
performance. It provides an impartial examination of the model's effectiveness with fictitious
data. Typically, the remaining 10-15% of the data are given to the testing set.

Using a 70:20:10 ratio, the Arabic corpora — either text or speech — that were gathered
for analysis were partitioned into training, validating, and testing data collection in this
dissertation. A flow chart for the training, validation, and testing data collection for the voice

and text reviews is presented in Figure 7.

3.7 Deep Learning Models
To find out how satisfied people are with the events happening in the world, it's
critical to evaluate people's thoughts about these actions. Currently, COP28 is an event

related to climate change all over the world and is a crucial event for the expression of
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opinions (“COP28 UAE - United Nations Climate Change Conference,” 2023). As such, data
from several social networking platforms were collected and analysed to guide decisions
intended to boost people’s satisfaction and loyalty. This dissertation offers deep learning
approaches designed to analyse a substantial volume of people's opinions on COP28 in
Arabic regions by assessing both the positive and negative sentiments stated in these reviews.
CNN, BI-LSTM, GRU, and hybrid CNN-BI-LSTM and GRU-BI-LSTM models were used to

compare the classification results.

Figure 7

Splitting the Dataset

ETraining Data  m Validation Data Testing Data

3.7.1 Convolution Neural Network

With regard to NLP missions, Convolution Neural Network (CNN) is considered one
of the more extensively utilised deep learning approaches, and its use yields encouraging
outcomes (Gu et al., 2018). To address sentiment analysis challenges, natural language
scholars have expressed an interest in using CNN.

A reliable deep learning mechanism for tasks, for instance, computer vision and
image identification, is CNNs. The way the brain processes visual data affects CNNSs.

According to (O’Shea and Nash, 2015), they were specifically designed for recognising
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structures and attributes in photos independently. CNNs are computational devices that
stimulate the brain's neural networks. Other people can use the three basic levels — the input,
output, and hidden layer — while certain systems just employ the layers of input and output.
Several scholars examining NLP in conjunction with sentiment analysis have been conducted
in the past few years, yielding promising findings.

CNNs are well known for their capacity to extract various feature levels from input
data. The layers grasp basic features like edges and patterns, but they also comprehend more
sophisticated features like objects and shapes. CNNs function well on issues involving image
and video identification because of their structure. It is crucial to note that training a neural
network (CNNSs) can be resource- and time-intensive and requires a significant volume of
labelled data. Furthermore, because of their image as "black boxes", it can be difficult to
understand how CNNs make their decisions (Gu et al., 2018). Consequently, attempts have
been made to provide techniques for assessing and comprehending these processes.

CNNs are algebraic equations that stimulate neural networks in the brain. The input,
output, and hidden layers are the three basic levels that can be used by some systems,
whereas others can only use the input and output layers. Several studies have looked into
NLP in conjunction with sentiment analysis in the past few years, and the findings have been
promising. The single model was outperformed by the CNN as well as LSTM strategies.
Naive Bayes, Support Vector Machines, and Maximum Entropy are examples of other
approaches whose results CNN has surpassed in many applications. CNN deployed a single
convolutional layer to represent the grammar as a collection of words (Albawi et al., 2017).

CNNs can pick up several traits from the data they receive. They begin by grasping
basic aspects like textures and edges at the levels, moving on to more intricate details like
sizes and forms at higher layers. CNNs are efficient in tasks comprising image and video

recognition due to their hierarchical structure. However, training a network can be resource-
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and time-intensive, and requires a significant amount of tagged data. It can also be difficult to
comprehend CNN's decision-making processes due to their perceived status as "black boxes"
(Choubey, 2020). Consequently, attempts have been made to generate techniques for
properly assessing and deciphering their predictions. The architecture of CNN is shown in
Figure 8.

Figure 8

The CNN Structure
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It should be mentioned, however, that CNN training demands enormous quantities of
labelled data and can be resource- and time-consuming. Furthermore, understanding the logic
underlying CNN identification may be difficult due to its classification as "black boxes"
(Hema and Garcia Marquez, 2023). As such, efforts have been undertaken to offer techniques
for the analysis and visualisation of the patterns that CNNs learn. In Figure 10, the CNN
architecture is shown.

Many hidden layers are arranged among the input levels and output stages of a CNN

(Al-Malla et al., 2022):
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Convolution: Convolution employs a series of filters to process the input images.

Each filter recognises a unique feature and turns it on or off in response to it.

Figure 9
The CNN Architecture
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Rectified Linear Units (ReLUs): ReLUs provide for faster and more efficient training
by maintaining positive values and setting negative values to zero. Simply said, "activation"
refers to the transfer of only the active attributes to the following level.

Pooling Layer: Pooling uses non-linear downsampling to simplify the output and
mitigate the total quantity of factors the network has to learn.

CNNs have become powerful tools in many Al applications, including ASR.

e Feature Extraction

CNN is very good at learning hierarchical data depiction on its own. The spectrogram
of an acoustic wave, that presents the distribution of frequencies through time, is viewed as a
picture in the field of ASR (Hema and Garcia Marquez, 2023). CNN is capable of extracting

relevant characteristics from spectrograms in an efficient manner, which allows them to
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capture important patterns that are essential for speech comprehension. A spoken signal's
spectrogram is seen in Figure 10.
Figure 10

The Spectrogram Signal
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e Temporal Dependencies

CNNs are mostly designed for spatial hierarchies, but they can also be used to manage
the necessary temporal dependencies in sound identification through methods like 1D
convolutions or CNNs combined with Recurrent Neural Networks (RNNs) (Choubey, 2020).
Voice signals can be accurately represented by CNNs in terms of both the frequency content
and temporal patterns.

Through the extraction of consistent sound information representations, CNNs
develop the robustness of ASR systems. These systems are very useful for real-world-use
situations since they can handle pronunciation, accent, and background noise variations.

CNNs are mostly designed for spatial hierarchies, but they can also be used to manage
the necessary temporal dependencies in sound identification through methods like 1D
convolutions, or CNNs combined with RNNs voice signals can be accurately represented by
CNNs in terms of both the frequency content and temporal patterns through the extraction of

consistent sound information representations (CNNs) to develop the robustness of ASR
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systems (Choubey, 2020). These systems are very useful for real-world-use situations since
they can handle pronunciation accents and background noise variations.
3.7.2 Bidirectional Long Short-Term Memory

The acronym for Long Short-Term Memory basically is LSTM. The LSTM network
and its unit cell must first be understood to comprehend how Bidirectional Long Short-Term
Memory (BI-LSTM) functions. According to their article (Hochreiter and Schmidhuber,
1997). The most often utilised neural networks are recurrent ones. The enhanced ability of
RNNs to process sequence input is well known. Nonetheless, there are times when it's also
required to preserve the outcomes of earlier data.

e BI-LSTM

Two LSTM layers make up a BI-LSTM, which is a type of series method. Whereas
the other LSTM layer processes the input backwards, the first layer processes it forwards.
NLP-related professions frequently use it. The rationale beyond this approach lies in the
potential for the enhanced comprehension of sequential data by analysing the input data. This
method aims to deepen the understanding of the interdependencies within a series, such as
grasping the context provided by words preceding and following a given phrase (Schuster
and Paliwal, 1997). Bidirectional LSTM systems function by receiving the training series in
both forward and backward directions from two diverse LSTM systems that are attached to
the same output level.

To be clear, both forward and backward orientations are used to encode the sequence.
For every time stride, this entails concatenating the output from the front and backward
LSTM. Words before and following it are now understood by the encoded representation of
that word. To process the sequence in both the forward and backward directions, two
unidirectional LSTMs are combined to form the bidirectional LSTM architecture. With two

distinct LSTM networks, each with a distinct purpose, this design combines them. The token
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sequence is processed by one LSTM network in the series order that it was originally
intended, and by another LSTM network in the opposite order (Zhang et al., 2015). Both of
the probability vectors that are generated as output are added at the end of each of these

LSTM networks.

pe=pl + P!
(1)

where p: is the final probability vector of the network

ptf : The probability vector of the front LSTM system

p?: The probability vector of the rearwards LSTM system

Figure 11 illustrates the fundamental architecture of the BI-LSTM, where the LSTM
nodes A and A', input token Xi, and output token Y are represented. Both the A and A’
LSTM nodes make up Yi's final output (Zerari et al., 2019).

Next, we will explore building a review scheme in Python that leverages the Bl-
LSTM layers, utilising the TensorFlow framework. Initially, we will establish the system and
train it to specify whether the feedback expresses negative, positive, or neutral sentiments.
Figure 11

The BI-LSTM Architecture
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BI-LSTM systems have shown noticeable effectiveness in tasks involving sequences,
making them highly suitable for ASR, the process of converting verbal linguistics into
scripted text. This efficacy stems from their capabilities to capture both preceding and
subsequent context, advancing the function of ASR systems (Zerari et al., 2019). As an
extension of traditional LSTMs, BI-LSTMs excel in capturing long-term dependencies within
series data.

The BI-LSTM algorithm comprises two LSTM layers: one processes the input
sequence in the front direction, while the other processes it in reverse. This bidirectional
architecture enables the network to capture dependencies in both forward and backward
directions, leading to a more extensive conception of the series data (Zhang et al., 2015).

In the domain of ASR, BI-LSTM networks have become a foundational element, as
they adeptly gather contextual data, thereby enhancing the model's ability to transcribe
spoken English accurately. The bidirectional flow of data in BI-LSTM proves invaluable for
representing the intricate patterns of speech accurately.

3.7.3 Gated Recurrent Unit

LSTM networks can be substituted with GRUs. This particular kind of RNN was first
described by (Gao and Glowacka, 2016). As LSTM, the GRU can handle textual, acoustic,
and sequential information, including time-series data.

The basis for the GRU's operation is the elective alteration of the network's hidden
level through the gating technique at each time step. To control the stream of data entering
and exiting the network, gating mechanisms are used. Two gating mechanisms make up the
GRU: the reset gate and the update gate (Irie et al., 2016).

Another kind of RNS with memory cells is called a GRU. They have a simpler cell

design than LSTM, although they are similar. Although it lacks of an output gate and has
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fewer variables, the GRU likewise utilises a gating technique to organise the data stream
through cell state.

A particular GRU single-cell structure is depicted in Figure 15. It has two gates: an
update gate (z) and a reset gate (r). The update gate chooses the amount of prior memory to
retain; meanwhile, the reset gateway guides the flow of new input into the preceding
memory. The prior hidden state (h in Figure 12) is immediately attached to the reset gate
when comparing the GRU with LSTM. The update gate is made up of the entrance and forget
gates. The way the memory data are exposed differs as well. Because GRUs lack an exit gate,
all of their memory data are visible; however, in LSTM, the memory data can be accessed or
used by other units or cells in the output gate that controls the network (Chung et al., 2014).

The GRU output computations make use of the following equations:

Reset gate: re = sigm (Wxr x¢ + Whr he—1 + br) (2
Update gate: ze = sigm (Waxz xe+ Whzhe-1+ bz) 3)
Candidate hidden state: he = tanh (Wxnxe+ Wan (re © he-1) + br) 4)
Hidden state: he=2zt@ he-1+ (1 —2¢) © he (5)

In Egs. 2 through 5, xt, A¢, rt, and z:stand for the input, output, reset, and update
gates, correspondingly. The W parameters all represent weighting matrices, whereas the b
variables represent biases. The hyperbolic tangent (tan IT) function, sigmoid function (sigm),
and LSTM activation functions are all employed.

Both GRU and LSTM cells have a gating mechanism that makes them ideal for long-
term dependence. Both of these cells were tested by (Bahdanau et al., 2016) for the machine
translation task. Their initial testing demonstrated the comparability of the GRU and LSTM.
Using datasets such as raw speech signal data and polyphonic music data,(Chung et al., 2014)

evaluated LSTM and GRU cells in the sequence modelling task. LSTM and GRU networks
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both performed well, but it was impossible to determine which one was superior. These trials
gave me the idea to combine GRU and LSTM in this study's performance evaluation for the
voice recognition problem.

Figure 12

The Structure of a Single Cell of the GRU
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3.7.4 The Hybrid Convolution Neural Network-Bidirectional Long Short-Term Memory
Approach

The CNN-BI-LSTM mechanism makes use of both CNN's capacity for spatial feature
extraction and the temporal dependencies of BI-LSTM (Mishra et al., 2023). As CNN inputs
into BI-LSTM, parsed phrases and documents are converted into numerical information that
neural networks can understand. CNN-BI-LSTM models combine spatial feature
representations by scanning input data for convolutional feature extraction and improving
sequential modelling accuracy using one-dimensional filters or kernels. CNNs and BI-
LSTMs handle sequential input and extract features by performing convolutional operations

across sequential dimensions. Convolutional layer feature maps are reduced by the pooling
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layer, and temporal and spatial representations are further refined by fully linked layers.
Because of their adaptability and ability to extract spatial data from input data, CNN-BI-
LSTM architectures are a good fit for tasks including text classification, sentiment analysis,
and video analysis.

The CNN component, which is renowned for its capacity to extract spatial
characteristics, analyses voice sound spectrogram representations concurrently. CNNs are
able to capture particular patterns within a given locality, which enhances the model's
capacity to discern relevant audio features (Mishra et al., 2023). When these two
architectures are combined, a hybrid model is produced that is very good at learning intricate
temporal and spatial representations, which are necessary for ASR. The CNN-BI-LSTM
architecture for ASR is shown in Figure 13.

e CNN-BI-LSTM Performance in ASR

Figure 13

The CNN-BI-LSTM Architecture
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The CNN-Bi-LSTM model requires multiple stages to operate in ASR. First, the
model receives acoustic waveforms and transforms them into representations of
spectrograms. After that, the CNN component extracts spatial features, highlighting

significant patterns in the spectrogram. The BI-LSTM component simultaneously records
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contextual data and long-term dependencies. The final layers of the algorithm effectively
convert verbal linguistics into text by merging these collected attributes with a forecast of the
matching transcription (Mishra et al., 2023).

Because it is more accurate and resilient than traditional models, the CNN-BI-LSTM
hybrid model is crucial for ASR applications. The intricate nature of spoken language aligns
with the ability to effectively capture both spatial and time-based properties. The
aforementioned characteristic makes it extremely advantageous in an extensive array of uses,
including voice assistants, transcription services, and speech-activated devices (Mishra et al.,
2023).

In summary, a major advancement in the field of automatic speech recognition is the
CNN-BI-LSTM hybrid model. This model shows how well bidirectional long short-term
memory and Convolutional Neural Network architectures may be combined to meet spoken
language issues. As voice recognition technology advances, the CNN-BI-LSTM model offers
more accuracy and versatility.

3.7.5 Hybrid Gated Recurrent Units -Bidirectional -Long Short-Term Memory

In the realm of ASR, the Gated Recurrent Units -Bidirectional -Long Short-Term
Memory GRU-BI-LSTM algorithm is a novel design that combines the benefits of BI-LSTM
systems and GRUs. This study investigates the design, functionality, and important impact of
the GRU-BI-LSTM model on developing the accuracy and functionality of the ASR method
(Vashisht et al., 2024).

e The GRU-BI-LSTM Approach Structure

GRUs and BI-LSTMs are two powerful variants of RNNs combined in the GRU-BI-
LSTM model. Each GRU unit has reset and update gates that determine what data should be
updated and what should be forgotten. Simultaneously, the forward and backward

orientations of input sequences are analysed by the BI-LSTM, an improved variant of the



50

traditional LSTM. The GRU-BI-LSTM architecture's hierarchical structure and connections
are shown in Figure 14.

RNNs with memory cells also come in the form of GRUs. Although their cell design
is simpler, they are comparable to the LSTM. In addition to having fewer variables and no
output gate, the GRU also has a gating mechanism to regulate the data stream through the cell
state.

Figure 14

The GRU-BI-LSTM Structure
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contextual data and serial dependencies inside acoustic signals. The first stage in the ASR
pipeline is to transform raw audio inputs into spectrogram representations. The input of the
GRU-BI-LSTM model is these representations. The BI-LSTM evaluates the sequential
context both forward and backwards, but the GRU units in the model are capable of
selectively remembering or forgetting data. The model dynamically adjusts to variations in
speech patterns, improving the transcription accuracy (Munir et al., 2021).
3.8 Evaluation Report

Measures including the accuracy, precision, recall, and F1 score are frequently
applied to assess a classification mechanism's efficacy. According to (Naidu et al., 2023),

these metrics are categorisation-pertinent for assessing models that forecast binary results,
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such as identifying between spam and non-spam, fraud and non-fraud, or positive and
negative.

Accuracy is a fundamental and often used measure that calculates the ratio of
accurately predicted occurrences to the whole dataset. It functions as a metric of the model's
ability to accurately classify occurrences into their assigned categories. Generally speaking,
the accuracy statistic counts the proportion of accurate forecasts to all instances assessed
(Naidu et al., 2023).

The accuracy is calculated using Eq. 6:
Accuracy = (true positives + true negatives) / (true positives + false positives + true

negatives + false negatives)

TN+TP (6)

Accuracy = ————
y TN+FP+TP+FN

Precision is a formula that assesses the percentage of accurately predicted positive
situations in all cases that the mechanism predicts to be positive (Naidu et al., 2023). The
term "signifies" refers to the model's predictive accuracy in positive circumstances, that is
ascertained by using a particular application of Eq. 7:

Precision = true positives / (true positives + false positives)

Precision (P) = TPTfFP (7)

Recall is an alternative scale called recall that counts the percentage of correctly
recognised positive conditions relative to all positive examples in the collection. The metric,
which is calculated using Eq. 8, assesses how well the model detects positive cases (Naidu et
al., 2023).

Recall = true positives / (true positives + false negatives)
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TP
TP+FN

Recall (R) =
(8)

The f1 score achieves an equilibrium amidst the two metrics and is computed as the
harmonic mean of accuracy and recall. Recall and accuracy are both very significant (Naidu
et al., 2023). Eq. 9 computes the f1 score:

F1 score =2 (precision recall) / (precision + recall)

*P*R

T ©)

F1 — score =

The Confusion Matrix is a computational statistical evaluator where the accuracy of
classification techniques could be assessed using known as a confusion matrix, which is
made up of false positive, true positive, false negative, and true negative. In order to assess
the accuracy and performance of a machine-learning classifier on a multi-label classification
dataset, the confusion matrix is additionally represented in a table that might be made (Gaye

and Wulamu, 2019).

Key Components:

1. True Positives (TP): Situations where the model accurately predicts the Positive
class.

2. True Negatives (TN): Situations where the model accurately predicts the absence of
the Positive class.

3. False Positives (FP): Also known as Type I mistakes, occur when the model
predicts the Positive class incorrectly.

4. False Negatives (FN): Also known as Type Il mistakes, are cases where the model
predicts the Negative class incorrectly.

Binary classification: Table 7 illustrates the configuration of the confusion matrix for

polarity classification (Gaye and Wulamu, 2019).



Table 7

Confusion Matrix Polarity Categorisation

Predicted positive Predicted negative
Actual positive True positives False negatives
Actual negative False positives True negatives

3.9 Summary

This chapter outlines the techniques utilised in detail. It explains the steps taken to
collect and analyse data, such as extracting features, dividing the data, and adding
annotations. Moreover, various deep learning structures are discussed in this chapter,
including networks CNNs BI-LSTM, and hybrid CNN-BI-LSTM approaches. The chapter

wraps up with an explanation of the assessment criteria applied in the dissertation.
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Chapter 4: Implementation and Experiment
4.1 Deployment Environment

Making the appropriate platform choice for the sound recognition system progression
is mandatory due to the suggested mechanism's application calls for the use of a variety of
tools and concepts. These are the libraries and tools used during implementation:

TensorFlow is considered a Google Brain-developed, open-source framework for
machine learning that supports the creation and deployment of learning models on platforms.
It comes with user APIs like Keras for easy model development and advanced APIs for added
flexibility.

PyTorch, created by Facebook's Al Research Lab, is another source deep learning
framework known for its dynamic computational graph and intuitive interface. It is widely
used in research and production environments, offering an effective platform for constructing
networks.

Keras, originally an independent project, Keras has now been integrated into
TensorFlow as its high-level API. Keras simplifies the process of building networks with
coding and is commonly used for quick prototyping and experimentation.

Scikit learns, is primarily recognised for machine learning algorithms, it also includes
tools for network models such as multi-layer perceptron and deep belief networks. It is a
choice for tasks like data preparation, model assessment, and ensemble learning.

Librosa is a Python package for music and audio analysis. It provides a wide range of
functionalities for tasks such as loading audio files, extracting features from audio signals,
and performing various audio processing tasks. Librosa is particularly useful for tasks related
to audio signal processing, music information retrieval, and machine learning on audio data.

Google Colab (short for Google Colaboratory) is a cloud-based platform provided by

Google that offers free access to GPU and TPU resources for running Python code. It is built
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on top of Jupyter Notebooks and allows users to write and execute Python code in a web-
based environment. Colab is widely used for various data science and machine learning tasks,
as it provides a convenient way to run code, visualise data, and collaborate with others
without requiring any setup or installation.

The Colab platform runs on an Ubuntu 17.10 64-bit system, powered via an
undisclosed Intel Xeon processor with two cores operating at 2.3 GHz. It boasts a total of 13
GB RAM. Additionally, it is equipped with an NVIDIA Tesla K80, housing a GK210
chipset, 8 GB of RAM, and 2496 CUDA cores clocked at 560 MHz (Carneiro et al., 2018).
The proposed model will be executed on Colab, leveraging its cost-free Jupyter Notebook
interface.

4.2 Experimental Architecture
4.2.1 Gathering and Preparing the Dataset

The Arabic voice emotion recognition dataset's integrity and trustworthiness were
ensured by the study's accurate data collection and formatting process. This section provides
a brief synopsis of the procedures used to gather and prepare the data.

e Data Gathering

The method of obtaining Arabic audio comments for COP28 involved gathering
information from multiple websites, including YouTube and Instagram web pages. The
procedure of obtaining reviews was methodical, with the goal of obtaining a wide range of
reviews from these platforms. This technique guaranteed the inclusivity of the dataset by
encompassing a wide range of sentiment analysis and emotional categories. (Please refer to
section 3.1 for more details.)

e Preprocessing of the Data
One core step in preparing data for analytical and machine learning projects is data

preparation. This procedure comprises transforming unprocessed, raw data into a format that
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is standardised, structured, and refined — perfect for efficient algorithmic use. This initial
phase greatly improves the quality and accuracy of the analytical outcomes. After the raw
data were gathered, a series of preprocessing steps were taken to prepare it for investigation
and classification, as explained in section 3.3.
4.2.2  Models Utilised in Arabic Speech Recognition

Strong DL structures and CNNs are frequently implemented for applications like
acoustic classification. A CNN's functionality is greatly impacted by its hyperparameters,
which are configurations that specify the design and operation of the system. The
hyperparameters used in this investigation except for the CNN mechanism in the ASR with
COP28 as a special case study dataset are displayed in Table 8 which follows.

e CNN

There are several hyperparameters used in building and compiling the Convolutional
Neural Network CNN model. Hyperparameters are parameters whose values are set before
the training process begins and influence the model's architecture and behaviour. Table 8
below demonstrates the hyperparameters in CNN.

Table 8

The Hyperparameter Setup for the CNN Model

Layer Hyperparameter Value
Number of filters 128
Kernel size 3
Convolutional Layer
Activation function RelLU
Padding 'same’

This layer performs a global max pooling operation over the entire
MaxPooling1D Layer sequence
pool_size 2

Dense Layer (Hidden Layer) ~ Number of units 128
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Activation function RelLU
Dropout Layer Dropout rate 0.2
Number of units 128
Dense Layer (Hidden Layer)
Activation function ReLU
Number of units 3
Dense Layer (Output Layer)
Activation function Softmax
epochs 100
batch_size 512

Below is a break down for each layer in the provided model:
1. ConvlD Layer:
- This layer performs one-dimensional convolution over the input sequence.
- "Conv1D(128, kernel_size=3, activation="ReLU’, input_shape=(X.shape[1], 1))
- It has 128 filters, each of size 3.
- The activation function used is ReLU.
- The input shape is "(X.shape[1], 1), where “X.shape[1] represents the length of
the input sequence, and "1 indicates the input dimensionality (1 channel in this case).
2. MaxPooling1D Layer:
- This layer performs one-dimensional max pooling over the output of the
convolutional layer.
- "MaxPooling1D(pool_size=2)"
- It reduces the spatial dimensions of the input by taking the maximum value within
a window of size 2.
3. Flatten Layer:
- This layer flattens the output of the previous layer into a one-dimensional array.
- "Flatten()
- It prepares the data for input into the fully connected layers by converting the

multi-dimensional output into a flat vector.



4. Dense Layers:

- These are fully connected layers that perform operations on the flattened input.

- "Dense (128, activation= ReL.U)" followed by "Dense(128, activation= ReLU)

- Both layers have 128 neurons and use the ReL.U activation function.

- They allow the network to learn complex patterns from the flattened input data.

5. Dropout Layers:

- These layers introduce dropout regularisation to prevent overfitting.

- "Dropout (0.2)" followed by "Dropout(0.2)"

- A dropout rate of 0.2 means that 20% of the input units will be randomly set to
zero during training, helping to prevent the network from relying too much on specific
activations and improving its generalisation ability.

6. Output Layer (Dense):

- This layer produces the final output of the network.

- "Dense(3, activation="softmax’)’

- It has 3 neurons, corresponding to the number of output classes in the
classification task.

- The activation function used is softmax, which converts the output scores into

probabilities, making it suitable for multi-class classification problems.

58

These layers collectively define the architecture of the CNN model, from processing

the input data to producing the final predictions. Each layer performs specific operations that

contribute to the overall functionality and learning capabilities of the network.

e BI-LSTM

In this dissertation, a BI-LSTM model is identified utilising the sequential API of the

Keras. Table 9's model architecture and hyperparameters are explained as follows:
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The Hyperparameters' Setup of the BI-LSTM
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Layer

Hyperparameter

Value

BI-LSTM Layer

Dense Layer (Hidden

Layer)

Dropout Layer

Dense Layer (Hidden

Layer)

Dense Layer (Output

Layer)

The number of utilised units

Return sequence

The number of used units

The type of activation function

The number of the dropout rate

The number of used units

The type of activation function utilised
The number of applied units

The type of activation function applied
The number of epochs

The size of the applied batch

40
True (for the first BI-LSTM
layer)

123

RelL,U

0.2

32

RelLU

3
Softmax
100

512

The Model Architecture:

1. BI- LSTM Layer:

- This layer contains a Bidirectional Long Short-Term Memory (LSTM) unit.

-~ (BI-LSTM(123, input_shape=(40, 1)))

- The LSTM layer has 123 units.

- It processes sequences bidirectionally, allowing the model to capture dependencies

in both forward and backward directions.

- The input shape is "(40, 1), indicating a sequence length of 40 and an input

dimensionality of 1.

2. Dense Layers:

- Two dense layers follow the Bidirectional LSTM layer.
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- "Dense(128, activation= ReL.U)" followed by "Dense(32, activation= ReLU)"
- The first dense layer has 128 neurons, and the second dense layer has 32 neurons.
- Both layers use the ReL.U activation function to introduce non-linearity into the
model.
3. Dropout Layers:
- Two dropout layers are used for regularisation to prevent overfitting.
- "Dropout(0.2)" followed by "Dropout(0.2)"
- A dropout rate of 0.2 means that 20% of the input units will be randomly set to
zero during training.
4. Output Layer (Dense):
- The final dense layer produces the output of the model.
- "Dense(6, activation="softmax’)’
- It has 6 neurons, representing the number of output classes in the classification
task.
- The activation function used is softmax, which converts the output scores into
probabilities.
The Hyperparameters Setup:
- Loss Function:
- The model is compiled with a 'categorical_crossentropy' loss function, suitable for
multi-class classification tasks where there are more than two classes.
- Optimiser:
- The 'Adam' optimiser is used for optimising the model's weights during training.
Adam is an adaptive learning rate optimisation algorithm that is well-suited for most deep
learning tasks.

- Metrics:
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- The model is evaluated based on ‘accuracy' during training.
- Training Parameters:
- “validation_split=0.2": 20% of the training data is used as validation data for
monitoring the model's performance during training.
- "epochs=100": The model is trained for 100 epochs, iterating over the entire dataset
100 times.
- "batch_size=512": The number of samples per gradient update. The training data
are divided into batches of size 512 for each training iteration.
- “shuffle=True: The training data are shuffled before each epoch to introduce
randomness and prevent the model from memorising the order of the training samples.
### Training and Evaluation:
- Training:
- The model is trained using the “fit" method on the training data "X and one-hot
encoded label 'y _one_hot".
- Evaluation:
- After training, the model's predictions are evaluated by computing the predicted
classes and comparing them against the true classes to calculate the accuracy.
e GRU
A certain sort of RNN design known as the GRU seeks to solve the vanishing gradient
problem, which is one of the limitations of traditional RNNs. GRUs were developed (Chung
et al., 2014) and used gating approaches to reset and refresh data in a selective manner. They
are especially good at capturing long-term associations in serial data because of this property.
The hyperparameters implemented in the GRU approach for the Arabic speech

recognition datasets are displayed in Table 10 below.
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Table 10

GRU Hyperparameters

Hyperparameters Value

The number of GRU units 225

The utilised activation function tanh

The utilised dropout rate 0.2

The applied optimiser adam

The implemented learning rate 0.001

The utilised batch size 512

Number of epochs 100

The utilised loss function sparse_categorical_crossentropy

A GRU model is built and compiled for a classification task. Let us break down the
hyperparameters used in this model:
1. GRU Layer:

- Units: 256 - This specifies the dimensionality of the output space (i.e., the number
of units in the GRU layer).

- Input shape: “(X.shape[1], 1) - This defines the shape of the input data. Here,
“X.shape[1] represents the number of time steps in the input sequence, and "1" signifies that
each time step has a single feature.

2. Dense Layers:

- Two dense layers with 128 units each and ReLLU activation are added after the

GRU layer. These layers help in learning complex patterns in the data.

3. Dropout Layers:
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- Dropout layers with a dropout rate of 0.2 are inserted after each dense layer.
Dropout is a regularisation technique used to prevent overfitting by randomly dropping a
fraction of units (0.2 in this case) during training.

4, Output Layer:

- A dense layer with 3 units and softmax activation is added as the output layer.
This layer produces the final output probabilities for each class.

5. Compilation:

- Loss function: Categorical Crossentropy - This is the loss function used to
compute the model's loss during training. It is suitable for multi-class classification tasks.

- Optimiser: Adam - The Adam optimiser is used to optimise the model's weights
during training.

- Metrics: Accuracy - Accuracy is chosen as the metric to evaluate the performance
of the model during training.

6. Training:

- Training data ("X, "'y_one_hot’) is used to train the model.

- Validation split: 0.2-20% of the training data are used as validation data to
monitor the model's performance during training.

- Epochs: 100 - The number of epochs determines how many times the entire
training dataset is passed forward and backwards through the neural network.

- Batch size: 512 - The number of samples processed before the model's weights are
updated.

Overall, these hyperparameters configure the architecture and training process of the
GRU model for the given classification task. Adjusting these hyperparameters can have a

significant impact on the model's performance and training dynamics.



e CNN-BI-LSTM

CNN-BI-LSTM is a powerful DL architecture often used for image and text
categorisation problems. A CNN's performance is significantly influenced by its

hyperparameters, which are configurations that determine the structure and operation of the
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network. The hyperparameters implemented in the CNN-BI-LSTM approach for the Arabic

speech recognition datasets are displayed in Table 11 below.

Table 11

The CNN-BI-LSTM Hyperparameters

Layer Hyper-parameter Value

The number of applied filters 128

The kernel size implemented 3
Convolutional Layer

The type of activation function utilised ReLU

The type of padding 'same’
GlobalMaxPooling1D

The pool size applied 3
Layer
Bidirectional LSTM The number of units implemented 123
Layers Return sequences True
Dense Layer (Hidden The number of units applied 128
Layer) The type of activation function applied ReLU
Dropout Layer Dropout rate 0.2

Number of units 256
Flatten Layer

Activation function ReLU
Dense Layer (Output Number of units 3
Layer) Activation function Softmax

The number of epochs 100

batch_size 512
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This model represents the construction and training of a CNN followed by a BI-
LSTM model using Keras with a TensorFlow backend. Let us break down the components
and hyperparameters involved:
1. CNN Layers:
- Conv1D: A one-dimensional convolutional layer with 128 filters, a kernel size of
3, and ReLU activation function. It takes input sequences of shape (‘sequence_length’, 1).
- MaxPooling1D: A max-pooling layer with a pool size of 3.
2. BI-LSTM Layer:
- Bidirectional: This wrapper creates a Bl- LSTM layer with 123 units. Bidirectional
LSTM processes the input sequence in both forward and backward directions, which can
capture information from both past and future contexts.
3. Dense Layers:
- Dense: A fully connected layer with 128 units and ReL.U activation function.
- Dropout: A regularisation technique that randomly drops a fraction of input units
during training to prevent overfitting. In this case, the dropout rate is set to 0.2.
- Another dense layer with 256 units and ReL.U activation followed by a dropout
layer with a dropout rate of 0.2.
- Final dense layer with 3 units and softmax activation for multi-class classification.
This layer outputs the probabilities of each class.
4. Custom Learning Rate:
- The custom learning rate is set to 0.0001.
5. Compilation:
- Loss Function: Categorical crossentropy is chosen as the loss function since it is
commonly used for multi-class classification tasks.

- Optimiser: The Adam optimiser is used with default parameters.
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- Metrics: Accuracy is used as the evaluation metric.

6. Training:

- Training Data: "X represents the input data, and "y_one_hot" represents the one-

hot encoded target labels.

- Validation Split: 20% of the training data are used as validation data.

- Epochs: The model is trained for 100 epochs.

- Batch Size: Training is performed in mini-batches of size 512.

- Shuffle: The training data are shuffled before each epoch.

After training, the training history is stored in the "history™ variable, which can be

used to visualise training and validation metrics like accuracy over epochs.

e GRU-BI-LSTM

BI-LSTM layers and GRU layers are integrated into the GRU-BI-LSTM hybrid

approach. Capturing serial links and patterns in data is the aim of this design. The BI-LSTM

and GRU layers function together to extract and represent short-term and long-term

relationships from serialised data.

Table 12 illustrates the hyperparameters of the GRU-BI-LSTM hybrid model.

Table 12

The Hyperparameters of the GRU-BI-LSTM Hybrid Model

Hyperparameters Value
Number of units in  gru_units 64
the GRU layer

Number of unitsin  Istm_units 64
the BI-LSTM layer

Data about the Conv_Filters 64
convolutional layers convolutional kernel size (3,3)
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activation function ReLU
pool size (2,2
Data about the dense number of LSTM units 64
layer dense_units 256
dropout 0.2
Type of utilised optimiser Adam
optimiser learning rate 0.0001
batch size 512
epochs 100

The GRU-BI-LSTM hybrid approach has the following hyperparameters that are
described as follows:
1. GRU Units:
- The first layer is a GRU layer with 64 units.
- GRU is a type of RNN that is effective in capturing long-range dependencies in
sequential data.
2. Return Sequences:
- ‘return_sequences=True" indicates that the GRU layer should return sequences
instead of just the last output.
3. Input Shape:
- "input_shape=(X.shape[1], 1) specifies the shape of the input data.
- "X.shape[1] represents the number of time steps in the input sequence, and "1°
indicates that each time step has only one feature.
4. Bidirectional LSTM:
- The output of the GRU layer is passed to a Bl- LSTM layer with 123 units.
- Bidirectional LSTM processes the input sequence in both forward and backward

directions, which can capture information from both past and future contexts.
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5. Dense Layers:
- Two dense layers with 128 and 64 units, respectively, followed by ReL U
activation functions.
- ReLU is a popular activation function that introduces non-linearity to the model.
6. Dropout:
- Two dropout layers with a dropout rate of 0.2 are added after the dense layers.
- Dropout is a regularisation technique used to prevent overfitting by randomly
dropping a fraction of input units during training.
7. Output Layer:
- The final dense layer consists of 3 units with a softmax activation function.
- Softmax activation is commonly used in multi-class classification problems to
convert raw predictions into probabilities.
8. Compilation:
- The model is compiled with categorical crossentropy loss, which is suitable for
multi-class classification tasks.
- The Adam optimiser is used for optimisation, which is an adaptive learning rate
optimisation algorithm.
9. Metrics:
- The model is evaluated based on accuracy during training.
10. Training Parameters:
- “validation_split=0.2" specifies that 20% of the training data will be used for
validation during training.
- “epochs=100" indicates the number of times the entire dataset will be passed

forward and backwards through the neural network.
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- "batch_size=512" defines the number of samples that will be propagated through
the network before updating the model's parameters.

- “shuffle=True" indicates that the training data will be shuffled before each epoch
to introduce randomness and prevent the model from memorising the order of the data.
4.3 Results and Discussion

Investigating COP28 for Arabic speech recognition utilising a range of models
including CNN, BI-LSTM, GRU, and hybrid combinations like CNN-BI-LSTM and GRU-
BI-LSTM provides valuable insights into the performance and efficacy of these models
within the distinct context of the field.

Table 11 and Figure 18 illustrate the BI-LSTM performance examining COP28 for
Arabic speech recognition.

The table presents the evaluation results for the COP28 Reviews dataset across
different classes, including Negative, Positive, and Neutral. Each class is assessed based on
precision, recall, and F1-score metrics.

Table 13

The Performance of BI-LSTM

Dataset Classes Precision % Recall % F1-score %
Negative 73 98 83
COP28 Reviews Positive 100 89 93

Neutral 76 100 86
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The Performance of the BI-LSTM
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For the Negative class:

- Precision is 73%, indicating that among the instances predicted as negative, 73%
were correctly classified.

- Recall is 98%, suggesting that among all the actual negative instances, 98% were
correctly identified by the model.

- The F1-score is 83%, which is the harmonic mean of precision and recall,
representing the balance between them.

For the Positive class:

- Precision is 100%, indicating that all instances predicted as positive were indeed
positive.

- Recall is 89%, implying that 89% of the actual positive instances were correctly
classified by the model.

- The F1-score is 93%, reflecting the overall performance in terms of precision and
recall.

For the Neutral class:

70
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- Precision is 76%, indicating that 76% of the instances predicted as neutral were
indeed neutral.

- Recall is 100%, suggesting that all actual neutral instances were correctly identified
by the model.

- The F1-score is 86%, representing the balance between precision and recall for the
Neutral class.

Overall, these results provide insights into the performance of the model across
different classes in the COP28 Reviews dataset, highlighting the strengths and areas for
improvement in classification accuracy.

The confusion matrix in Figure 19 presents the classification results for the BI-LSTM
performance.

Figure 16

The Confusion Matrix for the BI-LSTM
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Here is an interpretation of the confusion matrix:

For the Negative class:

170 instances of the first class were correctly classified as the first class (True
Negatives).

4 instances of the first class were misclassified as the second class (False Positives).

0 instances of the first class were misclassified as the third class (False Positives).

For the Neutral class:

1 instance of the second class was misclassified as the first class (False Negatives).

1,567 instances of the second class were correctly classified as the second class (True
Positives).

1 instance of the second class was misclassified as the third class (False Positives).

For the Positive class:

63 instances of the third class were misclassified as the first class (False Negatives).

488 instances of the third class were misclassified as the second class (False
Negatives).

3,450 instances of the third class were correctly classified as the third class (True
Positives).

Each row represents the actual class, while each column represents the predicted
class. The diagonal elements represent correctly classified instances, while the off-diagonal
elements represent misclassifications. This matrix provides a detailed overview of the
model's performance across different classes, enabling further analysis and potential
improvements.

Table 14 and Figure 17 illustrate the CNN performance examining COP28 for Arabic

speech recognition.
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Table 14

The CNN Performance

Dataset Classes Precision % Recall % F1-score %
Negative 82 99 90
COP28 Reviews Positive 78 100 88
Neutral 100 88 94
Figure 17

The CNN Performance
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The provided table summarises the evaluation results for the COP28 Reviews dataset
across three distinct classes: Negative, Positive, and Neutral. Each class is assessed based on
key metrics including precision, recall, and F1-score.

For the Negative class:

- The precision is 82%, indicating that among instances predicted as negative, 82%
were correctly classified.

- The recall is 99%, signifying that the model correctly identified 99% of the actual

negative instances.
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- The F1-score stands at 90%, reflecting the balance between precision and recall for
the Negative class.

For the Positive class:

- The precision is 78%, suggesting that 78% of the instances predicted as positive
were indeed positive.

- The recall is 100%, indicating that all actual positive instances were correctly
classified by the model.

- The F1-score is 88%, representing the overall performance in terms of precision and
recall for the Positive class.

For the Neutral class:

- The precision is 100%, implying that all instances predicted as neutral were indeed
neutral.

- The recall is 88%, indicating that 88% of the actual neutral instances were correctly
identified by the model.

- The F1-score is 94%, highlighting the balance between precision and recall for the
Neutral class.

These results offer valuable insights into the model's performance across different
classes within the COP28 Reviews dataset, demonstrating its ability to effectively classify
instances into their respective categories.

The confusion matrix in Figure 18 presents the classification results for the CNN
performance.

From the figure, each row represents the actual class, while each column represents
the predicted class. Below is an explanation of the results obtained from the confusion

matrix:
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For the Negative class, 172 reviews were correctly classified as negative, 2 were
incorrectly classified as neutral, and none were classified as positive.

For the Neutral class, 1,568 samples were correctly classified as neutral, while 0 was
incorrectly classified as negative, and 1 was incorrectly classified as positive.

For the Positive class, 3,426 samples were correctly classified as positive, while 37
were incorrectly classified as negative, and 438 were incorrectly classified as neutral.
Figure 18

The Confusion Matrix for the CNN Model
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Table 15 and Figure 19 illustrate the GRU performance examining COP28 for Arabic
speech recognition.

The provided table and figure present the evaluation metrics for the COP28 Reviews
dataset across three distinct classes: Negative, Positive, and Neutral. These metrics, including
precision, recall, and F1-score, offer valuable insights into the performance of the

classification model.
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Table 15

The GRU Performance

Dataset Classes Precision % Recall % F1-score %
Negative 96 90 97

COP28 Reviews Positive 100 91 95
Neutral 82 100 90

Figure 19

The GRU Performance
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For the Negative class:

- Precision is 96%, indicating that among the instances predicted as negative, 96%
were correctly classified.

- Recall is 90%, suggesting that the model correctly identified 90% of the actual
negative instances.

- The F1-score, the harmonic mean of precision and recall, is 97%, representing a
balanced performance in capturing both precision and recall for the Negative class.

For the Positive class:
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- Precision is 100%, implying that all instances predicted as positive were indeed
positive.

- Recall is 91%, indicating that 91% of the actual positive instances were correctly
classified by the model.

- The F1-score is 95%, reflecting the overall effectiveness of the model in achieving a
balance between precision and recall for the Positive class.

For the Neutral class:

- Precision is 82%, suggesting that 82% of the instances predicted as neutral were
indeed neutral.

- Recall is 100%, demonstrating that the model correctly identified all actual neutral
instances.

- The F1-score is 90%, highlighting the balance between precision and recall for the
Neutral class.

These results provide a comprehensive overview of the model's performance across
different classes within the COP28 Reviews dataset, showcasing its ability to accurately
classify instances into their respective categories while maintaining a balance between
precision and recall.

The provided confusion matrix as in Figure 20, offers a detailed representation of the
classification performance of a model across multiple classes. Each row of the matrix
corresponds to the actual class, while each column represents the predicted class.

Here's a breakdown of the confusion matrix:

- In the first row (for the Negative class):

- 172 reviews of the first class were correctly classified as the first class (True
Negatives).

- 2 reviews of the first class were misclassified as the second class (False Positives).
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- 0 reviews of the first class were misclassified as the third class (False Positives).
- In the second row (for the Neutral class):
- 0 reviews of the second class were misclassified as the first class (False Negatives).
- 1,569 reviews of the second class were correctly classified as the second class
(True Positives).
- 0 reviews of the second class were misclassified as the third class (False Positives).
Figure 20

The GRU Confusion Measures
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- In the third row (for the Positive class):
- 63 instances of the third class were misclassified as the first class (False
Negatives).
- 488 instances of the third class were misclassified as the second class (False

Negatives).
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- 3,450 instances of the third class were correctly classified as the third class (True
Positives).
Table 16 and Figure 21 illustrate the CNN-BI-LSTM performance examining COP28
for Arabic speech recognition.
Table 16

The CNN-BI-LSTM Performance

Dataset Classes Precision % Recall % F1-score %
Negative 89 99 93

COP28 Reviews Positive 100 91 94
Neutral 83 100 88

The provided table outlines the performance metrics for the COP28 Reviews dataset
across three distinct classes: Negative, Positive, and Neutral. These metrics, including
precision, recall, and F1-score, offer valuable insights into the effectiveness of the
classification model.

For the Negative class:

- The precision is 89%, indicating that 89% of the instances predicted as negative
were indeed negative.

- The recall is 99%, implying that the model correctly identified 99% of the actual
negative instances.

- The F1-score, which is the harmonic mean of precision and recall, is 93%,
demonstrating a balanced performance in capturing both precision and recall for the Negative
class.

For the Positive class:

- The precision is 100%, suggesting that all instances predicted as positive were

indeed positive.
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- The recall is 91%, signifying that 91% of the actual positive instances were correctly
classified by the model.

- The F1-score is 94%, highlighting the overall effectiveness of the model in
achieving a balance between precision and recall for the Positive class.

For the Neutral class:

- The precision is 83%, indicating that 83% of the instances predicted as neutral were
indeed neutral.

- The recall is 100%, demonstrating that the model correctly identified all actual
neutral instances.

- The F1-score is 88%, showing a balanced performance in capturing both precision
and recall for the Neutral class.
Figure 21

The CNN-BI-LSTM Performance
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The provided confusion matrix as in Figure 22, offers a detailed representation of the
classification performance of a model across multiple classes. Each row of the matrix

corresponds to the actual class, while each column represents the predicted class.
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Here is a breakdown of the confusion matrix:
- In the first row (for the Negative class):
- 172 reviews of the first class were correctly classified as the first class (True
Negatives).
- 2 reviews of the first class were misclassified as the second class (False Positives).
- 0 reviews of the first class were misclassified as the third class (False Positives).
- In the second row (for the Neutral class):
- 0 reviews of the second class were misclassified as the first class (False Negatives).
- 1,569 reviews of the second class were correctly classified as the second class
(True Positives).
Figure 22

The CNN-BI-LSTM Confusion Matrix
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- 0 reviews of the second class were misclassified as the third class (False Positives).
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- In the third row (for the Positive class):
- 22 instances of the third class were misclassified as the first class (False
Negatives).
- 508 instances of the third class were misclassified as the second class (False
Negatives).
- 3,471 instances of the third class were correctly classified as the third class (True
Positives).
Table 17 and Figure 23 below propose the GRU-BI-LSTM hybrid model performance

in Arabic speech recognition considering COP28 as a study case.

Table 17

The GRU-BI-LSTM Hybrid Model Performance

Dataset Classes Precision % Recall % F1-score %
Negative 77 99 87

COP28 Reviews Positive 100 90 95
Neutral 81 100 90

The results presented in Table 18 and Figure 23 showcase the performance metrics of
sentiment analysis for COP28 Reviews across three distinct classes: Negative, Positive, and
Neutral.

For the Negative class:

- Precision is reported at 77%, indicating that out of all instances classified as
negative, 77% were correctly classified.

- Recall, measuring the proportion of actual negative instances correctly identified by

the model, is notably high at 99%.
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Figure 23

The GRU-BI-LSTM Performance
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which balances precision and recall, is reported at 87%, reflecting the model's effectiveness
in achieving a balance between correctly identifying negative instances and minimising false
positives.

For the Positive class:

- Precision is at the highest level, standing at 100%, signifying that all instances
classified as positive were indeed positive.

- Recall, indicating the proportion of actual positive instances correctly classified by
the model, is reported at 90%.

- The F1-score, representing a harmonic mean of precision and recall, is reported at
95%, suggesting strong performance in capturing positive sentiments.

For the Neutral class:

- Precision is reported at 81%, indicating that 81% of instances classified as neutral
were indeed neutral.

- Recall, denoting the proportion of actual neutral instances correctly classified by the

model, is at 100%.



- The F1-score, reflecting the balance between precision and recall, is reported at
90%, demonstrating the model's effectiveness in accurately capturing neutral sentiments.

Overall, these results indicate a strong performance of the sentiment analysis model
across all classes, with particularly notable performance in terms of precision and recall for
the Positive and Neutral classes. The high recall rates across all classes suggest that the
model effectively captures instances of each sentiment category, while the balanced F1-
scores reflect the model's ability to maintain precision while maximising recall.

Figure 24 below shows the confusion matrix for the GRU-BI-LSTM. The provided
confusion matrix offers a comprehensive overview of the classification performance of a
sentiment analysis model across three distinct classes: Negative, Positive, and Neutral.
Figure 24

The Confusion Matrix of the GRU-BI-LSTM Hybrid Model
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- 172 instances of the Negative class were correctly classified as negative (True
Negatives).

- 2 instances of the Negative class were misclassified as positive (False Positives).

- There were no instances of the Negative class being misclassified as neutral.

In the second row (Neutral reviews):

- All 1,569 instances of the Positive class were correctly classified as positive (True
Positives).

- There were no instances of the Positive class being misclassified as negative or
neutral.

In the third row (Positive reviews):

- 22 instances of the Neutral class were misclassified as negative (False Negatives).

- 508 instances of the Neutral class were misclassified as positive (False Negatives).

- 3,471 instances of the Neutral class were correctly classified as neutral (True
Positives).

Overall, the confusion matrix provides insights into the model's performance,
highlighting areas of correct and incorrect predictions across different classes. It serves as a
valuable tool for evaluating the effectiveness of the sentiment analysis model and identifying
areas for improvement.

These results provide a comprehensive understanding of the model's performance
across different classes within the COP28 Reviews dataset, showcasing its ability to
accurately classify instances into their respective categories. Table 18 and Figure 25 below
show the accuracy of the classifiers in classifying the sentiment analysis of the Arabic speech
recognition for the COP28 Reviews dataset.

Here is an overview of the results proposed in the table:

1. **BI-LSTM**:



- Accuracy: 89%

- BI-LSTM is a type of RNN that processes input sequences in both forward and
backward directions. Despite its effectiveness in capturing context information, the model
achieves an accuracy of 89%.

Table 18

Accuracy in the Classifiers

86

Model Accuracy %
BI-LSTM 89
CNN 90
GRU 93
CNN-BI-LSTM 91
GRU-BI-LSTM 94

Figure 25

The Accuracy of the Classifiers in Arabic ASR

Accuracy %

95
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93
92
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88
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BI-LSTM CNN GRU CNN-BI-LSTM GRU-BI-LSTM

2. **CNN**:
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- Accuracy: 90%

- CNNs are particularly effective in capturing spatial hierarchies in data, often
applied to image data. In this context, it seems to perform slightly better than the basic BI-
LSTM model, achieving an accuracy of 90%.

3. **GRU **:

- Accuracy: 93%

- GRU is a variant of RNN that aims to solve the vanishing gradient problem. It's
known for its simpler architecture compared to LSTM. The GRU model achieves an accuracy
of 93%, showing improved performance over the BI-LSTM and CNN models.

4. **CNN-BI-LSTM**:

- Accuracy: 91%

- This model combines the strengths of both CNN and BI-LSTM architectures. It
likely uses CNN layers for feature extraction followed by BI-LSTM for sequence modelling.
It achieves an accuracy of 91%, slightly higher than the standalone BI-LSTM model.

5. **GRU-BI-LSTM**:

- Accuracy: 94%

- This model combines the GRU and BI-LSTM architectures. GRU's ability to
handle sequential data effectively combined with the context-capturing capabilities of Bl-
LSTM results in superior performance. It achieves the highest accuracy among all models
listed, with 94%.

Overall, the GRU-BI-LSTM model outperforms the other models in terms of
accuracy, indicating its effectiveness in capturing both sequential and contextual information
in Arabic speech recognition, especially in the COP28 as a study case.

In the field of machine learning, choosing the structure for Arabic speech recognition,

particularly in COP28 reviews, plays a vital role in achieving optimal results. Here is a
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comparison of the network structures based on their accuracy metrics as outlined in Table 18
and Figure 25.

To begin with, we look at how the BI LSTM model performs, showing an accuracy
rate of 89%. BI-LSTM s are skilled at capturing time-related patterns in data. However, in this
case, it slightly lags behind models. Moving on to the CNN which achieves an accuracy of
90%, CNNs are strong at extracting patterns from data, making them particularly effective for
tasks related to sound. Here, CNN's capability to capture characteristics gives it an edge over
BI-LSTM. A significant improvement in accuracy is noted with the GRU model reaching an
accuracy rate of 93%. GRUSs, which are a version of LSTMs, display performance levels
highlighting their effectiveness in handling sequential data. This substantial increase in
accuracy underscores the importance of the GRU design. When directly comparing the Bl
LSTM and GRU models, it is clear that the GRU model performs better by a margin of 4%.
This indicates that the GRU design, which combines forget and input gates, makes it more
adaptable to the dataset or task at hand, resulting in improved performance. Similarly, when
looking at the CNN and GRU maodels side by side, the GRU model outperforms CNN by 3%
in terms of accuracy. This suggests that for this task or dataset, the GRU's ability to capture
relationships is more beneficial than the CNN's strength in extracting spatial features.

In terms of combined architectures, the CNN-BI-LSTM model shows an
improvement over using Bl LSTM alone with an accuracy of 91%. This combination
leverages both CNNs' and LSTMs' strengths, leading to a performance boost. Lastly, the
GRU-BI-LSTM model stands out as the performer with an accuracy of 94%. By replacing
LSTM layers with GRU layers in this combined architecture, it achieves the accuracy among
all the models mentioned. This highlights how integrating GRU's simplicity with BI-LSTM's
bidirectional modelling results in performance when capturing both sequential and contextual

information. In summary, this detailed comparison sheds light on the variations in
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performance between types of neural network structures. Each design has its advantages and
drawbacks, and the decision on which model to use should be based on the given project's
needs. The effectiveness of the GRU-BI-LSTM model emphasises how crucial architectural

planning is in attaining highly effective results in machine learning assignments.

4.4 Conclusion and Future Work

Avrabic, as one of the world's most commonly spoken languages, carries significant
cultural, social, and economic importance via diverse regions. With over 310 million native
speakers and an extensive diaspora, Arabic serves as a primary means of communication in
numerous countries spanning the Middle East, North Africa, and beyond. In an era marked by
rapid technological advancement, the development of Arabic speech recognition systems
represents a pivotal frontier in enhancing accessibility, efficiency, and usability across
various domains. Speech recognition, a branch of Al and NLP, enables machines to
transcribe spoken language into text, facilitating seamless interaction between humans and
technology. While considerable progress has been made in speech recognition for widely
spoken languages such as English, challenges persist in effectively adapting these
technologies to accommodate the unique characteristics of Arabic. These challenges stem
from the language's rich morphology, diverse dialects, non-linear script, and contextual
nuances, presenting formidable hurdles for conventional speech recognition systems. In this
context, the investigation of Arabic speech recognition within the framework of COP28
serves as a compelling case study. COP28, an international gathering focused on addressing
global environmental challenges and fostering sustainable development, attracts participants
from diverse linguistic backgrounds, including Arabic speakers. The integration of speech
recognition technologies at COP28 holds the potential to streamline communication, facilitate
multilingual collaboration, and enhance accessibility for Arabic-speaking delegates and

stakeholders. Through a comprehensive examination of various speech recognition models,
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including CNN, BI-LSTM, GRU, and hybrid architectures such as CNN-BI-LSTM and
GRU-BI-LSTM, valuable insights can be gleaned into the performance and efficacy of these
models within the distinct context of Arabic speech recognition. By analysing key metrics
such as precision, recall, and the F1-score across different sentiment categories, ranging from
positive and negative to neutral, a nuanced understanding of each model's strengths and
limitations can be attained. The BI-LSTM model achieves commendable performance across
all classes, with precision, recall, and F1-score ranging from 73% to 100%. It exhibits
particularly high recall rates for Negative and Neutral classes, indicating its ability to
effectively capture instances of these sentiments. The CNN model showcases robust
performance, especially in terms of precision and recall for the Negative and Positive classes,
with scores above 78%. It demonstrates superior recall for all classes, indicating its
proficiency in capturing relevant instances from the dataset. However, precision for the
Neutral class is slightly lower, potentially due to the misclassification of other sentiments as
neutral. The GRU model stands out with impressive precision and recall for the Negative
class, achieving scores of 96% and 90%, respectively. It also performs well in the Positive
class, with both precision and recall above 90%. However, its precision for the Neutral class
is relatively lower compared to other models. The hybrid models, CNN-BI-LSTM and GRU-
BI-LSTM, leverage the strengths of their constituent models to achieve competitive
performance. Both hybrid models exhibit balanced precision and recall across classes, with
F1 scores ranging from 87% to 95%. This highlights the potential of hybrid architectures to
enhance the overall performance by integrating diverse features and representations. This
dissertation endeavours to elucidate the significance of Arabic speech recognition within the
broader landscape of

Al and NLP, contextualising its relevance through the lens of COP28 as a unique case

study. By delving into the intricacies of model performance and exploring future directions
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for improvement, this study aims to contribute to the advancement of Arabic speech
recognition technology, ultimately fostering greater inclusivity, accessibility, and innovation
in multilingual environments such as COP28 and beyond.

**Future Directions: **

For future research endeavours, scholars may consider incorporating a variety of
multimedia elements, involving images, videos, and textual data, into the investigation of
COP28. By integrating these additional modalities, researchers can obtain a more
comprehensive and nuanced understanding of the conference dynamics, discussions, and
sentiments expressed by participants

Including images in the analysis allows researchers to capture visual cues, such as
presentation slides, infographics, and photographs, which complement the spoken discourse
and provide valuable contextual information. Visual content can offer insights into the topics
discussed, the engagement level of the participants, and the overall atmosphere of the
conference sessions. Analysing images alongside audio data enables researchers to correlate
visual stimuli with spoken content, facilitating a deeper interpretation of conference
proceedings.

Similarly, incorporating videos into the investigation enriches the dataset by capturing
non-verbal communication cues such as facial expressions, gestures, and body language
exhibited by speakers and attendees. Video recordings of conference sessions offer a holistic
view of participant interactions, speaker dynamics, and audience reactions, which may not be
fully captured through audio analysis alone. By analysing both audio and video data
concurrently, researchers can gain a more nuanced understanding of communication patterns
and sentiment dynamics within COP28.

Additionally, including textual data such as the transcripts of speeches, presentation

slides, social media posts, and textual annotations enhances the depth and breadth of the
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investigation. Textual content provides supplementary data on the topics discussed, key
messages conveyed, and sentiments expressed by participants across different
communication channels. Analysing textual data in conjunction with multimedia elements
enables researchers to triangulate findings, validate interpretations, and uncover hidden
insights within the conference discourse.

By embracing a multimodal approach to data collection and analysis, researchers can
overcome the limitations of single-modality studies and achieve a more holistic perspective
of COP28. Integrating images, videos, and texts into the investigation not only enriches the
dataset but also fosters a deeper understanding of the complex interplay between verbal and
non-verbal communication modalities within the conference context. This multimodal
approach paves the way for future research endeavours aimed at unravelling the intricacies of
COP28 and informing evidence-based decision-making processes in global environmental
governance.

In conclusion, the investigation into COP28 for Arabic speech recognition
underscores the importance of leveraging diverse models and methodologies to address the
unique challenges and nuances of the Arabic language. By continuing to refine and innovate
existing approaches, the field can pave the way for more accurate, reliable, and accessible
Arabic speech recognition systems in the future.

4.5 Summary

We provided a deconstructed explanation of the research setup in this section of the
dissertation, including the procedures and library resources that were used. In addition, a
summary of the investigation's settings is suggested in this chapter, along with the initial

processing, deep learning, and hybrid deep learning models' hyperparameter configurations.
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