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ABSTRACT 

This study focuses on the classification of British and American English accents 

using machine learning, addressing the growing interest in accent-based 

applications within speech processing systems. Speech samples were collected, 

comprising 414 British and 410 American English recordings, to construct a 

dataset representative of both accent groups. Key features were extracted from 

the audio data, enabling machine learning models to differentiate between the 

two accents effectively. Four machine learning models were evaluated: Naive 

Bayes, K-Nearest Neighbors (KNN), Random Forest, and Decision Tree. Among 

these, Naive Bayes demonstrated the highest accuracy at 84.24%, highlighting 

its effectiveness in capturing the distinguishing features of British and American 

English accents. KNN followed closely with an accuracy of 78.79%, benefiting 

from its proximity-based classification mechanism. Random Forest achieved an 

accuracy of 78.18%, leveraging ensemble learning to improve prediction stability. 

The Decision Tree model, while functional, demonstrated the lowest performance 

at 76.36%, indicating limitations of single-tree approaches in capturing nuanced 

differences in speech patterns. The findings underscore the potential of machine 

learning in accent classification and reveal significant differences in model 

performance based on algorithmic design. These results contribute to advancing 

research in automatic speech recognition, accent identification, and related 

applications in natural language processing. Future work could explore larger 

datasets, deep learning approaches, and feature optimization to further enhance 

classification accuracy. By effectively distinguishing between British and 

American accents, this research lays the foundation for improved speech-based 

systems and broader linguistic studies. 
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Chapter 1 

 

Introduction 
Accent classification has gained significant attention in recent years due to its 

implications for speech recognition systems, language learning tools, and 

cultural studies. 

1.1 Introduction 
 

This section should present the background and a problem statement that 

your project aims to solve. 

Language, as a medium of communication, reflects regional, cultural, and social 

identities. Among the myriad aspects of language, accents serve as a prominent 

marker of regional and cultural diversity. The distinction between British and 

American English accents, in particular, has intrigued linguists, educators, and 

technologists alike due to their global prevalence and subtle phonetic differences. 

These differences extend beyond pronunciation to include variations in stress, 

intonation, and rhythm [10]. Understanding and classifying accents is not 

merely an academic exercise but a practical challenge in the fields of speech 

recognition, natural language processing (NLP), and human-computer 

interaction. 

The advent of machine learning has opened new avenues for addressing the 

complexities of accent classification. Machine learning algorithms excel at 

detecting patterns in data, making them well-suited for tasks such as accent 

recognition. By leveraging computational models, researchers can analyze large 

volumes of speech data to identify distinctive features and classify accents with 

high accuracy [11]. This capability has significant implications for applications 

such as automated transcription services, voice-controlled devices, and language 

learning platforms. 

The global proliferation of English has amplified the need to study its variations. 

British and American English accents are often perceived as standard 

benchmarks in speech processing systems [5]. These accents, despite their 

shared linguistic roots, exhibit differences in vowel sounds, consonant 

articulation, and prosodic features. Classifying these accents accurately requires 

computational approaches capable of discerning subtle differences that may not 

be immediately evident to the human ear. 



©Daffodil  International  University 2  

This study focuses on classifying British and American English accents using a 

dataset comprising 824 speech samples. The dataset includes 414 British and 

410 American recordings, ensuring balanced representation. Four machine 

learning algorithms—Naive Bayes, K-Nearest Neighbors (KNN), Random 

Forest, and Decision Tree—were employed to evaluate their effectiveness in 

accent classification. Among these, Naive Bayes emerged as the most accurate 

model, achieving 84.24% accuracy, while the Decision Tree model recorded the 

lowest performance at 76.36%. These findings highlight the strengths and 

limitations of different algorithms in capturing the subtle variations between 

British and American accents. 

The study’s results have practical implications for improving speech-based 

systems. For instance, enhancing accent recognition can improve the accuracy of 

voice assistants, making them more adaptive to users with different accents. 

Moreover, accent classification can facilitate linguistic studies by providing 

quantitative insights into phonetic variations. This research contributes to the 

growing body of knowledge in speech processing, offering a foundation for future 

advancements in accent recognition technologies. 

1.2 Motivation 
 

The motivation behind this research stems from the growing demand for accent-

aware systems in a globalized world where communication across linguistic 

boundaries is increasingly common. With the proliferation of voice-activated 

technologies such as virtual assistants, smart speakers, and automated 

transcription services, understanding and processing diverse accents has become 

a crucial requirement. However, these systems often struggle to accurately 

interpret speech from users with different accents, leading to reduced usability 

and user satisfaction. 

British and American English, as two dominant varieties of English, are widely 

recognized and studied. Despite their shared linguistic roots, these accents 

exhibit distinct phonetic and prosodic characteristics, making their classification 

a compelling research challenge. Accurate identification of these accents can 

enhance applications ranging from language learning to sociolinguistic research. 

For instance, language learning platforms can tailor pronunciation feedback 

based on a user’s accent, improving their learning experience. Similarly, 

sociolinguistic studies can benefit from automated tools that analyze regional 

and social variations in speech. 

Machine learning provides a powerful framework for addressing the challenges 

of accent classification. Unlike traditional linguistic methods that rely on 

manual analysis, machine learning models can process large datasets efficiently, 

uncovering patterns and correlations that might elude human analysts. This 

capability not only accelerates research but also expands its scope, enabling the 

exploration of complex linguistic phenomena. 
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The increasing integration of voice technologies in daily life underscores the need 

for systems that can accommodate diverse accents. From virtual assistants to 

call center applications, the ability to accurately recognize and process accents 

can enhance user experience and broaden access to technology. This study is 

motivated by the potential to bridge gaps in existing speech processing systems 

and to contribute to a deeper understanding of accent variability. By leveraging 

machine learning, this research seeks to provide accurate and reliable accent 

classification models, laying the groundwork for more inclusive and effective 

speech-based technologies. 

1.3 Objectives 
 

The primary objectives of this research are as follows: 

To collect and curate a balanced dataset of British and American English speech 

samples. The dataset will serve as the foundation for training and evaluating 

machine learning models. 

To identify distinguishing features of British and American English accents. 

These features will be extracted from the audio data to facilitate effective 

classification. 

To evaluate the performance of different machine learning models in accent 

classification. Four algorithms—Naive Bayes, KNN, Random Forest, and 

Decision Tree—will be tested to determine their accuracy and reliability. 

To analyze the strengths and limitations of each model. This analysis will 

provide insights into the factors influencing model performance and guide the 

selection of appropriate algorithms for accent classification tasks. 

To contribute to the development of accent-aware speech processing systems. 

The findings will inform the design of technologies that can adapt to diverse 

accents, improving their accessibility and usability. 

To promote advancements in linguistic research. The study aims to provide a 

quantitative basis for exploring phonetic variations between accents, enriching 

sociolinguistic studies. 

By achieving these objectives, this study aims to advance the state of the art in 

speech processing and provide practical solutions for accent recognition 

challenges. The research also seeks to promote greater inclusivity in technology, 

ensuring that speech-based systems cater to users from diverse linguistic 

backgrounds. 

1.4 Methodology 
 

The methodology for this study involves several key steps to ensure accurate and 

reliable results. These steps are outlined below: 

Data Collection: Speech samples representing British and American English 

were collected from publicly available datasets and online resources. The final 
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dataset comprises 414 British and 410 American recordings, ensuring balanced 

representation. 

Feature Extraction: Acoustic features such as pitch, formants, energy, and mel-

frequency cepstral coefficients (MFCCs) were extracted from the audio samples. 

These features capture the phonetic and prosodic characteristics of the accents.  

Data Preprocessing: The audio data was preprocessed to remove noise and 

standardize the recordings. Techniques such as normalization and silence 

removal were applied to enhance data quality.we used Audacity to convert into 

mp3. 

Model Selection: Four machine learning algorithms were selected for evaluation: 

Naive Bayes, KNN, Random Forest, and Decision Tree. These models represent 

diverse approaches to classification, including probabilistic, proximity-based, 

and ensemble methods. 

Model Training and Evaluation: The dataset was divided into training and 

testing sets to train the models and evaluate their performance. Accuracy, 

precision, recall, and F1-score were used as evaluation metrics. 

Performance Analysis: The results of each model were analyzed to identify 

factors influencing their performance. Comparative analysis was conducted to 

determine the most effective algorithm for accent classification. 

1.5 Project Outcome 
 

The outcomes of this study provide valuable insights into the application of 

machine learning for accent classification. Key findings include: 

Dataset Development: A balanced and high-quality dataset of 824 speech 

samples was created, representing British and American English accents. This 

dataset serves as a resource for future research in speech processing. 

Feature Analysis: Acoustic features such as MFCCs, pitch, and energy were 

identified as critical factors for distinguishing between British and American 

accents. These features capture the phonetic and prosodic differences that define 

each accent. 

Model Performance: Among the four machine learning models evaluated, Naive 

Bayes achieved the highest accuracy at 84.24%, demonstrating its effectiveness 

in capturing accent-specific features. KNN and Random Forest also performed 

well, achieving accuracies of 78.79% and 78.18%, respectively. The Decision Tree 

model, while functional, recorded the lowest accuracy at 76.36%. 

Practical Applications: The study’s findings have practical implications for 

developing accent-aware speech processing systems. For instance, virtual 

assistants and transcription services can use these models to improve their 

performance for users with diverse accents. 

Research Contributions: This research contributes to the growing body of 

knowledge in speech processing and machine learning. The results provide a 

foundation for future studies exploring larger datasets, deep learning 

approaches, and feature optimization techniques. 
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Future Directions: The study highlights opportunities for expanding the dataset, 

exploring advanced neural network models, and integrating contextual linguistic 

information to enhance classification performance. 

Overall, this study demonstrates the potential of machine learning in accent 

classification and highlights avenues for future advancements in this field. 

 

1.6 Organization of the Report 
 

This report is systematically structured to guide readers through the research 

process, findings, and implications in a clear and logical manner. It comprises 

six main chapters, alongside supplementary sections like the declaration, 

acknowledgments, abstract, and lists of figures and tables. 

This chapter lays the groundwork for the study by introducing the research topic 

and its importance. It includes subsections on motivation, objectives, 

methodology, and anticipated project outcomes. The section concludes by 

providing an overview of the report's structure to guide readers. 

The background chapter provides a comprehensive overview of the study's 

context. It reviews existing literature and research, examining similar 

applications and related studies. A detailed gap analysis identifies shortcomings 

in current approaches, emphasizing the need for this research. This chapter 

establishes the academic and practical significance of the study. 

This chapter outlines the detailed research methodology, beginning with an 

overview of the system design and requirements analysis. Functional and 

nonfunctional requirements are specified, and visual tools such as context 

diagrams and data flow diagrams are presented for clarity. The methodology also 

covers task allocation and the overall project plan, ensuring a structured and 

replicable approach. 

The implementation chapter discusses the environment setup, including 

software and hardware configurations, and the processes used for testing and 

evaluation. This section presents the results of the machine learning models, 

including performance metrics and comparative analyses. A critical discussion 

of these results highlights the models' strengths and limitations, offering 

insights into their practical applications. 

This chapter addresses the engineering standards adhered to during the 

research, covering software, hardware, and communication protocols. It 

examines the societal, environmental, and ethical implications of the study, 

including its sustainability plan. Challenges faced during the project, such as 

complex problem-solving and resource management, are discussed alongside 

strategies for overcoming them. A financial analysis of the project provides 

additional context on resource utilization. 

The conclusion chapter synthesizes the study’s findings, summarizing its key 

contributions to the field. It identifies limitations encountered during the 

research and offers recommendations for future work, such as exploring 
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advanced machine learning techniques, incorporating larger datasets, or 

expanding the study to other accents. 

Supplementary materials such as additional figures, tables, or detailed 

calculations are included in the appendices. A comprehensive list of references 

ensures proper acknowledgment of all sources used, adhering to academic 

integrity and providing readers with resources for further exploration. 

This structure ensures a thorough and organized presentation of the research, 

enabling readers to follow the study’s progression from inception to conclusion 

while highlighting its contributions to the field of speech processing and machine 

learning. 
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Chapter 2 

 

Background 

 
The classification of accents is a critical area of research in speech processing, 

with widespread applications in fields like automatic speech recognition (ASR), 

language learning tools, and sociolinguistics. Accents often act as a distinctive 

marker of cultural and regional identity, revealing not only where a person is 

from but also offering insights into their linguistic and social background. 

2.1 Introduction 

Among the various global accents, British and American English stand out due 

to their prominence in international communication, media, and education. 

The ability to recognize and classify these accents accurately has significant 

implications for developing systems that can cater to global users. For instance, 

speech recognition systems often struggle to accommodate users with strong 

accents, resulting in misinterpretations and reduced user satisfaction. Similarly, 

language learning platforms can benefit from accent-aware modules that provide 

customized feedback to learners [9]. The challenge lies in the subtle phonetic, 

prosodic, and rhythmic differences between accents, which require sophisticated 

computational approaches to analyze effectively. 

Machine learning has emerged as a transformative tool for tackling complex 

problems in speech recognition and accent classification. Unlike traditional 

linguistic methods, machine learning algorithms can analyze large datasets, 

uncovering patterns and correlations that might be missed by human analysis. 

These techniques have demonstrated promising results in tasks such as accent 

detection, speaker identification, and language modeling [6]. However, gaps 

remain in achieving high accuracy and robustness, particularly for accent-

specific tasks. 

This chapter delves into the background of accent classification using machine 

learning [3]. It explores existing applications and research, identifies challenges 

in the field, and highlights the contributions of this study to addressing those 

challenges. The chapter also sets the stage for the research methodology and 

implementation detailed in subsequent sections. 

2.2 Literature Review 
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This section provides a review of existing literature related to speech 

classification and accent recognition using machine learning, with a focus on 

studies examining the differentiation of British and American English accents. 

The reviewed studies present various methodologies and key findings relevant 

to this research. 

Table 2.1: Summary of Literature Reviewed 

Auth

or 

Year Title Methodol

ogy 

Key 

Finding

s 

Kum

ar et 

al. 

201

8 

Accent 

Classificati

on using 

Machine 

Learning 

Experime

ntal 

Analysis 

Found 

that 

machin

e 

learning 

models 

can 

differen

tiate 

accents 

with 

high 

accurac

y, using 

spectral 

features

. 

Zhan

g et 

al. 

201

9 

Speech 

Recognition 

for English 

Accents 

Data-

driven 

Approach 

Demons

trated 

the 

potentia

l of deep 

learning 

for 

accent 

classific

ation, 

achievin

g 80% 

accurac

y on a 

diverse 

dataset. 

Patel 

& 

202

0 

Comparativ

e Analysis 

of Speech 

Benchma

rking 

Study 

Evaluat

ed 

several 
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Kum

ar 

Classificati

on Models 

models 

includin

g SVM 

and 

Random 

Forest, 

showing 

that 

Random 

Forest 

outperfo

rmed 

others 

in terms 

of 

generali

zation. 

Willi

ams 

et al. 

202

1 

Understand

ing Accents 

in NLP: A 

Survey of 

Methods 

Literatur

e Review 

Provide

d a 

compre

hensive 

review 

of 

accent 

recognit

ion 

method

s, 

highligh

ting the 

need for 

more 

domain-

specific 

models 

for 

improve

d 

classific

ation. 

Zhan

g & 

Li 

202

2 

Speech-

based 

Classificati

on of 

American 

Machine 

Learning 

Achieve

d 82.5% 

accurac

y using 

Naive 
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and British 

Accents 

Bayes, 

demons

trating 

the 

effective

ness of 

probabil

istic 

models 

in 

distingu

ishing 

accents. 

Ande

rson 

& 

Brow

n 

202

1 

Machine 

Learning 

Approaches 

to Accent 

Recognition 

Statistica

l 

Modeling 

Found 

that 

KNN 

models 

were 

effective 

in 

differen

tiating 

accents 

with an 

accurac

y of 75-

80%, 

but 

struggle

d with 

noise 

and 

overlap

ping 

speech 

charact

eristics. 

Lee 

et al. 

202

0 

Evaluating 

Deep 

Neural 

Networks 

for Accent 

Classificati

on 

Neural 

Network-

based 

Approach 

Achieve

d 85% 

accurac

y with 

deep 

learning 

models, 

highligh
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ting the 

advanta

ges of 

deep 

neural 

network

s in 

recogniz

ing 

complex 

accent 

features

. 

Thom

as & 

Patel 

201

9 

Accent 

Detection 

with 

Random 

Forest and 

SVM 

Experime

ntal 

Study 

Showed 

that 

Random 

Forest 

provide

d better 

results 

than 

SVM for 

distingu

ishing 

between 

British 

and 

America

n 

accents, 

particul

arly 

with 

larger 

datasets

. 

Colli

ns et 

al. 

202

0 

Prosodic 

Feature-

Based 

Classificati

on of 

Accents 

Feature 

Extractio

n and 

Analysis 

Explore

d the 

role of 

prosodic 

features 

(intonat

ion, 

rhythm) 

and 
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found 

that 

they 

significa

ntly 

enhance 

classific

ation 

perform

ance in 

distingu

ishing 

regional 

accents. 

Harri

son & 

Smit

h 

202

2 

Accent 

Classificati

on with a 

Hybrid 

Ensemble 

Model 

Hybrid 

Model 

Approach 

Combin

ed 

multiple 

machin

e 

learning 

models 

(Rando

m 

Forest, 

Decisio

n Trees, 

and 

KNN) to 

improve 

classific

ation 

accurac

y, 

achievin

g up to 

87% 

accurac

y for 

accent 

recognit

ion. 

Johns

on et 

al. 

202

1 

Accent 

Classificati

on Using 

Spectral 

Feature 

Fusion 

Approach 

Showed 

that 

combini

ng 
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and 

Prosodic 

Features 

spectral 

features 

(MFCC) 

and 

prosodic 

features 

(pitch, 

duratio

n) 

enhance

d 

accurac

y for 

both 

British 

and 

America

n 

accents 

to 83%. 

Marti

n et 

al. 

202

0 

Impact of 

Speaker 

Variation 

on Accent 

Classificati

on 

Analysis 

of 

Speaker 

Data 

Analyze

d 

speaker 

variatio

n and 

conclud

ed that 

gender 

and age 

factors 

have a 

significa

nt 

impact 

on the 

perform

ance of 

classific

ation 

models. 

Singh 

et al. 

202

1 

Using 

Reinforcem

ent 

Learning 

for Accent 

Reinforce

ment 

Learning 

Approach 

Applied 

reinforc

ement 

learning 

to 
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Classificati

on 

accent 

classific

ation, 

achievin

g 81.2% 

accurac

y by 

optimizi

ng 

feature 

selectio

n over 

time. 

Zhao 

& Li 

202

1 

Deep 

Learning 

for Accents: 

A 

Comparativ

e Study 

Deep 

Neural 

Networks 

Compar

ed 

CNNs, 

LSTMs, 

and 

GRUs 

for 

accent 

recognit

ion, 

finding 

that 

LSTMs 

outperfo

rmed 

CNNs 

in 

handlin

g time-

sequenc

ed 

speech 

features

. 

Fern

andes 

et al. 

202

2 

An 

Ensemble 

Approach to 

Accent 

Detection in 

Speech 

Ensemble 

Learning 

Achieve

d up to 

90% 

accurac

y in 

classifyi

ng 

accents 
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using 

an 

ensembl

e of 

multiple 

machin

e 

learning 

models 

includin

g RF, 

XGBoos

t, and 

SVM. 

Broo

ks et 

al. 

202

1 

Multi-Class 

Classificati

on of 

English 

Accents 

Multi-

Class 

Classifica

tion 

Extende

d accent 

classific

ation to 

multi-

class 

problem

s 

(includi

ng 

regional 

US 

accents)

, 

demons

trating 

84% 

accurac

y using 

Random 

Forest. 

Tan 

& 

Ruan 

201

9 

Modeling 

Regional 

Accents 

using CNNs 

and RNNs 

CNN and 

RNN 

Hybrid 

Combin

ed 

Convolu

tional 

Neural 

Networ

ks 

(CNNs) 

for 

feature 
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extracti

on and 

Recurre

nt 

Neural 

Networ

ks 

(RNNs) 

for 

sequenc

e 

predicti

on, 

resultin

g in 86% 

accurac

y for 

accent 

classific

ation. 

Machine Learning Approaches: The studies reviewed employ a range of machine 

learning models for accent classification, including Naive Bayes, Random Forest, 

K-Nearest Neighbors (KNN), deep learning models like CNNs and LSTMs, and 

reinforcement learning [2]. These studies highlight the potential of both 

traditional models and more advanced techniques for this task. 

Feature Extraction and Fusion: A consistent theme in the literature is the 

extraction of spectral (e.g., MFCC) and prosodic features (e.g., pitch, rhythm, 

duration) to differentiate accents. Several studies, such as Johnson et al. (2021), 

have emphasized the importance of combining these features to improve 

accuracy. 

Deep Learning Approaches: Recent work, such as Lee et al. (2020) and Tan & 

Ruan (2019), demonstrates the increasing use of deep learning techniques like 

Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), 

and Long Short-Term Memory networks (LSTMs), which show promising results 

for accent classification, especially when dealing with complex speech patterns. 

Ensemble Learning: Some studies, such as Harrison & Smith (2022) and 

Fernandes et al. (2022), explore ensemble learning methods combining multiple 

models to enhance classification performance, achieving higher accuracy 

compared to single models. 

Speaker Variation: A number of studies have noted the impact of speaker-related 

factors (such as age, gender, and speaker variability) on classification accuracy, 

indicating that machine learning models must account for these variations to 

perform optimally. 

Similar Applications 
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Accent classification has been applied across various domains, with notable 

advancements in the following areas: 

Automatic speech recognition systems aim to convert spoken language into text. 

However, their accuracy often diminishes when processing speech with accents 

that deviate from the models' training data. Accent-aware systems have been 

developed to improve recognition accuracy by incorporating diverse accent 

datasets into their training processes. 

Language Learning Platforms: Applications like Duolingo and Babbel leverage 

speech recognition technology to provide pronunciation feedback. Accent 

classification enhances these platforms by allowing them to identify a learner’s 

accent and offer tailored feedback, helping users achieve more accurate 

pronunciation in their target language. 

Voice Assistants: Virtual assistants such as Siri, Alexa, and Google Assistant are 

increasingly expected to understand and respond to users from diverse linguistic 

backgrounds. Accent-aware algorithms enable these systems to adapt to various 

accents, improving their usability and user satisfaction. 

Media and Entertainment: In the context of subtitling and transcription 

services, accent classification ensures that regional accents are accurately 

transcribed, making content more accessible to diverse audiences. 

These applications underscore the growing demand for accurate and reliable 

accent classification models. While progress has been made, many systems still 

face challenges in handling strong accents or those not commonly represented in 

training datasets. 

2.2.1 Related Research 

Numerous studies have investigated the use of machine learning in speech 

recognition and accent classification. Key contributions to the field include: 

Phonetic Variation Studies: Researchers have extensively analyzed the phonetic 

differences between accents, focusing on features such as vowel shifts, consonant 

articulation, stress patterns, and intonation. These studies provide valuable 

insights into the characteristics that distinguish British and American English 

accents. 

Acoustic Feature Extraction: Techniques like Mel-Frequency Cepstral 

Coefficients (MFCCs), pitch analysis, and formant frequency extraction have 

been employed to capture the unique acoustic properties of accents. These 

features serve as inputs for machine learning models, enabling them to learn 

patterns specific to each accent. 

Model Evaluations: Studies comparing traditional machine learning algorithms, 

such as Naive Bayes, Random Forest, and Support Vector Machines (SVMs), 

have highlighted their varying effectiveness in accent classification tasks. More 

recently, deep learning approaches, such as convolutional neural networks 

(CNNs) and long short-term memory (LSTM) networks, have shown promise in 

handling complex accent-related tasks. 

Speech Corpus Development: Several projects have focused on creating accent-

specific datasets to train and evaluate machine learning models. Balanced and 
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diverse datasets are critical for achieving high performance in accent 

classification tasks. 

These studies provide a solid foundation for the present research, but gaps 

remain in terms of accuracy, robustness, and practical applications. 

2.3 Gap Analysis 
 

While existing research has made significant strides in accent classification, 

several gaps hinder the development of more effective systems: 

Limited and Imbalanced Datasets: Many studies rely on datasets that are either 

too small or biased toward certain accents, reducing the generalizability of their 

findings. This study addresses this gap by using a balanced dataset of 414 British 

and 410 American speech samples. 

Underperformance of Traditional Models: Traditional algorithms, such as 

Decision Trees, often struggle to capture subtle phonetic variations, resulting in 

suboptimal accuracy. Exploring advanced machine learning techniques is 

necessary to improve performance. 

Focus on Generalized Models: Most research has focused on generic accent 

recognition without delving deeply into the specific challenges posed by closely 

related accents, such as British and American English. This study emphasizes 

these accents to better understand their unique features. 

Practical Integration Challenges: While theoretical advancements are evident, 

their translation into real-world applications remains limited. This study aims 

to bridge this gap by evaluating the practical implications of its findings for 

applications like voice assistants and transcription services. 

 

Table 2.3: Gap Analysis 

Features Kumar 

et al. 

(2018) 

Zhang 

et al. 

(2019) 

Patel 

& 

Kumar 

(2020) 

Zhang 

& Li 

(2022) 

Classificati

on of 

British and 

American 

English 

Yes Yes Yes Yes 



©Daffodil  International  University 19  

Use of 

Prosodic 

Features 

No Yes No Yes 

Model 

Compariso

n (Naive 

Bayes, 

Random 

Forest) 

Yes No Yes Yes 

Handling 

Speaker 

Variability 

(e.g., age, 

gender) 

No No Yes No 

Deep 

Learning 

Models 

(e.g., CNN, 

LSTM) 

No No No No 

Ensemble 

Learning 

No No Yes No 

Feature 

Fusion 

(e.g., 

combining 

spectral 

and 

prosodic 

features) 

No No No No 

Accents 

from 

Multiple 

Regions 

No No No Yes 
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Multi-Class 

Classificati

on (beyond 

British & 

American) 

No No No No 

Real-Time 

Accent 

Recognition 

No No No No 

 

2.4 Summary 
 

This chapter has explored the background of accent classification, reviewing 

similar applications, and analyzing previous research. It has highlighted the 

importance of addressing gaps in existing studies, particularly in the areas of 

dataset diversity, model performance, and practical application. By focusing on 

these challenges, this study seeks to contribute meaningful advancements to the 

field of speech processing and machine learning. The findings will inform the 

development of more robust and inclusive accent classification systems, enabling 

broader applicability and improved user experiences. 

The background chapter provides a comprehensive foundation for understanding 

the context, importance, and current state of research in accent classification, 

particularly between British and American English. It explores the theoretical 

underpinnings, reviews existing literature, and highlights gaps that this study 

seeks to address. This chapter not only situates the research within the broader 

field of speech processing but also underscores the significance of accent 

recognition in real-world applications, ranging from automated transcription to 

voice-enabled technologies. 
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Chapter 3 

 

Research Methodology 

 
In this section, the research methodology, design specifications, and proposed 

system design for accent classification will be discussed in detail. This study aims 

to develop a machine learning-based system to classify British and American 

English accents. The methodology incorporates data collection, preprocessing, 

feature extraction, model training, and evaluation phases to achieve accurate 

classification results.  

3.1 Methodology 

The methodology for this study involves a structured, iterative process designed 

to ensure the development of a robust accent classification model. The primary 

aim of the research is to classify British and American English accents 

accurately using machine learning techniques. 

 
 
 

Figure 3.1.1: Work Flow 

3.1.1 Overview 

The methodology for this study involves a structured, iterative process designed 

to ensure the development of a robust accent classification model. The primary 

aim of the research is to classify British and American English accents 

accurately using machine learning techniques. The first step in the methodology 
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is data collection, where speech samples are sourced from speakers with labeled 

British and American accents. This dataset must include diverse samples, 

capturing different age groups, gender, and accents within both British and 

American regions. The data will be divided into training and testing datasets to 

ensure the system's generalization ability. 

The preprocessing phase involves removing noise and irrelevant information 

from the speech data. This step is critical to ensuring that the machine learning 

models can focus on the most relevant features of the speech signals. Techniques 

such as silence removal, volume normalization, and noise filtering will be applied 

to the data to improve its quality and ensure the models perform optimally. 

Following preprocessing, feature extraction will be performed to obtain relevant 

attributes from the speech data. The primary features will be Mel-frequency 

cepstral coefficients (MFCCs), which are widely used in speech recognition tasks 

due to their ability to capture the spectral characteristics of speech. Prosodic 

features such as pitch, rhythm, and speech rate will also be extracted, as these 

features are critical for accent identification. 

The machine learning phase will involve training various models, including 

Naive Bayes, K-Nearest Neighbors (KNN), Random Forest, and Decision Trees. 

These models will be trained on the extracted features, and their performance 

will be evaluated using standard classification metrics such as accuracy, 

precision, recall, and F1 score. Hyperparameter tuning will be performed to 

optimize the models for better performance. 

The final stage of the methodology involves testing the models on a separate test 

dataset to evaluate their performance in classifying British and American 

English accents. The model that achieves the highest accuracy will be selected 

as the final model. Additionally, the model will be deployed as a real-time system 

for practical applications, such as language learning tools or virtual assistants, 

where users can input speech and receive immediate feedback on accent 

classification. 

3.1.2 Proposed Methodology 
 

The proposed system design aims to solve the problem of accent classification by 

employing a modular, data-driven approach. The system will be divided into 

several key components: data collection, preprocessing, feature extraction, model 

training, and evaluation. Each component has been designed to ensure that the 

system performs efficiently and produces accurate results. 

Data Collection: The first step in the system design is collecting a diverse dataset 

of speech samples. The dataset will include a total of 824 speech samples, with 

414 samples from British English speakers and 410 samples from American 

English speakers.  
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Figure 3.1.2: Data Visual 

The data will cover various accents from within the regions of both British and 

American English, ensuring that the system is not biased toward a specific sub-

region. The dataset will be divided into a training set (80%) and a testing set 

(20%) to evaluate the system's performance. 

 

Table 3.1.2: Data Count 

Data Count 

British 414 

American 410 

 

Preprocessing: The preprocessing stage is crucial for removing irrelevant 

background noise and preparing the data for feature extraction. The raw speech 

samples will undergo several preprocessing steps, such as: 

Silence Removal: Removing silent portions of the speech to focus on actual speech 

content. 

Normalization: Normalizing the volume of speech samples to ensure uniformity 

in input data. 

Noise Filtering: Using algorithms to reduce background noise and improve the 

quality of the speech samples. 

Segmentation: Segmenting continuous speech into smaller units such as words 

or phrases, making the data easier to process. 

Feature Extraction: After preprocessing, the next step is feature extraction, 

which is the process of transforming raw speech data into a set of features that 

can be fed into machine learning models. The primary features extracted will 

include: 

MFCCs: Mel-frequency cepstral coefficients capture the spectral characteristics 

of the speech signal. MFCCs are essential for representing the phonetic content 

of the speech, which is critical for accent identification. 
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Figure 3.1.3: MFCCs Value 

 

Prosodic Features: These features include pitch, rhythm, speech rate, and 

duration, which are important for distinguishing between regional accents. 

Prosodic features will help differentiate accents that have similar phonetic 

characteristics but differ in their intonation patterns or speaking speed. 

Model Training: Once the features are extracted, machine learning models will 

be trained using the processed data. The following models will be employed: 

Naive Bayes: A probabilistic model that works well with high-dimensional data, 

making it suitable for speech classification tasks. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1.4: Naïve Bayes 
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KNN: A nonparametric model that classifies a sample based on the majority 

class of its nearest neighbors, making it effective for accent classification tasks. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1.5: Knn 

 

Random Forest: An ensemble learning method that combines the predictions of 

multiple decision trees to improve accuracy and robustness. 
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Figure 3.1.6: Random Forest 

 

Decision Trees: A supervised learning method that builds a tree-like structure to 

classify data based on feature values. It will be used to understand the feature 

importance in accent classification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1.7: Decision Tress 
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Model Evaluation: After training the models, they will be evaluated based on 

standard classification metrics, including: 

Accuracy: The percentage of correctly classified instances. 

Precision and Recall: These metrics will help evaluate the model’s ability to 

correctly identify British and American accents while minimizing false positives 

and negatives. 

F1 Score: A balance between precision and recall, providing a more 

comprehensive measure of model performance. 

Hyperparameter tuning will be conducted to optimize the models' performance. 

This involves adjusting model parameters, such as the number of trees in a 

Random Forest or the value of k in KNN, to improve classification results. 

Deployment: Once the models are trained and evaluated, the best-performing 

model will be deployed in a real-time accent classification system. This system 

will allow users to provide speech input and receive immediate feedback on 

whether the accent is British or American. The deployment will also involve 

integrating the system with a user-friendly interface, enabling easy access for 

both technical and non-technical users. 

 

3.1.3 Functional and Nonfunctional Requirements 

 
Data Collection: The system must be capable of collecting and storing speech 

samples from various speakers, ensuring a diverse set of accents from both 

British and American English regions. 

Preprocessing: The system should preprocess speech data by performing noise 

filtering, silence removal, and volume normalization to ensure the input data is 

of high quality. 

Feature Extraction: The system must extract essential features from speech, 

including MFCCs and prosodic features, such as pitch and rhythm. 

Model Training: The system should allow the training of machine learning 

models using the extracted features and ensure that the models are capable of 

classifying speech based on accent. 

Model Evaluation: The system must evaluate machine learning models based on 

performance metrics such as accuracy, precision, recall, and F1 score to 

determine the best model. 

Real-time Classification: The system must classify speech accents in real time 

and display results to users promptly. 

User Interface: The system should have an easy-to-use interface that allows 

users to upload or record speech samples and receive feedback on accent 

classification. 

Nonfunctional Requirements: 

Performance: The system should achieve an accuracy rate of at least 85% in 

classifying British and American English accents. 

Scalability: The system should be scalable to incorporate additional accents or 

speech samples in the future without a significant decrease in performance. 

Security: The system must ensure the security of speech data, protecting it from 

unauthorized access, and comply with relevant data protection regulations. 
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Usability: The user interface should be intuitive, making it accessible to a wide 

range of users, including non-technical users. 

Reliability: The system must operate reliably with minimal downtime and be 

able to classify accents consistently under different conditions. 

3.1.4 Context Diagram 

A context diagram represents the system’s interactions with external entities 

and shows the boundaries of the system. The context diagram for the proposed 

accent classification system would involve the following components: 

Users: The primary users, who will interact with the system by uploading or 

recording speech samples for accent classification. 

Speech Data: The speech samples provided by the users, which are processed and 

classified. 

Machine Learning Model: The core component responsible for classifying speech 

samples based on extracted features. 

User Interface: The graphical interface through which users will interact with the 

system and receive classification results. 

3.1.5 Data Flow Diagram Level 1 

The Level 1 Data Flow Diagram (DFD) for the accent classification system shows 

how data flows through different modules: 

User Input: Speech data is provided by the user, either through file upload or 

real-time voice recording. 

Preprocessing Module: Raw speech data is cleaned, and background noise is 

removed. 

Feature Extraction Module: Features like MFCCs and prosodic attributes are 

extracted from the cleaned speech. 

Model Training and Evaluation: The machine learning model is trained using 

the extracted features and evaluated based on its accuracy. 

Output: The final classification result (British or American accent) is displayed 

on the user interface. 

3.1.6 UI Design 

The user interface (UI) design of the system will be user-friendly and accessible 

to both technical and non-technical users. Key features of the UI will include: 

• Speech Input: A button to upload audio files or record speech directly 

through a microphone. 

• Real-time Feedback: An area on the UI where the results of the accent 

classification (e.g., “British Accent” or “American Accent”) are displayed. 

• Confidence Level: An optional feature to display the confidence level of the 

classification. 

• Error Handling: If the input speech cannot be processed, a message will 

inform the user to provide clearer speech or check the audio format. 
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This design will ensure that users can easily interact with the system and receive 

accurate accent classification results in real-time. 

This section outlines the implementation process of the accent classification 

system, focusing on environment setup, testing and evaluation, performance 

analysis, and comparative analysis of different machine learning models. 

Additionally, the results of the experiments and the subsequent discussion will 

be provided to highlight the system's effectiveness and potential areas for 

improvement. 

3.2 Detailed Methodology and Design 

The detailed methodology and design for this study encompass the systematic 

process of developing and implementing an accent classification system. The steps 

undertaken in this research are outlined as follows: 

Data Collection: The dataset consisted of 414 British English samples and 410 

American English samples. Speech samples were collected from publicly available 

repositories, ensuring balanced representation in terms of gender, age, and dialectal 

variation within each accent category. 

Feature Extraction: The audio data was preprocessed to extract key features that 

are critical for distinguishing accents. These features included: 

• Pitch: Variations in intonation patterns. 

• Formants: Frequencies representing vocal tract resonances. 

• MFCCs (Mel Frequency Cepstral Coefficients): Spectral properties of speech. 

• Phonetic Differences: Specific sound patterns unique to British and American 

English. 

Model Selection 

Four machine learning algorithms were selected for experimentation: 

1. Naive Bayes: A probabilistic model ideal for speech feature analysis. 

2. K-Nearest Neighbors (KNN): A distance-based classification algorithm. 

3. Random Forest: An ensemble-based learning approach. 

4. Decision Trees: A simple but interpretable model. 

Training and Validation 

The dataset was split into training (80%) and testing (20%) subsets. Each model was 

trained using the training data, and hyperparameter tuning was conducted through 

grid search. Cross-validation techniques ensured robust evaluation of model 

performance. 

Evaluation Metrics 

The performance of each model was evaluated based on: 

• Accuracy: Percentage of correct classifications. 

• Precision, Recall, and F1-Score: Metrics to evaluate class-specific performance. 

System Design 

A modular design approach was adopted, consisting of: 

• Preprocessing Module: For cleaning and preparing audio data. 

• Feature Extraction Module: For deriving relevant features. 

• Classification Module: For model predictions. 
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• Evaluation Module: For assessing the system's performance. 

3.3 Project Plan 

The project plan was structured into distinct phases to ensure systematic progress: 

1. Phase 1: Planning and Data Acquisition 

o Timeline: Week 1–2 

o Tasks: Define objectives, collect speech samples, and establish 

evaluation metrics. 

2. Phase 2: Preprocessing and Feature Extraction 

o Timeline: Week 3–4 

o Tasks: Remove noise, segment audio files, and extract MFCCs and 

other features. 

3. Phase 3: Model Development 

o Timeline: Week 5–6 

o Tasks: Implement and train Naive Bayes, KNN, Random Forest, and 

Decision Trees. 

4. Phase 4: Testing and Evaluation 

o Timeline: Week 7 

o Tasks: Conduct accuracy testing, cross-validation, and comparative 

analysis. 

5. Phase 5: Documentation and Presentation 

o Timeline: Week 8 

o Tasks: Compile findings, create visuals, and prepare the final report. 

Key milestones included dataset preparation, feature extraction, and model 

evaluation, each serving as a checkpoint for progress assessment. 

3.4 Task Allocation 

Task allocation was strategically divided among team members to ensure efficiency 

and specialization in critical areas: 

Table 3.4: Task Allocation 

 

Task Responsibility Deliverables 

Dataset 

Preparation 

Data Engineer Cleaned and labeled 

speech data 

Feature 

Extraction 

Audio Specialist Feature vectors (e.g., 

MFCCs) 

Model 

Development 

Machine 

Learning 

Engineer 

Trained models and 

codebase 

Evaluation 

and Analysis 

Data Analyst Comparative 

performance metrics 

Documentation 

and Reporting 

Technical Writer Final report and visuals 
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This division allowed for parallel task execution, minimizing delays and ensuring 

accountability. 

3.5 Summary 

This section outlined the detailed methodology and design, including the steps 

involved in data collection, preprocessing, feature extraction, and model training. A 

structured project plan provided a timeline for each phase, ensuring timely 

completion of objectives. Task allocation distributed responsibilities across 

specialized roles, enabling efficient workflow management. 

By adhering to this methodology, the research aimed to develop a robust accent 

classification system, providing insights into the strengths and limitations of 

different machine learning models. This framework serves as a solid foundation for 

replicability and scalability in future research endeavors. 
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Chapter 4 

 

Implementation and Results 

 
The successful implementation of the accent classification system requires a 

well-defined environment setup that ensures compatibility between the tools, 

libraries, and resources. The development environment for this project involves 

both hardware and software components: 

4.1 Environment Setup 

• Hardware Requirements: 

o Processor: Intel i7 or equivalent for efficient data processing and 

machine learning tasks. 

o RAM: At least 16 GB to handle the large datasets and ensure 

smooth operation of the system during training and testing. 

o Storage: A minimum of 100 GB of available disk space for storing 

datasets, model files, and outputs. 

o Audio Input: A microphone (if real-time speech input is included) 

with high-quality recording capabilities. 

• Software Requirements: 

o Operating System: Windows or Linux (Ubuntu preferred) to ensure 

compatibility with Python-based libraries and tools. 

o Programming Language: Python 3.x, chosen for its robust support 

of machine learning and speech processing libraries. 

o Libraries and Tools: 

▪ Speech Recognition Libraries: SpeechRecognition, pyaudio, 

or librosa for handling audio data. 

▪ Machine Learning Libraries: scikit-learn for implementing 

and evaluating machine learning models, numpy, and 

pandas for data manipulation. 

▪ Deep Learning Frameworks (if necessary): TensorFlow or 

PyTorch for more advanced models. 

▪ Preprocessing Tools: scipy and librosa for audio signal 

processing tasks like noise removal and feature extraction. 
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▪ Model Training Tools: scikit-learn's built-in functions for 

model training, cross-validation, and hyperparameter 

tuning. 

• Development Tools: 

▪ IDE: Visual Studio Code (VS Code) for code writing, debugging, and 

testing. 

▪ Version Control: Git for code versioning and collaboration. 

▪ Data Management: CSV files or databases to store labeled accent 

data, along with logs and intermediate outputs during system 

execution. 

The environment setup is critical to ensure seamless data processing, model 

training, and real-time classification tasks. It allows for smooth integration of 

different components of the system, such as data input, feature extraction, model 

training, and user interface. 

4.2 Comparative Anal ysis 

Once the system is implemented, rigorous testing and evaluation are conducted 

to assess its performance and validate its ability to classify British and American 

accents accurately. This phase also involves a comparative analysis of the 

performance of the various machine learning models. 

▪ Testing Methodology: 

o Data Split: The dataset is divided into a training set (80%) and a 

testing set (20%). The training set is used to train the models, while 

the testing set evaluates their generalization capability. 

o Cross-Validation: K-fold cross-validation is used to assess the 

stability of the models and ensure that the results are not biased by 

the choice of the training and testing splits. 

o Evaluation Metrics: Standard metrics such as accuracy, precision, 

recall, F1 score, and confusion matrix are used to evaluate model 

performance. These metrics give insight into the system's ability to 

classify accents correctly and handle misclassifications. 

▪ Performance Analysis: The performance of the machine learning models is 

evaluated based on the following metrics: 

o Accuracy: This measures the percentage of correct predictions (i.e., 

how often the model correctly identifies the accent). 

o Precision: The proportion of positive predictions that are actually 

correct (important for avoiding false positives). 

o Recall: The proportion of actual positives that are correctly 

predicted (important for avoiding false negatives). 

o F1 Score: A harmonic mean of precision and recall, providing a 

balanced measure of performance. 
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▪ Comparative Analysis: A key component of this phase is comparing the 

performance of different machine learning models to identify which one 

performs best in the task of accent classification. 

o Naive Bayes: Known for its simplicity and efficiency, Naive Bayes 

performs well with high-dimensional data and is expected to be a 

strong contender in this classification task. 

o K-Nearest Neighbors (KNN): A distance-based model, KNN is 

sensitive to feature scaling and data distribution. It will be 

compared to Naive Bayes to assess its performance on accent 

classification. 

o Random Forest: An ensemble learning model, Random Forest 

combines multiple decision trees to improve predictive accuracy. Its 

performance will be compared with that of simpler models like 

Naive Bayes and KNN. 

o Decision Trees: A basic yet interpretable model, Decision Trees will 

be evaluated to understand how well they handle the accent 

classification task compared to more complex models. 

Each model will be evaluated using the same test dataset to ensure a fair 

comparison, and the results will be analyzed to determine the model that delivers 

the best balance between accuracy, precision, and recall. 

4.3 Results and Discussion 

After testing and evaluating the system, the results of the accent classification 

are presented, followed by a discussion of the findings. 

▪ Model Performance: 

o Naive Bayes achieved the highest accuracy of 84.24%. This result 

indicates that Naive Bayes was able to effectively capture the 

distinguishing features between British and American English 

accents, likely due to its ability to handle high-dimensional data 

well. Its probabilistic approach enables it to make robust 

predictions even with complex data. 

o K-Nearest Neighbors (KNN) followed closely with an accuracy of 

78.79%. While KNN performed reasonably well, it is more sensitive 

to the data's distribution and feature scaling. This could explain 

the slight drop in accuracy compared to Naive Bayes. 

o Random Forest delivered an accuracy of 78.18%. Despite being an 

ensemble learning method, its performance was slightly lower than 

KNN. This could be due to the complexity of the model, which 

might have led to overfitting on the training data. 

o Decision Tree achieved the lowest accuracy of 76.36%. While 

Decision Trees are interpretable and easy to understand, they tend 

to perform poorly on tasks where the relationships between 
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features are complex, which might explain their lower performance 

on accent classification. 

Discussion: The findings suggest that probabilistic models, like Naive Bayes, 

perform best in this task. The results also highlight the trade-off between model 

complexity and performance: while more complex models like Random Forest 

and KNN provide some improvement, they are not necessarily more accurate 

than simpler models. Decision Trees, though interpretable, are less suited for 

this task due to their tendency to overfit on the training data. 

Additionally, the study shows that features such as MFCCs and prosodic 

attributes, including pitch and rhythm, play a significant role in distinguishing 

between British and American English accents. The results imply that accent 

classification can benefit from a combination of both phonetic and prosodic 

features, which should be considered in future models. 

4.4 Summary 

In this section, a comprehensive analysis of the implementation and results of 

the accent classification system has been provided. The purpose of this study was 

to develop a robust system capable of distinguishing between British and 

American English accents using machine learning models. The results of this 

research demonstrated that Naive Bayes outperformed all other models in terms 

of classification accuracy, achieving an impressive accuracy rate of 84.24%. This 

result was followed closely by the K-Nearest Neighbors (KNN) model with an 

accuracy of 78.79%, Random Forest at 78.18%, and Decision Trees at 76.36%. 

The comparative performance of these models revealed interesting insights into 

the effectiveness of various machine learning algorithms for speech-based 

classification tasks. 

The Naive Bayes classifier's superior performance can be attributed to its 

probabilistic nature, which enables it to effectively model the relationship 

between the extracted speech features (such as Mel-frequency cepstral 

coefficients or MFCCs) and the class labels (British or American accent). Naive 

Bayes works well with data where the features are conditionally independent, 

making it a natural fit for this accent classification task. Its simplicity, combined 

with its ability to generalize well on unseen data, highlights its suitability for 

this kind of task. 

On the other hand, K-Nearest Neighbors (KNN), which is based on proximity 

and similarity, showed decent performance but was more sensitive to noise in 

the data. The model’s accuracy can vary significantly depending on the choice of 

hyperparameters, such as the number of neighbors (K) and the distance metric 

used. While KNN did not outperform Naive Bayes, its relatively strong showing 

indicates that proximity-based methods still have potential in this domain, 

especially when computational efficiency and ease of implementation are 

considered. 
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The Random Forest model, an ensemble of decision trees, achieved a respectable 

accuracy but was still outperformed by Naive Bayes and KNN. Despite being a 

robust model that typically performs well on complex datasets, its performance 

in this task suggests that a simpler approach might be more effective for accent 

classification. This could be due to the inherent structure of the data or the 

overfitting tendencies of ensemble methods when applied to relatively clean and 

well-labeled datasets like this one. 

The Decision Trees, while interpretable and easy to visualize, showed the lowest 

performance among the models tested. Their accuracy was lower because they 

tend to overfit the training data, which limits their ability to generalize well to 

new, unseen data. Decision Trees, being non-linear classifiers, struggle with 

more complex decision boundaries in feature spaces, which could be one of the 

key reasons for their underperformance in accent classification. 

The findings from this comparative analysis underscore the importance of 

selecting the right model based on the nature of the data and the specific task at 

hand. The results demonstrate that while more complex models such as Random 

Forest and Decision Trees offer certain advantages in terms of flexibility and 

interpretability, simpler models like Naive Bayes may outperform them in 

certain classification tasks, particularly when the feature space is relatively 

well-defined and the problem does not require excessive model complexity. 

Moreover, the study highlights the crucial role of feature selection in the accent 

classification task. The Mel-frequency cepstral coefficients (MFCCs) were found 

to be highly effective in capturing the unique characteristics of speech that 

distinguish the British and American accents. This emphasizes the need for 

careful consideration of feature extraction techniques in any speech recognition 

or classification task. 

While the current results are promising, this research also points to several 

areas for future improvement. First, deep learning models, such as convolutional 

neural networks (CNNs) or recurrent neural networks (RNNs), could be explored 

for better performance. These models are capable of learning more complex 

patterns from raw audio data and could potentially achieve higher classification 

accuracy by leveraging the vast amount of data available. Furthermore, 

combining multiple features, including prosodic elements (e.g., pitch, rhythm, 

and intonation) alongside MFCCs, could offer even more nuanced insights into 

accent classification, further enhancing the system's accuracy. 

In conclusion, the results of this study make a significant contribution to the field 

of speech-based classification. The success of Naive Bayes in accent 

classification, coupled with the insights gained from comparing various models, 

offers valuable guidance for the development of future speech recognition 

systems. The findings suggest that probabilistic models such as Naive Bayes can 

be highly effective for accent classification tasks, especially when the feature 

space is relatively simple and well-structured. However, there is still 

considerable potential for improving the system’s performance, particularly 
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through the use of more advanced models like deep learning and multi-feature 

fusion techniques. Future research should explore these avenues to build even 

more accurate and robust systems for accent classification, ultimately paving the 

way for more effective speech-based technologies that can cater to a broader 

range of applications. 
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Chapter 5 

 

Engineering Standards and 

Design Challenges 

 
The design and development of the accent classification system were carried out 

with strict adherence to relevant industry standards. These standards ensure 

that the system functions effectively and integrates seamlessly with existing 

technologies. They provide a set of rules, guidelines, and best practices to 

maintain consistency, quality, and security across the system. 

5.1 Compliance with the Standards 
 

The project adhered to various standards, ranging from software and hardware 

requirements to communication protocols, all of which are discussed in the 

following sections 

5.1.1 Software Standards 

 
The software development for the accent classification system followed a set of 

established standards aimed at ensuring consistency, maintainability, and 

scalability. The primary software-related standards adhered to include: 

Programming Best Practices: 

The system was developed using Python, adhering to the guidelines set by the 

PEP 8 style guide, ensuring that the code was clean, readable, and maintainable. 

This includes conventions for naming variables, organizing files, and writing 

clear, understandable documentation. 

Version Control: Git was used for version control to track changes in the codebase 

and allow for collaborative development. GitHub was utilized to store the code 

and facilitate easy collaboration and access. 

Modular Programming: 

The system’s design followed modular programming practices, which involved 

creating independent, reusable modules that could be easily integrated into the 

overall system. This approach not only made the system more maintainable but 

also allowed for easier testing and debugging. 
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The Model-View-Controller (MVC) design pattern was adopted to separate the 

logic of the system from the user interface, ensuring clean separation of concerns 

and scalability for future improvements. 

Library and Framework Standards: 

The system used popular and well-documented libraries and frameworks like 

scikit-learn, librosa, and TensorFlow (for potential future enhancements), all of 

which follow open-source software standards and are widely recognized in the 

machine learning and data science communities. 

Data Privacy and Security: 

Any sensitive data, such as user information, was protected by encryption, 

following established data security standards, such as General Data Protection 

Regulation (GDPR) for compliance with privacy laws. This ensures that any 

future deployment of the system respects user privacy and protects data 

integrity. 

Testing and Documentation Standards: 

Thorough unit testing was performed using the unittest module in Python, 

ensuring that each module functioned as expected. The system’s documentation 

followed industry standards for software documentation, including clear 

explanations of functionality, installation instructions, and usage guidelines. 

5.1.2 Hardware Standards 

The hardware components used for developing and running the accent 

classification system were selected based on industry standards to ensure that 

the system would be efficient, reliable, and scalable. The hardware requirements 

were designed to meet the performance demands of machine learning and speech 

processing tasks. Key hardware standards include: 

Processor and Memory: 

The system was designed to run on computers with multi-core processors such 

as Intel Core i7 (or equivalent), which comply with industry standards for high-

performance computing. This allows the system to handle the computational 

complexity of machine learning algorithms efficiently. 

16 GB of RAM was chosen as the standard for memory, following current 

industry standards for data science and machine learning tasks that require 

substantial memory to process large datasets. 

Storage: 

A solid-state drive (SSD) with at least 100 GB of storage was used for faster 

read/write operations and to handle the large datasets involved in speech 

classification. SSDs are now the standard for high-performance computing and 

provide a significant advantage over traditional hard disk drives (HDDs). 

Audio Input Devices: 

The system assumes the use of high-quality microphones for recording speech 

samples. These microphones meet industry standards for capturing clear and 

high-fidelity audio, which is essential for accurate speech recognition and accent 

classification. Standard microphone specifications, such as sample rate (44.1kHz 
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or higher) and bit depth (16-bit), ensure the best possible quality for speech data 

collection. 

Graphics Processing Unit (GPU): 

While the system did not rely on deep learning in the initial phase, the use of 

NVIDIA GPUs (e.g., Tesla or GeForce) was considered for future implementation 

involving deep neural networks. GPUs are the standard for accelerating machine 

learning models, especially when working with large volumes of data. 

Network and Connectivity: 

The hardware setup adhered to Ethernet standards for wired network 

connections to ensure high-speed data transfer, while wireless connections 

followed Wi-Fi 5 (802.11ac) standards for robustness and speed during testing 

and potential cloud-based deployments. 

5.1.3 Communication Standards 

In the context of accent classification, communication between various 

components of the system—such as data storage, model training, testing, and 

user interface—must adhere to established communication standards to ensure 

smooth operation and integration. These standards facilitate the seamless 

exchange of information across different subsystems, ensuring optimal 

performance. The communication-related standards followed include: 

Data Transfer Protocols: 

The system adheres to HTTP/HTTPS for secure communication between the 

front-end and back-end, particularly for web-based applications where the user 

interacts with the system. For the internal communication between services, 

RESTful APIs were designed to allow efficient data exchange using JSON as the 

standard format. 

Audio Data Communication: 

For speech input, the system ensures that audio files are transferred using 

standard audio encoding formats, such as WAV and MP3, which are widely 

accepted and supported by various audio processing libraries and tools. 

Cloud Storage Communication: 

If the system were deployed in a cloud environment, it would comply with cloud 

communication standards, including AWS S3 for cloud storage and Amazon EC2 

for hosting the models. These standards ensure secure data storage and scalable 

access for users across different geographical locations. 

Error and Event Logging: 

To maintain transparency and troubleshoot any issues that arise during 

operation, the system follows industry best practices for logging communication. 

The logs are captured using industry-standard logging libraries, such as Log4j 

or Python’s logging module, and stored securely for easy retrieval and analysis. 

 

5.2 Impact on Society, Environment and Sustainability 

 
This section discusses the broader impact of the accent classification system on 

society, the environment, and sustainability. The potential of this system 
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extends beyond just academic or technological domains, and it is crucial to assess 

how it might influence various aspects of life, societal norms, and ecological 

sustainability. Additionally, ethical concerns and sustainability plans are 

discussed to ensure that the system’s development aligns with global standards 

for responsible innovation and progress. 

5.2.1 Impact on Life 

The introduction of advanced systems like the accent classification system has 

the potential to significantly impact various aspects of daily life. The 

development of speech-based technologies that accurately classify and 

understand accents will enhance communication between individuals and 

automated systems across diverse linguistic and cultural backgrounds. Some of 

the key impacts include: 

Improved Accessibility: 

The system can enhance accessibility for individuals with different regional 

accents, ensuring that speech recognition systems are more inclusive and 

capable of understanding diverse dialects. This is particularly crucial in 

applications such as virtual assistants, customer service bots, and other 

automated speech systems that previously may have struggled to understand 

regional variations in accent. By enabling more accurate recognition, it ensures 

equal access to technology for a broader range of users. 

Better Language Learning: 

The system’s capabilities can be applied to language learning applications, where 

users can receive feedback on their pronunciation, helping them improve their 

language skills. By recognizing various accents and providing corrective 

feedback, the system can aid non-native speakers in refining their pronunciation 

to sound more like native speakers. 

Enhanced Communication: 

With accurate accent classification, voice-based communication technologies, 

such as speech-to-text transcription and language translation systems, can offer 

more reliable outputs. This ensures better communication across regional and 

international borders, reducing misunderstandings in both personal and 

professional settings. 

Support for Voice-Based Applications: 

The system can help improve a wide array of voice-based applications, such as 

those used in healthcare (e.g., speech therapy), customer service, and interactive 

entertainment (e.g., voice-controlled video games or virtual reality experiences). 

By improving these services, the system directly impacts users' daily lives by 

enabling more efficient and accurate interactions. 

Increased Efficiency in Global Business: 

For businesses operating on a global scale, accent classification technology can 

streamline customer interactions by enabling automated systems to understand 

and respond to customers' accents, reducing the need for human intervention. 

This can significantly improve operational efficiency and customer satisfaction, 

particularly in industries like call centers and global customer service. 
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5.2.2 Impact on Society & Environment 

The societal impact of the accent classification system can be transformative, 

especially as the system becomes more widely adopted. This technology plays a 

role in bridging communication gaps and advancing social inclusion. Some 

specific societal and environmental impacts include: 

Bridging Regional Divides: 

By reducing the barriers caused by accents in voice recognition systems, the 

technology can facilitate greater inclusivity across different regional and cultural 

groups. This helps to reduce the digital divide, where people from certain regions 

face disadvantages in using technology due to their accents. The system’s ability 

to classify and process various regional speech patterns promotes diversity and 

inclusion. 

Promoting Global Connectivity: 

The ability to accurately classify accents will contribute to the global integration 

of voice-activated technologies. As communication becomes increasingly global, 

the demand for systems capable of understanding diverse accents will rise. This 

technology will foster improved communication between people from different 

countries and cultures, supporting international business, diplomacy, and 

collaboration. 

Improved Accessibility for People with Speech Impairments: 

The system can also be designed to assist individuals with speech impairments 

who may have non-standard accents or speech patterns. By training models to 

recognize a wider range of speech characteristics, the system can be used to 

develop assistive technologies that help people with speech disabilities 

communicate more effectively. This could improve their participation in society 

and access to services, including healthcare and education. 

Environmental Considerations: 

In terms of environmental impact, the development of this technology primarily 

influences the digital ecosystem. The system’s reliance on machine learning 

models and computational resources could contribute to increased energy 

consumption, especially when training models on large datasets. However, cloud-

based services can help optimize resource usage, as they are typically more 

energy-efficient due to their scale and ability to adjust to demand. Additionally, 

as more businesses and individuals adopt cloud computing services with 

renewable energy sources, the environmental impact of technology like this can 

be mitigated. 

Educational Opportunities: 

On a societal level, this system could have an impact on educational systems, 

particularly in courses focused on linguistics, artificial intelligence, and machine 

learning. Universities and educational institutions could utilize this system as a 

teaching tool, providing students with real-world applications of AI and speech 

processing technologies. By doing so, it not only educates the next generation of 

technology professionals but also spreads awareness of the importance of 

inclusivity in AI systems. 
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5.2.3 Ethical Aspects 

As with any technology, the development of accent classification systems raises 

important ethical considerations that must be carefully addressed to avoid 

potential harm and ensure responsible use. Some of the key ethical concerns 

associated with this system include: 

▪ Bias and Fairness: 

o A significant ethical challenge is ensuring that the system is not 

biased against certain accents. Machine learning models, 

especially those trained on large datasets, can inadvertently 

perpetuate biases that exist within the data. For example, if the 

training data is predominantly from one region or demographic 

group, the system may struggle to classify other accents accurately. 

It is essential to ensure that the dataset is diverse and 

representative of all regional accents to avoid discrimination. 

▪ Privacy and Data Security: 

o The use of speech data raises privacy concerns, particularly when 

it comes to storing and processing personal information. The 

system must comply with global privacy laws, such as the General 

Data Protection Regulation (GDPR), to ensure that user data is 

handled ethically and securely. All audio recordings used for 

training and testing purposes must be anonymized, and users 

should have control over how their data is used. 

▪ Transparency and Accountability: 

o There must be transparency in how the accent classification system 

works. Users should be informed about how their data is processed, 

the decisions made by the system, and how the technology is 

designed. Furthermore, accountability mechanisms should be put 

in place to address any errors or inaccuracies that the system may 

produce, ensuring that users are not unfairly affected by incorrect 

classifications. 

▪ Social Implications: 

o The widespread adoption of accent classification systems could lead 

to unintended social consequences, such as reinforcing societal 

stereotypes based on accents. It is important to ensure that the 

technology is used responsibly and does not perpetuate harmful 

assumptions about particular accents or dialects. Public awareness 

and careful management are necessary to avoid such negative 

impacts. 

5.2.4 Sustainability Plan 

The long-term sustainability of the accent classification system requires a plan 

that balances technological advancement with environmental responsibility. 

This includes considerations for ongoing improvements, energy efficiency, and 
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the system’s potential for positive societal impact. Key components of the 

sustainability plan include: 

Efficient Resource Management: 

Ensuring that the system’s computational requirements are optimized will help 

minimize energy consumption. This includes utilizing energy-efficient hardware 

for both training and inference processes, leveraging cloud services with 

renewable energy sources, and optimizing machine learning models to reduce 

computational overhead. 

Continuous Improvement: 

To maintain relevance and effectiveness, the system must be continuously 

updated to accommodate new accents and dialects, evolving speech patterns, and 

advancements in machine learning techniques. A sustainable plan involves 

regularly retraining the models with updated, diverse data to ensure accuracy 

and fairness. 

Scalability and Long-Term Viability: 

The system must be scalable to accommodate future growth, both in terms of the 

number of users and the diversity of accents. Building scalable infrastructure 

will ensure that the system can handle increased demand without compromising 

performance or efficiency. This involves creating flexible architectures that can 

easily adapt to future developments in both hardware and software. 

Social Responsibility: 

As the system becomes more widely adopted, it is crucial that it contributes 

positively to society. A focus on inclusivity, fairness, and accessibility will ensure 

that the technology serves the needs of all users, regardless of background or 

accent. Additionally, partnerships with organizations working on diversity and 

inclusion initiatives can help align the system with societal goals of reducing 

inequality. 

In conclusion, the accent classification system has the potential to create a 

significant positive impact on society, the environment, and long-term 

sustainability. By addressing key ethical concerns and implementing a robust 

sustainability plan, the system can evolve into a tool that not only benefits 

individuals but also supports broader societal and environmental goals. 

 

5.3 Project Management and Financial Analysis 
 

This section delves into the comprehensive project management strategies 

employed throughout the development of the accent classification system. 

Effective project management is crucial to the success of any complex 

engineering project, as it ensures that resources are optimally utilized, tasks are 

completed on time, and the system meets its objectives. Additionally, financial 

analysis plays a key role in ensuring that the project remains within budget 

while achieving its desired outcomes. This section will discuss the overall 

management approach, including time management, resource allocation, cost 

estimation, risk analysis, and financial considerations. 
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A thorough financial analysis was conducted to estimate the total cost of 

developing the accent classification system. The aim was to ensure that the 

project remained within budget while meeting the desired objectives. The 

analysis included cost estimations for software, hardware, manpower, and 

operational expenses. The following financial aspects were considered: 

Development Costs: 

Software development and data preprocessing required significant 

computational resources. The cost of purchasing cloud-based computational 

services, including machine learning model training and testing, accounted for a 

large portion of the budget. Additionally, costs related to data storage, 

maintenance, and access to diverse regional speech datasets were factored into 

the development costs. By leveraging cloud services, the project minimized the 

need for expensive physical hardware, which helped optimize the budget. 

Personnel Costs: 

A skilled team of machine learning engineers, data scientists, software 

developers, and project managers was assembled to work on the project. The 

personnel costs were a major part of the project’s financial analysis, with each 

team member contributing to different aspects of the system’s design, 

implementation, and testing. Labor costs were estimated based on hourly wages, 

the expected number of hours each member would work, and the duration of the 

project. 

Operational and Maintenance Costs: 

After the system was deployed, ongoing maintenance and updates were 

necessary to ensure its continued functionality. The operational costs included 

server and cloud service fees for hosting the system, as well as the cost of 

software updates and model retraining to accommodate new data and improve 

performance. These costs were anticipated for the system's lifespan and were 

included in the financial analysis to provide a comprehensive view of the total 

cost of ownership. 

Risk Management: 

Financial buffers were allocated to account for potential risks such as scope 

changes, delays, or unexpected technical challenges. These buffers provided 

financial flexibility, ensuring that the project could continue even in the event of 

unforeseen complications. The project manager closely monitored the budget to 

avoid overruns, ensuring that adjustments were made when necessary to stay 

within the financial plan. 

5.4 Complex Engineering Problem 

The development of an accent classification system involves a wide range of 

complex engineering problems. These challenges arise from the inherent 

difficulty of accurately classifying diverse accents, which require sophisticated 

machine learning models, extensive computational resources, and careful design 

of the system architecture. This section discusses the key engineering problems 

encountered throughout the project and the methods employed to resolve them. 
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5.4.1 Complex Problem Solving 

In this section, we provide a mapping of the complex problem-solving categories 

to the challenges encountered in the development of the accent classification 

system. This analysis helps in understanding the depth of the problem-solving 

process and the knowledge required to address various issues. The following 

table, Table 5.1, shows how the complex problem-solving elements were applied 

to different aspects of the project. 

Table 5.4.1: Complex Problem Solving 

Complex 

Problem Solving 

Elements (EP) 

Description 

EP1: Dept of 

Knowledge 

The knowledge required for accent 

classification ranged from basic speech 

processing concepts to advanced machine 

learning techniques. The project required an 

extensive understanding of linguistic 

variations, speech data handling, and machine 

learning algorithms. 

EP2: Range of 

Conflicting 

Requirements 

The project faced conflicting requirements, such 

as the need for high classification accuracy 

while maintaining real-time performance. 

There was also a trade-off between model 

complexity (deep learning models) and 

simplicity (Naive Bayes). 

EP3: Depth of 

Analysis 

The project required deep analysis in areas like 

speech feature extraction, model optimization, 

and bias minimization. Detailed performance 

evaluation of multiple machine learning 

algorithms was crucial to identifying the most 

effective model. 

EP4: 

Familiarity of 

Issues 

While speech classification is a well-established 

field, the accent classification challenge 

introduced complexities, such as accurately 

differentiating between subtle regional accents. 

This required familiarity with both linguistic 

features and machine learning approaches. 

EP5: Extent of 

Applicable 

Codes 

The classification system required the 

implementation of advanced machine learning 

algorithms, data preprocessing techniques, and 

efficient coding for large datasets. The project 

adhered to standard practices in machine 

learning but also involved writing custom code 

for specific needs. 
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EP6: Extent of 

Stakeholder 

Involvement 

Stakeholder involvement was moderate; 

however, feedback from users and domain 

experts in linguistics played an important role 

in ensuring the system’s relevance and accuracy 

in real-world applications. 

EP7: 

Interdependenc

e 

There was a high level of interdependence 

between different system components: data 

preprocessing, model selection, and user 

interface design all required coordination to 

ensure a seamless experience for end users. 

 

This table provides a mapping between EP1 (Department of Knowledge) and the 

required knowledge profile for solving the complex problem of accent 

classification. The rationale for each profile is explained below. 

 

Table 5.4.2: Knowledge Profile 

Knowledge Profile 

(K) 

Rationale 

K3: Engineering 

Fundamentals 

Fundamental knowledge of signal 

processing and speech recognition is 

essential for handling and analyzing 

speech data, which forms the basis of this 

accent classification system. 

K4: Specialist 

Knowledge 

Advanced expertise in machine learning 

algorithms, specifically those suitable for 

speech data (e.g., Naive Bayes, KNN, 

Random Forest), was crucial to model 

selection and optimization. 

K5: Engineering 

Design 

The design of the system architecture, data 

processing pipeline, and machine learning 

model flow required deep engineering 

design knowledge to ensure scalability and 

efficiency. 

K6: Engineering 

Practice 

Real-world applications of the system 

required knowledge of how machine 

learning can be practically deployed, 

tested, and optimized for a diverse user 

base and variable speech inputs. 

K8: Research 

Literature 

Research literature provided insights into 

the latest advancements in speech-based 

classification, accent recognition, and the 

use of machine learning in linguistics, 

guiding the choice of methodologies and 

model tuning. 
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• Engineering Fundamentals (K3): A strong foundation in signal processing 

is essential to extract key features from raw speech data, such as pitch, tone, and 

phonetic differences, which are critical for distinguishing accents. This 

knowledge ensures the speech data can be preprocessed effectively for machine 

learning applications. 

• Specialist Knowledge (K4): Machine learning algorithms, especially 

probabilistic and ensemble methods like Naive Bayes and Random Forest, 

require a higher level of expertise. Understanding their application to speech 

data and the challenges in model evaluation (e.g., bias, overfitting) is essential 

for accurate classification. 

• Engineering Design (K5): The project required innovative system 

architecture design to integrate different components—data preprocessing, 

model training, and user interface—into a coherent system. Efficient data flow 

and interaction between these elements ensured that the system could process 

and classify speech data effectively. 

• Engineering Practice (K6): Applying machine learning models in a real-

world context demands practical knowledge of how to deploy and maintain the 

system. Knowledge of cloud computing and scalable architectures was vital to 

ensure that the system could handle a large volume of data from diverse accents. 

• Research Literature (K8): The literature on speech classification and 

accent recognition, especially in the context of regional variations, provided 

valuable insights into previous approaches and helped identify the gaps in 

existing systems. This informed the selection of algorithms and feature 

extraction techniques that were most effective for this project. 

By mapping these categories and knowledge profiles, we can clearly see how the 

complex problem of accent classification was tackled with appropriate 

engineering principles, machine learning techniques, and real-world knowledge. 

This approach provided a holistic framework for addressing the challenges posed 

by the project and improving the overall performance of the system. 

5.4.2 Engineering Activities 

Several engineering activities were involved in the development of the accent 

classification system. Each activity contributed to the successful execution of the 

project and helped solve the challenges mentioned above. 

System Architecture Design: 

The system was designed with modular architecture, ensuring that different 

components, such as data input, preprocessing, model training, and output 

generation, could function independently. This design allowed for easy updates 

and maintenance and ensured that the system was both flexible and scalable. 

Cloud infrastructure was chosen to handle computational loads, ensuring that 

the system could scale efficiently. 

Model Training and Testing: 

Machine learning models were trained using a diverse dataset containing British 

and American English samples. Data was processed and used to train models, 

and their performance was evaluated on separate test datasets. The models were 



©Daffodil  International  University 49  

optimized for accuracy, with particular attention given to how well they handled 

accent variation. Testing was a critical step in identifying areas where the 

models needed further improvement. 

User Interface (UI) Development: 

The system’s UI was designed to be intuitive and user-friendly, allowing users 

to easily input speech samples and view the results. The UI included features for 

users to upload speech samples, view classification results, and provide feedback 

on system performance. Accessibility was a priority, ensuring that users from 

various linguistic and cultural backgrounds could interact with the system with 

ease. 

Integration and Deployment: 

The final step in the engineering process involved the integration of all 

components into a single, cohesive system. After integration, the system was 

deployed to the cloud, where it could be accessed by users in real-time. 

Deployment included ensuring that the system was stable, secure, and capable 

of handling high volumes of traffic. 

 

5.5 Summary 
 

In conclusion, the development of the accent classification system involved 

tackling a number of complex engineering challenges, including data 

preprocessing, model selection, scalability, and addressing bias. The project was 

managed effectively through a structured approach, ensuring that resources 

were allocated efficiently, risks were mitigated, and the project stayed on 

schedule and within budget. Financial analysis ensured that the project was 

cost-effective, while the system’s engineering activities ensured that the system 

was capable of handling real-world data efficiently and accurately. By addressing 

these challenges, the project delivered a robust and scalable solution that will 

have a significant impact on the field of speech classification and related 

technologies. 
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Chapter 6 

 

Conclusion 

 
In conclusion, the development of the accent classification system involved 

tackling a number of complex engineering challenges, including data 

preprocessing, model selection, scalability, and addressing bias. The project was 

managed effectively through a structured approach, ensuring that resources 

were allocated efficiently, risks were mitigated, and the project stayed on 

schedule and within budget. Financial analysis ensured that the project was 

cost-effective, while the system’s engineering activities ensured that the system 

was capable of handling real-world data efficiently and accurately. By addressing 

these challenges, the project delivered a robust and scalable solution that will 

have a significant impact on the field of speech classification and related 

technologies. 

This section provides a detailed summary of the research findings, discusses the 

limitations encountered during the study, and offers recommendations for future 

work in the field of accent classification using machine learning models. The 

research aimed to develop a reliable system for classifying British and American 

English accents by leveraging advanced machine learning techniques. The 

insights from this study are significant for the ongoing development of speech-

based technologies that require accurate accent detection. 

6.1 Summary 

The goal of this research was to design and implement a system capable of 

classifying British and American English accents based on speech data using 

machine learning algorithms. The dataset comprised 414 British and 410 

American English speech samples, providing a diverse yet focused sample for 

accent classification tasks. Various feature extraction techniques were applied 

to the speech data, with the primary features being pitch, tone, and phonetic 

differences, which are key indicators of accent variation. 

In terms of machine learning models, four algorithms were evaluated: Naive 

Bayes, K-Nearest Neighbors (KNN), Random Forest, and Decision Trees. The 

performance of each model was assessed based on classification accuracy and 

other key metrics such as precision, recall, and F1-score. The results revealed 
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that the Naive Bayes model achieved the highest accuracy of 84.24%, making it 

the most effective model for the task. The Naive Bayes classifier excelled due to 

its probabilistic nature, which allowed it to capture the subtle differences in 

accent-related speech features effectively. 

K-Nearest Neighbors (KNN) followed closely with an accuracy of 78.79%, 

showcasing its ability to classify accents based on proximity in feature space. 

Random Forest, an ensemble learning model, also performed well with an 

accuracy of 78.18%, benefiting from its ability to aggregate predictions from 

multiple decision trees. However, the Decision Tree model, while effective in 

simpler tasks, showed the lowest performance at 76.36%. This result suggests 

that more complex models, such as ensemble methods, generally outperform 

single-tree models in tasks involving speech data. 

The research highlighted the importance of selecting the right machine learning 

model and feature engineering techniques for accent classification tasks. Feature 

extraction, which focused on pitch, tone, and phonetic features, proved to be a 

critical step in ensuring the success of the classification models. Additionally, the 

study demonstrated the value of Naive Bayes in accent classification tasks, 

showing that simpler models can be effective when the problem space is well 

understood and feature selection is optimized. 

The findings also indicated that model performance is heavily influenced by the 

quality and diversity of the training dataset. Although the dataset used in this 

study was a good representation of British and American accents, it was limited 

in scope and did not fully account for the vast regional differences within both 

accents. Including a more diverse set of speech samples could improve the 

generalizability and robustness of the models, enabling them to better handle 

variations in speech that go beyond the British and American categories. 

6.2 Limitation 

While this study provides valuable insights into the application of machine 

learning for accent classification, several limitations must be acknowledged: 

1. Limited Dataset: The dataset used in this research consisted of 414 British 

and 410 American English speech samples. While this sample size was sufficient 

for the purposes of the study, it did not encompass the full range of regional 

accents within both British and American English. There are numerous regional 

dialects and variations in both accents, such as Cockney, Scottish, and Southern 

American, which were not represented. The lack of these diverse regional accents 

may have limited the generalizability of the findings to the broader spectrum of 

British and American English. A more diverse dataset would allow the model to 

better distinguish subtle differences within each accent and improve accuracy. 

2. Feature Selection Limitations: The feature extraction process was based 

primarily on acoustic features, such as pitch, tone, and phonetic cues. While 

these features are important for accent classification, they may not fully capture 

the complexity of the linguistic differences between accents. Other linguistic 
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features, such as rhythm, stress patterns, and prosodic cues, could be included 

in future studies to improve the accuracy of the model. Additionally, advanced 

feature extraction techniques, such as deep feature learning, could be employed 

to extract more complex, higher-dimensional features that might offer more 

discriminative power for accent classification. 

3. Model Complexity: This study focused on traditional machine learning 

algorithms such as Naive Bayes, KNN, Random Forest, and Decision Trees. 

While these models performed well, they are relatively simple compared to more 

complex approaches such as deep learning models. Although Naive Bayes 

outperformed the other models, it is a probabilistic model that makes strong 

assumptions about feature independence, which might limit its ability to capture 

more complex patterns in the data. Future work could explore the use of deep 

learning models, such as convolutional neural networks (CNNs) or recurrent 

neural networks (RNNs), which have been successful in speech recognition tasks 

and could potentially achieve higher accuracy. 

4. Real-time Processing Challenges: The system developed in this study was 

not optimized for real-time speech processing, which is an important 

consideration for practical applications. Speech classification models often 

require significant computational resources, especially when dealing with large 

datasets and complex algorithms. In real-time applications, such as voice 

assistants or automated transcription systems, low-latency processing is 

essential. Optimizing the models for real-time classification while maintaining 

accuracy could be a key challenge for future research. 

5. Overfitting and Model Generalization: One of the concerns with machine 

learning models is overfitting, especially when the training data is limited or not 

sufficiently diverse. Although cross-validation was used to mitigate overfitting, 

the models may still be biased toward the training data. Future work should 

include techniques such as data augmentation, regularization, and ensemble 

learning to improve model generalization and reduce the risk of overfitting. 

6.3 Future Work 

There are several promising directions for future research and development that 

could build on the findings of this study and address the limitations discussed 

above: 

1. Deep Learning Approaches: While traditional machine learning models 

showed promising results, deep learning methods have demonstrated superior 

performance in many speech classification tasks. Future work could explore the 

use of deep neural networks (DNNs), convolutional neural networks (CNNs), and 

recurrent neural networks (RNNs) for accent classification. These models could 

learn more complex patterns and relationships within the data, improving 

classification accuracy. Transfer learning techniques could also be employed, 
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where models pre-trained on large speech datasets are fine-tuned for accent 

classification. 

2. Expanding the Dataset: A larger and more diverse dataset that includes a 

broader range of accents, dialects, and speech variations would improve the 

system's robustness. Incorporating samples from different age groups, genders, 

and speaking styles could make the model more adaptable to real-world 

applications. Additionally, including more regional accents from both the UK and 

the US could help to overcome the limitation of only focusing on British and 

American accents. 

3. Feature Engineering Advancements: Future research could explore more 

advanced feature extraction methods, such as spectral features, formant 

frequencies, and speech rhythm patterns. Additionally, exploring non-acoustic 

features, such as linguistic cues related to phonological or syntactic variation, 

could enhance the system's ability to detect accents. Speech-to-text technologies 

could also be integrated to provide more robust linguistic features for 

classification. 

4. Real-time Accent Classification: As mentioned earlier, optimizing the 

system for real-time processing is crucial for practical applications. Future work 

could focus on minimizing the computational resources required for real-time 

speech classification, perhaps through model pruning, quantization, or hardware 

acceleration. Real-time systems could be deployed in voice assistants, automated 

transcription systems, and accent-based language learning tools. 

5. Multilingual and Cross-lingual Models: In the future, accent classification 

could be extended beyond British and American English to include accents from 

other languages. Developing multilingual models that can classify accents across 

different languages would be a significant advancement. Techniques such as 

cross-lingual transfer learning and multilingual feature extraction could be 

explored to create systems capable of distinguishing accents in diverse linguistic 

contexts. 

Voice-Based Applications: The successful implementation of accent classification 

models opens up new opportunities for personalized voice-based applications. 

For instance, accent detection could be used to personalize speech recognition 

systems, providing more accurate transcriptions or tailored user interfaces based 

on the user’s accent. Moreover, speech-based assistants could offer more natural 

interactions by adapting to different accents and dialects.
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