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Abstract

This study addresses the crucial need for enhanced voice recognition systems in the
realm of human-machine interfaces, particularly with a focus on accent identification
algorithms, and their application in the context of Nigerian English speakers 'he
research aims to improve the accuracy and efficiency of speech recognitioni §0rthese
major Nigerian languages using KNN to increase the efficiency and accuracy.of
accent identification by using a trained data with the three major Nigetian language.
Voiced audio samples of speakers from these tribes speaking Englisheand various
platforms such as news media and radio recordings was scrappethand recorded and
extracted. The audio data was then preprocessed and transformed from the time
domain to the frequency domain using the Fourier transfortnyMatlab R2015A was
employed for model training, encompassing input reading, window size and hop size
definition, and noise reduction techniques such as high-pass filtering and spectral
subtraction. For feature extraction, Mel Frequengy €épstral Coefficients (MFCC)
were computed for each audio frame, subsequently aggregated to create fixed-length
representations for each dialect sample {65, abott sixty seconds in order to ensure
uniformity in the inputs. The model underwent training with a classification algorithm
KNN, followed by evaluation, which\gave an accuracy rate of 84%. This result
indicates that the model proficientlyp#€dicts the dialects within the context of English
speech. The study's outcomes sighify substantial progress in the development of an
accent detection model tailored fo the major Nigerian tribes: Yoruba, Hausa, and Igbo.
The research is a significant stride toward more precise and effective voice
recognition systems forNigerian English speakers, contributing to the broader
advancement of humidn*machine interfaces in an increasingly technology-driven
world. It is recommended that future research explores alternative feature extraction
techniques, pafticularly deep learning-based approaches capable of automatically
learning felevant features from raw audio data.

Keywords: Accent. Accuracy, Algorithm, Dialect detection, Feature extraction,
Feurter transform, Performance, Speech recognition, Voice recognition

Word Count: 298 Words
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Chapter One

Introduction
1.1 Background to the Study
The process of automatic speech recognition is one that has been the focus of
considerable investigation over the course of several decades. One of the most
challenging challenges to solve and one of the topics that has been subjectesi to the
most in-depth research is the facilitation of communication between hu%;\and
machines. Depending on the dataset and benchmark test that i .&ecently
developed speech recognition algorithms are able to und.ers d.§peech with an
accuracy that is practically identical to that of humans'. T@(rel of performance is
only attainable when the system is used to recogm‘s& speech of people from the
target language's country of origin (i.e., ative speakers of the language

represented by the dataset used toq’;@%he ASR system). Even the most

technologically advanced speech r%g lon systems are unable to achieve human-
like or even high levels of acc when used with individuals who are not native
speakers of the languagg;i the ASR system?3. The presence of patterns relating
to the speaker's t@%ngue, which can influence the speaker's pronunciation of the
second languﬁge.? is the primary cause of this reduction in proficiency®. Because of
this, thg%lguage becomes skewed to some degree, which, in situations like these,
c%qle accuracy of the speech recognition system to decrease'-.

Because of the rapid pace of change taking place in today's global economy,
education system, and mobility of the labour force, there is a pressing need to
accurately recognise the speech of non-native speakers, who make up the

overwhelming majority of internet users today'. Traditional methods for training

speech recognition classifiers typically make use of supervised learning techniques*>.



While these methods are ideal for recognising speech in cases involving the world's
most common languages, they are unable to produce classifiers of an adequate quality
for individuals who are not native speakers®.

An individual's accent may serve as a clue to his or her original language or mother
tongue. The capacity to distinguish various accents can help enhance the quality of
transcription in a text language by allowing for more precise preproces.sin%‘of
recordings’. Communication is critical in our everyday lives and relations%gxith
other humans and machines. Among the different modes of com .'Na?@, which
include writing, gesture, posture, and eye contact, the most .w;c&- own, convenient,
and intelligible is speech. Verbal communication entq{éy\brrect pronunciation,
expressiveness, and fluency. Due to variances in spée@ iculation (sound), English,
the most frequently spoken language, has been‘translated into a number of languages.

Numerous reasons, including coloniza:b@ymerce, tourism, and migration, have

aided in the expansion of English asQund’the world, particularly in Africa, Asia, and
South America’. Q:b‘

English's growth has re%‘[eg in the emergence of several dialects of spoken English,
including Nigeri @v@h (NE), Singaporean English (SE), and Malaysian English
(ME). As a réﬁ&t, it is pronounced in a variety of accents around the world.? One of
the most\difficult aspects of voice recognition is comprehending speech from non-
@ Speakers. Nigeria was a British colony and was home to a diverse range of
ethnic groups, each with its own distinct English accent. As a result, Nigerian accent
speech occurs in phone conversations that are not familiar with the accent, making
speech identification extremely challenging'?.

Accent detection and categorization can help enhance the recognition quality of

speech. The automated speech recognition system can first determine the speaker's



ethnic origin and then utilize a trained automatic speech recognition system for that
accent’. Apart from identifying the ethnic origin of a speaker, accent detection is
critical in security-related applications such as criminal investigations. In real-world
applications, the ability to discern accents from brief bits of audio collected from a
distance becomes critical® Accent is one of the constraints, along with gender, that
affect the performance of Automatic Speech Recognition (ASR) systems’. .As our
nation, Nigeria, is made up of several ethnic groups, various accents o@&p'}'lish
pronunciation have developed in their speaking, inherited from thei . &ongue's
phonemes inventory!!°, This complexity is the most essential‘\‘ lls‘snge for systems
that do speaker-independent automated speech recognitiOK@ASR)g. As far as the
market is concerned, there is no specific industfi %{{ available for Nigerian
English (NE) to address the divergence causeﬂ%"?s unidirectional diversity among

the population. N &
S

The ASR is more of extracting the Speech ' features and parameterising the features for

a decision algorithm that wil&ermine the output of the system. Some ASR
D%

algorithms either uses t '}e Frequency Cepstral Coefficient (MFCC) or relative

spectral transfo @%ual linear prediction (RASTA-PLP) for their feature vectors
and the Gaus ‘gdixture Model (GMM) or Hidden Markov Model (HMM) as the
acousti?:%metric model with different training criterion'!. On the decision part
sequence discriminative training algorithms such as to improve the
Minimum Classification Error (MCE) and Minimum Phone Error (MPE) are used to
further improve the ASR accuracy!?!3.

The most recent developments in natural language processing have made it

abundantly clear that the predominant mode of communication between people and

computers in the not-too-distant future will most likely be in natural language. It is



interesting to note that some of the innate communication behaviours of humans are
being demonstrated by computers. For instance, a substantial percentage of daily
communications are currently taking place between humans and computers'4. There is
no longer a need to interact with other humans in order to pay-in or withdraw money
because this process can now be done through an automatic teller machine (ATM).
Interaction with smart phone assistants is now simple in order to set an aleirm and
organise a calendar, as well as find and connect with friends, or search foré;% on
the internet. We may even be able to communicate with other h .Ném) speak
different languages by using a "speak and translate" sysEen‘l\ﬁ% translator (for
example, the free live voice and text translator on Ap@ne, which can hold
written conversations in 100 different languages aﬁ@%( 42 different languages).
All of these are now realizable thanks to the«@%ge technology that are readily

available today. It is conceivable &ﬂ'\@jeday in the not-too-distant future,
i

computers will achieve a level of performance in face-to-face communication that is
either identical to that of hu ar@rery similar to that of humans.

Language technology i ;ﬂxﬁld that draws from a wide range of academic
specializations, j l@hnguistics, engineering, psychology, and computer science.
The majority 8{}‘[ 1s composed of speech technology and natural language processing
(NLP)®. ile speech technology analyses data in its spoken form, natural language
@smg (NLP) automates the processing of data in its written or textual form using
natural language. The process of putting thoughts into words and the process of
extracting ideas from words are the two primary coordinated processes that are
involved in communication. Context is used in each of these processes in order to
decipher the various possible interpretations of ambiguous words and formulate the

appropriate message. These are some of the most significant issues that computers



and communication face today. The study of how computers interact with natural
language is the focus of the discipline known as natural language processing (NLP),
which is a subfield of computer science, artificial intelligence (Al), and computational
linguistics.

The processing of human natural language is not an easy undertaking because it
includes determining the meanings of words, some of which may have more t?an one
meaning. A term is said to have ambiguity when it can be interpreted in %gg\han
one way, and removing this ambiguity requires a comprehensio . ord in
relation to the context in which it is used!”. Depending on.th‘e\‘ giee of ambiguity
present in a language, the process of disambiguation c;@}‘her be an easy or a
difficult task. The natural language processing (NLP) %ghat are developed to solve
the task of word ambiguity for a language ha\%'%tential to be further utilised for
the development of a machine translat @S’ chunker, word sense disambiguator,
and other tools to assist in human-(':@ er communication for that language!’. As a
result, the development of resource tools for languages is an absolute
requirement in this day and %ge. The study of natural language processing has shown
a preference fo @mr of European languages. There are about 6000 different
languages s%!\ein across the globe, but only a select few have the natural language
processi LP) resources necessary for the creation of NLP tools!®.

% age technology systems are overcoming linguistic obstacles; nevertheless, most
African languages especially Nigerian accents have insufficient resources and have
not been included in this area of research due to a lack of natural language processing
(NLP) resources!'®2°. If nothing is done to preserve these languages, it is highly likely
that they will die out, and its speakers will be unable to communicate with others

around the world using their native tongues. Africa, which has a population of



approximately one billion people, is the second largest and the second most densely
inhabited continent in the world!®. Despite the fact that around 30 percent of the
world's languages are spoken on the African continent and 13 percent of the world's
population is made up of native speakers of those languages, Africa is considered a
dark region?’. On the Language Resources and Evaluation (LRE) Map, for instance,
which is a large database on resources for natural language processing that i§ f(rebely
accessible, the number of English corpora and computational tools is @»\Fhis
indicates that English is the most studied language, followed by .}gﬁages of
French and German, then Italian and Spanish. These are all.Eu ean languages; on
the other hand, there is hardly any evidence of African lang&%\!”.

However, there are two issues to consider, as well'a@potential solution, regarding
the future of these less privileged languages a@%sition of the people who speak
them as the global information socie ’@ues to expand. The problems are as
follows: (1) a few large languages@ dominating the place, which leads to the
gradual extinction of small la@ées; (2) a few large languages end up dominating
the place, which leads te_the marginalisation of speakers of the smaller languages
even if those 1 @Q are preserved. The proposed answer is to make use of
language andVQiice technology in order to ensure the participation of all Europeans in
the Europeah Union on an equal basis, regardless of the language that they speak.
J@esearch in African languages is an important aspect of research for a number of
reasons, not the least of which is the fact that it is excluded.

African languages especially Nigerian have a linguistically rich variety of traits, and it
is important for the advancement of natural language processing (NLP) research that

these qualities be made known to a wider global audience. There are around 600



million mobile users on the African continent, which demonstrates the economic
significance of learning an African language (more than Europe and America)®.

It is worthwhile to conduct natural language processing (NLP) research in the field of
low-resource languages because not only will it provide natural language processing
(NLP) tools for the language, but it will also give insight on linguistic phenomena that
are not found in already resource-rich languages. The findings of the NLP stud.y could

encourage more work to be done by NLP researchers, as well as participati@LP

research from native speakers of the language. ,%\QO
1.2 Statement of Problem ‘6.\

Accents may convey a great deal of information about a pe@ origins, such as their
original language, country of origin, ethnic group\ accent categorization. As
human-machine interfaces advance in the ra@ eveloping worldwide market of
technologies, it is critical to enhance i}@e ecognition system. However, there is

paucity in literature on accent ide%'l ion algorithm (such as K-NN) for certain

accent in Nigerian English {@‘ especially (Yoruba, Hausa and Igbo). Thus, this

work aims to use KNN glg‘rease the efficiency and accuracy of accent identification

by using a tra with the three major Nigerian language. This research
demonstrates the feasibility of accent-dependent automatic speech recognition by
applyin‘g%gpervised learning algorithm to the job of detecting and distinguishing
erian ethnic groups (Yoruba, Igbo, and Hausa).

1.3 Research Aim and Objectives

The aim of this research is to develop a model to improve accurately the speech
recognition algorithm of Nigeria major languages (Yoruba, Hausa, Ibo).

The specific objectives are to:

i. acquire a speech data using the three languages (Yoruba, Hausa and Igbo)



ii. create a comprehensive model for the accent recognition system and divide the
speech data into training set and testing set using KNN algorithm.

iii. perform feature extraction and preprocessing of data using MFCC algorithm

iv. classify and detect Nigerian accented speech in (ii) by predicting the target class
(Yoruba, Hausa and Igbo) and testing the developed model to identify it as the

Q°

&

%

accent that closely matches.
v. Perform performance evaluation of the developed model
14 Scope of the Study
The project will cover the development of a model to iml.)ro acgurately the speech
recognition algorithm of Nigeria accent in the 3 major ,@ (Yoruba, Hausa, Igbo)
residing within Oyo State, Nigeria. These reseafc@rocedures would facilitate the

generation of data that would be used to iﬁq@&lccurately the speech recognition

algorithm of Nigeria accent in the 3 me&ﬁrj{&%
1.5 Significance of the Study@

Accent identification is a préprocessing step to speech recognition. This aids in more
proficient speech recogiii ion. Hence, problem of identifying accents of the three
major Nigerian @gj@ges (Yoruba, Igbo, and Hausa) can be solved.

Govern ncies as well as the private can employ the results of this study for
crimi@‘%stigations. Thus, the results of this study will serve as a reference point
f&vemment and all other stake holder on issues on security and investigations
Academically, the study will add to knowledge on issues speech recognition or text
to-speech. The outcome of this study will also serve as a reference material to
students of computer science, lecturers and researchers; and it would also propel

further research on the topic.



1.8 Operational Definition of Term

Accent: Can serve as a clue to someone’s original language or mother tongue. The
capacity to distinguish various accents can help enhance the quality of transcription in a
text language by allowing for more precise preprocessing of recordings . (b
Automated Speech Recognition System: Can first determine the speaker'sé'p\w origin
and then utilize a trained automatic speech recognition system for . \g . The ASR
is more of extracting the speech features and parameterizin{g the'\features for a decision
algorithm that will determine the output of the system. &%'\

Language Technology: Is a multidisciplinary field @prising linguistics, psychology,
engineering, and computer science. It is predominantly divided into speech technology

and natural language processing (NLP) ;' ,@

Natural Language Processing: Is %e' of computer science, artificial intelligence (AI),
and computational linguis% h studies the interaction between computers and

natural language

i.’
Verbal Comm c@ ntails correct pronunciation, expressiveness, and fluency

>
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Chapter Two
Literature Review

Conceptual Review

2.1.1 Speech

One of the earliest and most natural ways for humans to share information with one
another is through the medium of speech. We acquire all of the necessary skills during
our early childhood years, independent of any formal education, and we continue to
depend on verbal communication throughout our entire lives. Because it is so second
nature to us, we tend to underestimate the level of complexity that underlies the
process of speech. The human vocal tract and articulators are biological organs with
nonlinear properties, whose operation is not just under conscious control but also
affected by factors ranging from gender to upbringing to emotional state!. The human
vocal tract and articulators are also known as the larynx. As a direct consequence of
this, the characteristics of a person's accent, pronunciation, articulation, roughness,

nasality, pitch, volume, and speed of their vocalisations can vary widely!.

In addition, our irregular speech patterns can become even more distorted during
transmission as a result of environmental factors such as background noise and echoes,
as well as electrical characteristics (if telephones or other electronic equipment are
used)'. Even with these irregularities, speech can still be transmitted to the majority of
the time so long as the language being spoken is one that is familiar to the listener.
For centuries, people have endeavored to create machines that are capable of

understanding and recognizing speech in the same way that humans do naturally?. It is

12



common knowledge that traditional computers are wired very differently from the
human brain. In point of fact, it employs an entirely unique computational pattern in
its operation. The human brain, on the other hand, uses a massively parallel collection
of slow and simple processing elements (neurons), densely connected by weights
(synapses) whose strengths are modified with experience, directly supporting the
integration of multiple constraints, and providing a distributed form of associative
memory?®. Conventional computers use a very fast and complex central processor with
specific programme instructions and locally addressable memory, whereas the human
brain uses a massively parallel collection of slow and simple processing elements

(neurons), densely

Communication between humans can be conceptualized as an all-encompassing
model of the linguistic process of speech production®. In the perception of speech
between the speaker and the listener; there are five distinct elements: formulation of
speech; human vocal mechanism; acoustic air; perception of hearing; understanding
and intervention®. The formation of the speaker's voice in their own mind is connected
to the first component, which is referred to as the formulation of speech. In order to
generate the actual waveform of speech, the human vocal mechanism (human vocal
mechanism) employs this formulation. Waveform is communicated to the listener

through the air (also known as acoustic air)®.

During this transfer, the sound wave is susceptible to interference from outside
sources, such as noise, which can result in a wave with a greater degree of complexity.
Hearing system the precepts of listening from the mind of waveform (perception of
the ear), and the listener begins to process this form of wave to understand its contents,

so that the listener understands what the speaker is trying to tell you when the wave
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reaches the listener's (ears) ears. One of the challenges associated with speech
recognition is to "emulate" the way in which one would go about listening to the

speech that was produced by the speaker’.

During the process by which speech signals are processed, the listener's head and
system are both actively engaged in a number of activities. The act of perceiving
something can be thought of as the opposite of the process of producing speech?®.
Phonemes are the fundamental theoretical unit that describe how mental speech
formation contributes to linguistic meaning’. Phonemes can be categorised into
different sounds based on the properties of either of the two weather ways to wave or
frequency characteristics, and this can be done by grouping phonemes according to

the properties of either of the two.

However, speech is the variable signal, a communication process that is structured
solidly, depends on known physical movements, is composed of acquaintances,
various units (phonemes), and is unique for each speaker. Speech can be fast, slow, or
variable speed; it can have high pitch, low pitch, or be whispered; it is subject to a
wide variety of environmental noise; it may lack distinct boundaries between units

(phonemes); and it has an unlimited number of words'°.

2.1.1.1 Properties of Human Voice

The frequency of a sound is the characteristic that stands out the most!!. The ability to
differentiate between sounds is facilitated by frequencies. When there is a high
frequency involved, the sound is piercing and can be very annoying. When the
frequency of a sound is decreased, the sound will become more profound. Waves that
are produced as a result of the vibration of materials are referred to as sound waves.

Around 10 kilohertz is the highest frequency that is capable of giving rise to a human
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being. And the value that is the lowest is 70 Hz!2. The highest and lowest possible
values are listed here. This range of frequency varies greatly depending on the
individual. In addition, the decibel scale is used to measure the intensity of a sound
(dB). The frequency of a typical human language can range anywhere from 100 to
3200 hertz (Hz), and its magnitude can be anywhere from 30 to 90 decibels (DB). The
range of frequencies that can be perceived by the human ear extends from 16 hertz to
20 thousand hertz. The sensitivity of the human ear can detect changes in frequency

of up to 0.5%"3.

2.1.2 Speech Recognition

The process of converting an acoustic signal that was ¢ tubed by a microphone or a

telephone into a set of words is referred to as s a@cognition”. Applications such

as command and control, data entry, an ocument preparation can all use the

recognized words as their final results@ are also capable of acting as the input to

additional linguistic processing, h is necessary in order to achieve speech

comprehension. The accura f the speech recognized by a speech recognition

system is dependent @yﬁlber of different factors, including but not limited to the

following !°: C)Q

a. Voca @Size and Confusability: In general, it is not difficult to differentiate
b@reen a small set of words; however, the error rate will naturally increase as

Qxe size of the vocabulary grows. On the other hand, even a limited vocabulary
can be difficult to understand if it contains words that can be confused with one
another!'®;

b. Speaker Dependence and Independence: A speaker dependent system, by

definition, is designed for use by a single speaker, while a speaker independent

system is designed for use by any speaker. However, a speaker dependent system
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is designed for use by a single speaker. It is difficult to achieve speaker
independence because the parameters of a system become tuned to the speaker(s)
that it was trained on, and these parameters tend to be very speaker-specific!s;

c. Isolated Discontinuous, or Continuous Speech: The term "isolated speech" refers
to individual words. When someone speaks in complete sentences with pauses
inserted between the words, they are said to be using discontinuous speeclz. When
we talk continuously, we use sentences that flow naturally. Reco%ﬁi’p\{ of
isolated and discontinuous speech is relatively simple due to : %at word
boundaries can be identified and words are typically pron cegl in a clear and
concise manner. Continuous speech is more challeng&%’}cause the boundaries

between words are less clear and their pronuﬁ@ms are more muddled as a

result of the slurring of speech sounds '¢; ®
d. Read vs. Spontaneous Speech: Eitirj{“%h that is read from prepared scripts or

speech that is uttered spontan@%s' an be used to evaluate the performance of
various systems. It is u@:hore difficult to understand spontaneous speech
because it often contains disfluencies such as "uh" and "um," false starts,
incomplete I@QS, stuttering, coughing, and laughter; in addition, the
VocabuI%\iis essentially limitless, so the system must be able to deal intelligently
wi@nown words'S. Spontaneous speech is significantly more difficult to

Qagerstand than scripted speech.;

e. Change the Acoustics of the Room: The amount of noise is a crucial component
of the ASR. In actuality, noisy conditions or acoustic costumes are when the

limitations of today's engines become most obvious when using acoustic

suppression ratios (ASR).

16



f.  Temporal Variation: Various speakers speak at different speeds. Today the ASR
engines only not able to adapt to.

g. Different Accents: Each individual speaks with his or her own distinct accent.
There is a wide range of individual differences in how words are pronounced.
This presents a significant challenge for ASR. Nevertheless, this is a problem that
is not unique to ASR but rather affects people when they listen to audio.

h. Adverse Conditions: A system’s performance can also be reduced by %%%e of
adverse conditions. These include environmental noise (e.g., nol .N ar or a
factory); acoustical distortions; different microphones;ﬁlqited frequency
bandwidth (in telephone transmission); and altered s@ig manner (shouting,
whining, speaking quickly)'. ¢ A

A speech recognition (SR) system can, in 1ts@?s1c form, either depend on the

speaker or operate independently of e@%ker A speaker-dependent system is

designed to be utilised by a s1ngle%' dual, and as a result, it is only capable of
comprehending a single type o@ech pattern during its training. A system that is
independent of the spea%vg\ho is using it is designed to be usable by any speaker and
is, of course, m It to achieve. These systems typically have error rates that

are three to fl“Qtlmes higher than those of speaker-dependent systems!®. In general,

the pro‘m%yf speech recognition can be broken down into a number of different

a@%&s, as illustrated in Figure 2.1.
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Figure 2.1. Speech Recognition Process'®. Q&

The first block consists of the acoustic environment plus the transduc .'Gl%:ipment
(microphone, preamplifier and AD converter) that have .a torg effect on the
generated speech representations'®. For instance, we c%{é@e\‘ve additional impact
generated from additive noise or room reverberation. {k}g%)econd block is intended to
deal with these problems, as well as derivin@%c representations that are both

good at separating classes of speech @%d effective at suppressing irrelevant

sources of variation. The third bl t be capable of extracting speech specific

features of the pre—processe{i@T his can be done with a variety of techniques like

cepstrum analysis and tI%[i.e; rogram. The fourth block tries to classify the extracted

features and rel@@

set' and repreQe{Es

The co@ly used approaches for speech classification include:

t sound to the best fitting sound in a known 'vocabulary

is as output.

@\plate—Based Approaches: The process of comparing unidentified speech to a

library of previously recorded words (templates) in order to identify the most
appropriate match!”. This has the benefit of using word models that are
completely accurate; however, it also has the drawback that the prerecorded

templates are fixed, which means that variations in speech can only be modelled
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by making use of a large number of templates for each word, which eventually
becomes impractical.

b. Knowledge-Based Approaches: A method in which "expert" knowledge about
different varieties of speech is manually programmed into a system. It is difficult
to acquire such expert knowledge and put it to good use, which is why this
strategy was deemed to be impractical and replaced with the search for au.tomatic
learning procedures'®. This strategy has the benefit of accurately %%ﬂing
variations in speech; however, such knowledge is difficult to A@ put to
good use. . \ N

c. Statistically-Based Approaches: Hidden Markov Mq@\(HMMs), which use
automatic learning procedures, are used to rﬂ@qtge statistical variations in
speech. This method exemplifies the @%ent and innovative approach

available. The fact that statistical i@)ﬁ@%e required to make a priori modelling
ti

assumptions, which are susc to inaccuracy and hinder the system's
performance, is the prima back associated with these models'.

d. Learning Based Ap oa%hes: It may be possible to use techniques from the field
of machine @%uch as neural networks and genetic algorithm programming,
in order X%compensate for the shortcomings of HMMs. In these models of
machin€ learning, explicit rules or other forms of domain-specific expert

anwledge are not required; rather, they can be automatically learned through
emulation or the evolutionary process'®.

e. The Artificial Intelligence Approach: is one that makes an effort to mechanise the
recognition procedure in such a way that it corresponds to the manner in which a

person employs their intelligence in the process of visually analysing the

measured acoustic features in order to come to a conclusion!®?°. Within this
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methodology, the use of expert systems is prevalent. The artificial neural network
(ANN) is a good example of the artificial intelligence approach. ANN provides a
method for computing that is modelled after the functioning of biological nervous
systems?’. The idea of artificial neural networks is deeply rooted in the
recognition that, despite the fact that the human brain performs functions
approximately a million times slower than digital computers, the human brain is
more effective when it comes to performing a complex set of tasks such as‘sp€ech
synthesis, visual information processing, handwriting analysis, and“sd.en. This
realisation is where the idea of ANNs originates. This can bé partially explained
by the fact that the human brain is primarily organisedwn, the form of a parallel
network of biological neurons. ANNs are phySiteal cellular systems that are
capable of learning from, storing, and applying, the results of experiments. ANNs
have been applied to an increasing numberof complex real-world problems!®.

2.1.2.1 Accuracy of Speech Recognition

The accuracy of an SR system i§commonly measured with WER?!.

WER= number of substitutions + Insertions + Deletions

JLatal number of words
The study of speech signals and the methods that can be used to prepare these signals
is referred to as speech processing. Signals are typically organised in a portrayal, and
computerised voice processing can be thought of as the connection between
sophisticated signal processing and natural language processing??. Processing of
natural language is a subfield of both artificial intelligence and linguistics®*. It focuses
on the challenges that come with understanding common human languages and
automated technology. Normal dialect understanding frameworks change examples of

human language into more formal introductions that are less difficult for computer
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projects to control. Normal dialect era frameworks convert data from computer
databases into the everyday human dialect of sound. Normal dialect era frameworks

also convert examples of human language.

The conversion of spoken language into its accurate transcription is another aspect of
the field known as automatic speech recognition (ASR). This process is performed by
a computer. It is necessary, as a first step, to pre-process the recorded speech in order
to use it as an input signal. This is essential due to the fact that "raw" speech-audio
recordings typically vary in their type and form and are challenging for algorithms to
identify. After the audio files have been transcoded into a standard format, such as
acoustic vectors, those files, along with appropriate transcriptions, can be used to train
automatic speech recognition (ASR) models. Already in the 1950s, people were
making their first attempts at developing automatic speech recognition. The "Audrey"
system, which was developed by Bell Laboratories, could already recognise the digits
1-9 with an accuracy that was greater than 90%. Deep learning and large amounts of
data have contributed, in part, to the tremendous progress that has been made in ASR
models in recent years. They are now an essential component of life in the modern era
and can even be carried around with you in the form of voice assistants that are
available on the majority of mobile devices. Applications range from basic assistance
work and home control all the way up to translation from one language to another

using only human speech.

2.1.2.2 Speech Coding
The compression of speech (in code) for transmission with codecs of discourse using
methods of handling discourse and sound flag preparing is what is known as speech

coding?’. The techniques that are used include things like the compression of sound
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information and human sound coding, both of which involve the application of
knowledge gained from the study of psychoacoustics in order to transmit only the
information that is relevant to hearing. For example, limit band voice coding only
transmits data on the recurrence of 400 Hz to 3500 Hz band, but the reproduced flag
is still satisfactory in terms of clarity. When it comes to the coding of the voice, the
most important factor is ensuring that the discourse can still be understood while
maintaining its "sensitivity." This is done while simultaneously reducing the amount
of information that is transmitted?*. It should be noted that the comprehensibility of
discourse encompasses, in addition to the specific content, the speaker's character,
feelings, inflection, timbre, and other aspects that are essential for perfect coherence.
It is imperative that this fact be taken into consideration. It is possible that the
corrupted discourse is completely understandable, but still subjectively irritating to
the audience. This is why the idea that the sensitivity of the debased discourse is a
property is more novel than the idea that understandability is a property of the

debased discourse.

2.1.2.3 Speech Synthesis

The generation of human discourse that is produced by speech synthesis is a
counterfeit. The transformation of ordinary content into discourse is accomplished by
a framework known as "content to discourse" or "TTS." Various frameworks render
typical semantic portrayals such as phonetic interpretations into discourse?®.
Connecting different segments of recorded discourse that have been saved in a
database is another method for producing blended discourse. The frameworks have
varying capacities in terms of the number of discourse units that can be stored; a
framework that stores telephones or diaphones has the potential to give the greatest

yield go but may require clarity. When applied to specific locations, the capability of
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whole phrases or expressions enables the production of high-quality results. On the

other hand, a synthesizer has the ability to

combine a model of the vocal tract with other human voice characteristics in order to
produce an entirely "engineered" voice output. The quality of a discourse synthesizer
can be evaluated according to how closely it resembles the sound of a human voice
and how easily it can be understood by others. Listening to written works on a home
computer is now possible thanks to a programme called coherent content to discourse.

This software converts written content from a home computer into spoken language.

2.1.2.4 Speech Classifier

The issue of alleged example acknowledgment (ASR) is connected to a much larger
and more comprehensive topic in logical and design-based alleged example
recognition. The objects of interest are generally referred to as designs, and in the
context of this discussion, they are sequences of acoustic vectors that are extracted
from a conversation by making use of the tactics that were discussed in the prior
section. The classes make references to the speakers who are present here. Because
the ordering method for our circumstance is based on distinct components, it is also
possible to refer to it as highlight coordinating. Dynamic Time Warping (DTW),
Hidden Markov Modeling (HMM), and Vector Quantization (VQ) are the three
highlight coordinating strategies that are considered to be the best in their respective

categories and are used in the process of speaker recognition?*.

2.1.2.5 The Speech Recognition Process
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The first step in the process of automatic speech recognition is known as speech
analysis, which is also referred to as front end analysis and feature extraction®. The
goal of this process is to extract the acoustic characteristics of the speech waveform.
The output of the analysis front end is a set of parameters that represent the observed
acoustic properties of input signals of speech. These parameters can then be put to
further use in acoustic modelling in order to make it more compact and efﬁ%r&lt.
There are three primary categories of front-end processing techniqu@'\lﬁear
predictive coding (LPC), mel-frequency cepstral coefficients (MF .\Suoforecast
linear perceptual (PLP), with the latter two being the ones .tha re, most frequently
utilised in automatic speech recognition (ASR) systems. &%'\

Linear Predictive Coding: LPC begins with the pré;@ptlon that a speech signal is
transmitted by a bell toward the end of a tube @ ounds), with intermittent shrieks

and pop sounds also included in the tr. ’s@gn. Despite the fact that it is obviously
iﬁ

crude, this model is a reasonably c%' proximation to the reality of the process of

discourse creation. The gloftis, known as the space between the vocal ropes, is

responsible for produci% %16 buzz, which can be characterized by its intensity

(commotion) an@@%uency (pitch). The tube is shaped by the vocal tract, which
u

includes thteﬂc: and the throat. The framing of the tube is described by the
resonarf(%ﬁat it produces. The movement of the tongue, lips, and throat in
@Qion with sibilants and plosives results in the production of shrieks and snaps.
The LPC analyses the estimation of the formant discourse flag, which involves
removing the effects of the discourse flag in order to determine the strength and
frequency of the rest of the buzz. The process of removing formants is referred to as

switch sifting, and the signal that is left after the subtraction of the separated flag

demonstrating is referred to as buildup. Formants and buildup flag numbers, which
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depict the force and recurrence of the gossipy tidbits, can be stored away or
transmitted to another location. LPC combines the flag of discourse by inverting the
procedure, which is described as follows: use the buzz and various parameters to
create a source flag; use the formants to create a channel (which speaks to tube); and
run the source through the channel, which talks. This procedure is performed on the
discourse flag short pieces, which are called outlines; generally speaking, t.hir(tﬁ‘to
fifty outlines for each second give coherent discourse with a high-press@vel.
Because discourse signals change after some period of time, § dure is
performed on the discourse flag. . \ N

Approach Based on Probability: The probabilistic K%'}ch, which involves
computing a score for matching spoken words with & @c signal, is the method that
is most frequently utilised in automatic sﬁ@ recognition systems today. A
probability value is associated with ea @sor string of words in the vocabulary,
and each of these associations cor?@ s to a speech signal. The score is derived
from the phonemes in the a ¢ model, and linguistic knowledge is used to
determine which words can ﬁg) ow other words in the sentence. The recognition result

3

will be determiné) Q

Pre-processin% feature extraction, decoding, and post-processing are the four stages

cting the word sequence that received the highest score.

that ma%p the SR process. These stages can be thought of as occurring in
@Qal order. The following is merely an illustration of one possible
implementation of each step that can be found in various SR systems; however, these
do not all look the same.

Pre-Processing: is the recording of speech with a sampling frequency of, for example,
16 kHz, and, a bandwidth limited signal can be reconstructed if the sampling

frequency is more than double the maximum frequency, which means that frequencies
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up to almost 8 kHz are constituted correctly?’. Pre-Processing is the first step in the
signal processing chain. It has been demonstrated that data sent over a telephone
network at frequencies ranging from 5 Hz to 3.7 kHz is adequate for recognition;
consequently, 8 kHz is more than sufficient. Because they are considered to be noise,
we can get rid of any frequencies that are lower than 100 Hz. The removal of the
segments that come before and after the user's speech as well as those thelt come
between the start of the recording and when the user begins speaking is ar(ég;}ﬁtial
component of the pre-processing step. : \

This is done to combat the fact that an SR system will assigfl a l:qbility, even if it
is very low, to any sound-phoneme combination, allowing@round noise to insert
phonemes into the recognition process. This is doné @unteract the fact that an SR
system will do this. When examined over a x@%od of time (5-100 ms), speech
signals are slowly timed varying signals, @%}eir characteristics are relatively stable
when viewed in this context. As a r%l' Jdcoustic observations are extracted in frames
that are typically 25 millis@%ng during the step known as feature extraction.
Calculating a multi-di si'c;nal vector for the acoustic samples in that frame, and
then performing @mer transformation on that vector, allows one to transform a
function of UQI\% such as a signal in this instance, into the frequencies of the signal's
compoﬁ%".

I@pstral Mean Subtraction, abbreviated as CMS: The step of cepstral mean
subtraction (CMS), which is used to normalise differences between channels,
microphones, and speakers, is one of the most common steps in the feature extraction
process®®. During the decoding process, calculations are performed to determine
which string of words provides the most likely match to the feature vectors. The

results of these calculations are then displayed. In order for this step to be successful,
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there must be three things present: an acoustic model that includes a hidden Markov
model (HMM) for each unit (phoneme or word), a dictionary that includes possible
words and the sequences of phonemes that make up those words, and a language
model that includes the likelihoods of words or word sequences.

In decoding, the SR systems tries to find the word or sequence of words w* best
matching the observation X, giving the equation 2.1 with p(w) being fr.om the
language model and p(X|w) from the phoneme sequence in the vocabulary %ﬁ;}l‘[ed
by equation 2.231. ,%.\QO

w*= argmaxyw (p(X|w) p(w)) . ‘6.\ 2.1
p(X|w)= argmaxs([ [(p(x[sj)p(sj)) &C:)\ 2.2
However, as the number of possible state sequencé@qre)ases, it will no longer be
possible to calculate all of the probabilities. A p%l recursive solution that can be
used to solve this problem is the Viterbi ,@y algorithm, which estimates the state
sequence that is most likely to occu%e'i‘).

Mel frequency Cepstrum oef@%‘[s: These are derived from a particular type of
representation of the cega'ls of the audio clip, which is known as a "spectrum-of-a-
spectrum." Th @cy bands in the Mel-frequency cepstrum are placed
logarithmica%gon the mel scale), which approximates the response of the human
auditory m more closely than the frequency bands that are spaced linearly and
talned directly from the FFT and DCT??. This is the primary distinction between
the cepstrum and the Mel-frequency cepstrum. This makes it possible to process data
more effectively, for instance in the process of audio compression. On the other hand,
in contrast to ultrasound, CSBMS do not have a land of ear mode; as a result, they
might not accurately represent the perceived loudness. The following is a common

method for deriving CSBMS: Consider a signal, and perform the Fourier transform on
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it (an extract from the window). A windowed and superimposed triangular map
showing the amplitudes of registration for the retrieved over spectrum on the Mel
scale Consider the Mel list register of amplitudes and apply the discrete cosine
transform to it as though it were a signal. The amplitudes of the spectrum that was
produced are denoted by the CSBMS*.

The Connection Temporal Classification, or CTC: Given that different s;.)eakers'
pronunciations of individual phonemes, letters, and even words can vary sigq'?g}ntly
from one another, GMM and HMM models require a large number . ‘N hidden
states in order to function properly?3. This is of the utmost irr.lpo cg in the temporal
context, as it is impossible to determine with absolute cert{g’g\which segment of the
input audio sequence corresponds to which segment'q@ output.

A solution for this problem was provided with‘@%nection temporal classification

(CTC) algorithm?*. This algorithm trie ‘t@gn an input sequence X = [x1, x2, ...,
xT ], e.g. audio files, to an output S%’Q Y =[yl, y2, ..., yT ], e.g. characters, while
ensuring temporal flexibility. Ir@r words, the sequences do not necessarily have to
be of the same length an no“dlrect assignment has to take place. Thus, an assignment

of X2 to Y2 wo @ecessaﬂly preclude X3 being assigned to Y2 as well. As in

the HMM m&{el, the best matching assignment of sequence Y to sequence X is

Q
searcheaéo}.
@XQSP (v %) 23

However, since multiple assignments of Y are possible, a problem arises. For example,
if the word” Hello” is predicted, the possible transcription could result in: [h, h, e, e, 1,
1, 0, 0]?*. To counteract this, repeating letters have to be removed, which would result
in the word Helo. To address this, a new Blank ¢ is introduced to separate repeating

letters. With this blank token, a new prediction would form the following output: [h, h,
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e, e, L1, g I, o, 0]. This can be expressed by choosing the most likely tokens a for
each time-step t, leading to the following equation?:

arg maxA 24
This would lead to a correct transcription of Y =" Hello” when all repeating letters

e
’\‘b
‘é\
Q@
Q’Q
cﬁ

2.1.3 Speech Recognition g)@;bﬂ
odéels

2.1.3.1 Hidden Markov

enfer exif

plx|s1) plx|sz) plx|ss)

Figure 2.2: A Three-State Hidden Markov Model?.
Figure 2.2 shows an illustration of a three-state HMM where each state si has a

probability density p(x|si) that states the probability density for the acoustic
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observation x for the state si. The word S can be formed using the three states sl, s2,
and s3. HMMs are trained on speech data, and if the data comes from a sufficient
number of speakers, the model can be considered to be independent of the speaker
from whom the data originated. In the field of acoustic modelling, HMMs can be
utilised for either spectral or temporal analysis?*32,

2.1.3.2 Gaussian Mixture Models .

With enough components, these models can model probability distributioq&ly
level of accuracy?***. The Gaussian mixture model, or GMM, is ¢ .&Jsed for
determining how well each HMM state fits a frame of the acpus}%igput, also known
as the probability. After it has been trained, a GMM-HMK%Em’s accuracy can be
improved even further through the process of ﬁne-tﬁ@kg.J GMMs are utilised in the
process of pattern recognition and model the p@n ity density function in a manner
that is analogous to that of neural ne 9@%% example of this would be sound
signals. In a GMM/HMM model, there*1s an HMM associated with each class (for
example, phonemes) that c%@nique set of hidden states. Each class has several
hidden states to accou ﬁg)r the various ways in which it can express itself

>

linguistically. If@é%
the

work to estiméte

is provided with an acoustic input x at this point, it will
Q most likely sequence of hidden states s, which in this case would
be phoﬁ% Now, with an acoustic observation x in hand, a GMM/HMM model will
@an attempt to compute the state s with the maximum likelihood?*33.:

arg maxs P (s | x) 2.5
The probability can be re-written using Bayes rule

1) O 26

argmaxs O
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In this case, the probability P(x), also known as the probability that this observation
will take place, is statistically independent of the state s, which means that it can be
disregarded in the process of maximisation. A language model has the capability of
determining the probability P(s), also known as the probability of the phoneme?*. The
last remaining probability P(x | s) can now be trained by a multidimensional GMM.

These GMM/HMM models have been the standard in ASR models for decafies and
have been constantly improved by new algorithms to enhance the ﬁndingq’l}p'\qédel
parameters, such as maximum a posteriori or maximum likelihood n. \?‘@ression.
Unfortunately, the performance of the GMM/HMM models; is_hi h,Ly dependent on
the size of the training datasets. The reason for this is that @N&/IM model requires a
representation that contains all relevant informatioh@ce the distribution of input

features is performed directly. In order for @/HMM system to achieve an

accuracy of over 95%, 100,000 hours cf:@g data would be required?’.
ﬁ'»

2.1.3.3 Deep Nelral Network Model

For a nﬂ% of decades, the majority of ASR systems relied on GMM/HMM models
@r foundation. This changed as computing power continued to steadily increase,
particularly in the graphical domain, which made it possible to carry out a large
number of computations in parallel. When computing power began to be used in the
field of machine learning for deep neural networks, it started to become relevant for

the area of automatic speech recognition (ASR) (DNN). A network that is made up of

multiple neurons is referred to as a deep neural network.
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These neurons are typically arranged in layers, with each preceding layer being
completely connected to the layer that comes after it’®. The first layer of these
networks is also referred to as the input layer because it is the location where the input
sequence is applied. Due to the fact that the classifications are returned at this stage,
the final layer is also referred to as the output layer. If characters are to be predicted,
the size of the output layer needs to be proportional to the size of the nur.nber of

possible classifications, such as the size of the alphabet. The layers that are i@een

are sometimes referred to as the hidden layers, and they are the Q%’h?@ich the
n

e
actual teaching and learning takes place. Figure 2.2 provide .%1 ustration of a

straightforward depiction of such a DNN. &%\)&
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Fig 2.3 Represe@f a Deep Neural Network?:.
0N ()\\‘
INnput Output

2 ¥

P

0000
000
0000

the incorrect hypothesis Y~ with a correct prediction Y, resulting in an error o:
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3=Y-Y'| 2.7
This error can be utilised to fine-tune the weights that are stored within the network's
neurons. Back-propagation is the term used to describe this process. Given that the
input sequences X contain a predictable pattern, which is mapped by Y, the prediction
of the network becomes continuously better throughout the training process by
adjusting the weights depending on the error. This is provided that th.e input
sequences contain ions of audio features, which were then forwarded to co@&mal
GMM/HMM networks3®, ,%.\QO

2.1.3.4 Language Models . \ N

Because of algorithms like CTC, the vast majority of toda&@SR models do not any
longer rely on explicit language models to perform t}@%of prediction*’. As a result,
it is feasible to train these models from beginn@ nd, that is, beginning with audio
input and ending with text output. Thi @s a significant benefit in that acoustic
ASR models can be trained on s%c without first needing to comprehend the
context or the grammar of the I@Age. On the other hand, this independence is both
a benefit and a drawback because it makes it impossible to validate any predicted

character by exagl)@’%in its natural environment.

For instance, #f.a blank token is not correctly predicted, the word "Helo" in this case is
a Valid‘;%btion that cannot be corrected by the acoustic model*’. This is because a
b@%ken does not contain any information that can be used to predict it. The
Language models come into play at this point, calculating the probabilities for both
individual words and word combinations. In this way, these models are able to correct
straightforward typos, such as letters that have been switched around or that are
missing, but they can also detect and correct errors in the context of a word

combination. It is even possible to make a prediction about the next words that are
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most likely to be used. In the following sections, the forty most prevalent language
models are dissected and discussed.

Gram Language Model: N-Gram models are the ones that are used the most
frequently in linguistic research. In an N-Gram model sequences are decomposed into
individual fragments. One has complete discretion over the size of the fragments.
These may stand in for individual letters, phonemes, or even entire words?!. T.he one-

gram model, also known as the unigram model, is the simplest representatio@&}i N-

gram**#!_ The probabilities of each individual fragment are the onl
is stored in this model. This straightforward model already c}em steates a high level
of efficiency because it recognises and rectifies inco@ spelled words. For
instance, depending on the size of the vocabulary, {Aword "Helo" either has no
probability at all or only a very small p b"?y of being used. As a direct
consequence of this, it will be changed t0 @ll-known word "Hello."

However, this model does have a&ﬁﬂ)cant drawback in that it eliminates words
from the vocabulary that we@‘t previously known to the user. Additionally,
context-dependent errorggc'lyl as "they went swimming" are not yet recognised in this
context. This is e@%e fact that the word "the," along with the word "they," is a
component OK{I}e unigram model*’. The solution to this problem can be found in
higher N>gram models, such as the 2-gram model, which is also known as the bigram
, or the 3-gram model, which is also known as the trigram model. These models
are capable of storing not only the probabilities for individual fragments, but also the
probabilities for the fragments that came before them. In a trigram word language
model, the two preceding words would also be considered*’:

P(wn | wn!l, wn?) 2.8
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Because this combination has a higher probability than the first one, the language
model would probably correct the sentence "the went swimming" to the sentence
"they went swimming" in the example that was shown, because this combination has
a higher probability. The computational resources become a limiting factor due to the
fact that the number of possible combinations increases exponentially with each
degree of the N-Gram model, so this despite the fact that the degree of the I:I—((}rbam
model could in theory be extended indefinitely. However, in practise, techn@\rms
are typically reached in this case®. : \QO

Transformer Language Model: The use of Transforr.ner Qgels is highly
recommended for Natural Language Processing endeavoq@lese models have the
capability of self-supervised learning, which enaBl@hem to learn the linguistic
patterns of words and even the context in Which they are used. Because of this,
Transformer models can also be utili é@ctively when developing a language
model*. Similar to the MLM learn roach, these methods can identify misspelt
words or even words that av@c@n incorrectly classified*’. On the other hand, if
these transformer mode%%r)ained on complete words, then unknown words also

present a challetj@

The model is¥dependent on learned vector representations as a result of the initial
embed&%ayer that is present in both the encoder and the decoder®’. As a
c%quence of this, unseen words might be given character-based vector
representations, and the model won't be able to accurately capture them. This has a
negative impact, as well, on the practise of zero-shot learning. This issue can,
however, be sidestepped by training sequence-to-sequence models on other word
representations; doing so will allow for the problem to be resolved. Not only do

Transformer models use the n most recent words as the basis for prediction, but they
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also use the entire input sequence. This is a significant improvement over the
traditional n-gram language models that have been used. As a result, the Transformer
model has access to the entirety of the input context whenever it attempts to predict
the following word.

When trained on full words, however, language models may rely on predetermined
sizes of their vocabularies. This presents a significant obstacle for words that.are not
commonly used (OOV). The use of subwords is one solution to this pr%ﬁ}"}’“.
Subwords are used to segment words into their component pa .\ r name
suggests. However, before anything else, the size of the subv.vo&cﬁlbulary needs to
be defined®. The alphabet is the smallest conceivable V@lary size that can be
used. For instance, the sequence of characters [t,o,k,@,z,a,t,i,o,n] is obtained when
the word "tokenization" is segmented using tﬁ@%rd alphabet vocabulary. In this

particular scenario, many different ;é@ghips between frequently occurring

characters and even whole words %' cady be learned using this method if an n-
gram level that is sufficiently high)is selected.

The vocabulary of OHG'@V'I}I training dataset should be considered the optimal size
for the largest p @%cabulary size. If the word "tokenization" is included in the
dataset used gaining, the subword model will select "tokenization" as the
segmerft@% for the whole string. If a high n-gram is to be trained on, however, these
s can quickly become computationally intensive due to the extremely large
vocabulary sizes involved. Because of this, the sizes of the subword vocabularies that
are chosen in practise typically fall between these two boundaries. In situations where
the vocabulary size is smaller than the vocabulary size of the training dataset, known

words are disassembled into more manageable components**. For instance, if the

word "token" appears multiple times in the dataset, there is a good chance that the
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word "tokenization" will be broken down into its component parts [token and iztation]
if the vocabulary size is not large enough to store the entire word "tokenization"4’.
This will occur in the event that the vocabulary size is insufficient to store the entire
word.

This has the distinct advantage that the previously unknown word "modernization"
can now be broken up into components that are already familiar, such as "m.or((ign"
and "ization." The subword byte pair encoding is one of the methods th@s}i be
utilised to carry out this subword segmentation*’. Characters that ar r. %y found
together are easily identifiable thanks to the subword byt? P\l eqcoding's use of
substitution. When applied to neural machine translation, t@of subword byte pair
encoding has already demonstrated a significant irh@(ement in the recognition of
uncommon words. The use of the unigram la@%mdel is yet another possibility

for carrying out subword segmentatici)@gram model is utilised in this model,

just like the N-Gram Language M(?%l' utilised in this model. In contrast to the N-
Gram Language Model, the pro@‘lties of the subword combinations, as opposed to

the probabilities of the«hp\le words P(w), are the ones that are relevant in this

particular instanc“:QQ

PX)= _ X0) 2.9
With the vgcabulary v in hand, a maximisation algorithm can be used to determine the
l@\at represent the most frequent subwords. Iteratively determining the subwords
is necessary due to the fact that the vocabulary set itself is a mystery in the real world.
Here, first, a vocabulary set that is sufficiently large is heuristically created from the
training corpus. This vocabulary set is comprised of the combinations of all characters

and the substrings that occur most frequently. It is possible to calculate the probability
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of the subwords P(S1) by making use of the EM algorithm if the initial vocabulary is
defined.

Taking this approach, the loss I of the subword Si can also be calculated after the
subword Si has been eliminated from the vocabulary. The lossi in this situation is
equivalent to a reduction in the marginal likelihood of each and every subword. If the
subwords are arranged in descending order according to the lossi, then th.e t(%n
percent of the subwords can be chosen. This process can be repeated as man@;}s as
necessary until the vocabulary size that you desire is achieved. In o . 'b?ﬂrent the
use of words that are not in one's vocabulary, it is esse.nti to, ensure that the
subwords only consist of a single character. SentencePiec&@programming model
that includes both an implementation of the subv?/@byte pair encoding and the
subword unigram language model. Sentence’ﬁ%'%aces an emphasis on both the
speed of computation and the ease of i&@aﬁon“.

2.1.4 Nigerian Major Languages '6'

2.1.4.1 Hausa Language Q:b‘

There are more people i ub{Xﬁharan Africa who speak Hausa as their first language
than speak any, t@%nguage. Hausa is a major language. Additionally, it is
classified as a&g{c language within the Afro-Asiatic language family and is spoken
by appr‘(%%tely 50 million people across the countries of Nigeria, Niger, Cameroon,
and Ghana*’. The northern states of Nigeria and the southern regions of the
neighbouring Republic of Niger are where the vast majority of the language's
speakers can be found*’. It is a language that is spoken in the northern states of
Nigeria, and it is one of the major languages spoken in Nigeria, along with Yoruba
and Igbo. Hausa is spoken in Nigeria. There are a significant number of Fulani people

who speak Hausa as their mother tongue. There are also communities in the Diaspora
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that speak Hausa. However, it is the most important widespread West African
language, rivalled only by Swahili as an African lingua Franca, and it has expanded
rapidly as a first or second language, especially in Northern Nigeria*’. This is because
Northern Nigeria is home to a large number of people who speak the language. Since
more than 150 years ago, serious research has been conducted on the Hausa language,
making it one of the sub-Saharan African languages with the best documentat.ion and
the most research done on it overall*’. Q}i\

In addition to the 22 letters of the English alphabet (A/a, B/b, C/c, \ ‘B%@/f, G/g,
H/h, 1/, J/j, K/k, L/1, M/m, N/n, O/o, R/r, S/s, T/t, U, W/w,.Y/;l%hg‘s Hausa alphabet
also includes four additional characters that are knm@ "hook letters" The
following digraphs are considered to be fundamental @ausa: dy, fy, gw, gy, kw, ky,
y, w, sh, and ts. Hausa has five vowel alphabe@e, I 0, u. The numbers 0 through 9

are written in Hausa in the followin b%%siﬁri, aya, Biyu, Uku, Hudu, Shida,
Bakwai, Takwas, and Tara respec%'g’.) There are three fundamental tones in the
Hausa language, and they a lc%c,bfgh, and a falling tone in the middle. It is possible
for each of the five Vow§@<, /e/, /i/, and /o/ and /u/ to have a low tone, a high tone, a
mid-tone, or a f '1@%& In addition to this, it differentiates between short vowels

and long vowels, both of which can have an impact on the meaning of a word. In
written‘%t?d Hausa, neither the vowel lengths nor the tones are indicated in any
Q

)

2.1.4.2 Yoruba Language

Yoruba, like the majority of African languages, is a tonal language. It is also one of
the twelve languages that belong to the Edekiri sub-branch of the great family of the
West Benue-Congo language branch of the Niger-Congo phylum of African

languages*®. Yoruba was one of the first languages to be written down. Native
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speakers can be found in the south-western region of Nigeria (the second largest
ethnic group in number). There are approximately 30 million native speakers in
Nigeria®®. It is also spoken in the Republic of Benin, Ghana, Sierra Leone, and Cote
d'Ivoire. Togo is another country where it is spoken. In addition to being spoken in
Africa, Yoruba is also spoken in countries such as Brazil and Cuba, as well as
Trinidad and Tobago, where a significant number of native speakers of the lzlnguage
can be found*. Unlike non-tonal languages like French and Malay, in w@d
meaning can be inferred from spelling, Standard Yoruba (SY) is a t a. 6@age like
Cantonese and Thai. As a result, the tone of pronunciation thflt i%o\mated with each
syllable of a SY word determines the meaning of that w&@' The fact that SY is
homographic contributes to the overall complexity b@qeanguage. One single word
in a homographic language can have multi@%mgs, depending on how it is

pronounced in different tones®. : @
gn)

Standard Yoruba is the most comm ety of the Yoruba language, despite the fact
that the language has many ub@ (SY). The SY alphabet includes seven vowels (a,
e,, | 0, u), eighteen cor@ag\lts (b,d, f, g gb,hj, k 1,mn,p,r,s,t w,y), five
nasalized vowel a@in, un), and two syllabic nasals The letter combination SY
uses for the d&@raph gb, which is a consonant, consists of two letters. SY has three
different'tonie levels, which are denoted by the acute accent symbol ('), the macron (),
a@e grave accent symbol (') respectively®’. These tone levels are high tone, mid
tone, and low tone. Additionally included in SY are the contrasting tones of rising (R)
and falling (L), respectively. The realisation of tones occurs on vowels and
occasionally on nasal consonants. It is possible to create a SY syllable by combining

vowels (V), consonants (C), and/or nasal vowels (n), which results in the following

possible combinations of syllables: CV, CVn, V, N, and Vn*°.

40



2.1.4.3 The Igbo Language

Igbo, like a lot of other languages, has multiple dialects; there are about thirty of them,
and each one has a different contrastive pitch. It also has tones and vowel harmony
characteristics, and it has those things in common>!. The majority of the diff.erences
between dialects are found in their lexical, phonological, and syntactic struc@&i‘he
Owerri and Umuahia dialects, which are spoken in the capital cities : %% eastern
states, Imo and Abia, serve as the basis for the standar.d %‘”{ There are 28
consonants, including b, gb, ch, d, f, g, gh, gw, h, j, k, kw, @\m, n, ny, n, p, r, s, sh,
t, v, w, and z, and 8 vowels, which are divided intq{%Qﬁarmony groups based on
Advanced Tongue Root (In the process of w@%ation, the consonants sh and v
are utilised infrequently>!. In order to fg@ bo words, the vowels from the two
harmony groups are combined acc@%to the rules governing vowel harmony. In

some languages, such as Igbo, @'nomenon known as vowel harmony occurs when

all of the vowels found i%v.v\ord belong to the same group’’.

Q)&
>
S
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Letter A B Ch D E I G Gb
Pronounciation | /a/ /b/ /) /4 fe/ i taf ,-"”Hh f
Letter Gh Gw H I I J K Kp
Pronounciation | /y/ /9% /[H/ A/ i) [fdy/ [fkS [ k}} f
Letter Kow L M N Nw Ny N 8]
Pronounciation | /k%/ /I /m/ /) /¥ [/n/ [y/ Jo/
Letter () P R S Sh T U U
Pronounciation | /fo/ fp/ Jaf [fs/ [fI] 8 juf Jfu/f
Letter \' W Y Z

Pronounciation | /v/ /w/ [if [z/

Fig 2.4: The Standard Orthographical Graphemes for I@ -

2.2 Methodological Review

S
S

In the following paragraphs, the com Aqf a conventional ASR system will be
discussed. Feature Extraction, Aco@c odeling, Language Modeling, and Lexical

Modeling are the four mai c&nems that make up a general automatic speech

recognition (ASR) syste o

| CPQ

Training speech Acoustic
data Lg models of -
speech units
gil}z Eilz ACOUSTIC L, TEXT
i Feature FEATURES N Speech decoder OUTPUT
—————>  cxiraction
- =0 o =
B
Training text =2 1 Statisnca;d 1 Lexical model
data ANELAge hoCE e (pronunciation
vocabulary)

Fig.2.5: Components in an ASR System>Z,
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2.2.1 Feature Extraction

The feature extraction phase is considered to be the front-end of any ASR system.
This phase receives the audio signal as its input and produces the digital
representation of the audio signal as its output®>. Raw audio can be directly given as
input to the ASR system, or it can be converted to the frequency domain an.d e(itbher
passed as spectrograms or a feature extraction technique can be appliq%%'n\the
frequency domain representation of the audio signal®?. Another opti 1. %7\’ audio
to be converted to the time domain and then either pas.sed s «spectrograms. or
converted back to the time domain. Mel Frequency Cep@oefﬁcients (MFCC),
Linear Prediction Coefficients (LPC), and Perceptuz’t]@ear Training speech data are
some of the various feature extraction techni@%oustic models of speech units,
Training Speech Data Feature extraction, @1 decoder Training, text data Acoustic
models of speech units, Training Data Feature extraction The statistical
language model, the lexical el (pronunciation vocabulary), the prediction
coefficients (PLP), and %}t)leneck layer features (Multi-Layer Perceptron (MLP)
outputs, speciﬁcty@ autoencoders) etc3>3.

Acoustic Mo&@ng: In automatic speech recognition (ASR), the relationship between
an audi‘c%al and the corresponding phonemes, characters, or words is represented
@ans of something called an Acoustic Model (AM)*>34. AMs construct statistical
representations of meaningful speech units based on the information that they are
given. Hidden Markov Models were traditionally used in the construction of ASR
models (HMM). The simplest form was when each phoneme was modelled using its
own individual HMM, and the probabilities of the HMM were modelled using

Gaussian Mixture Models (GMM)*>4, This was the most common form. In more
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recent approaches, the feature extraction system, the phoneme decoding system, and
the acoustic model are all modelled as being part of the same end-to-end deep
network. Due to the fact that the phonemes in each language are distinct from one
another, the acoustic model is unique to the language that is being modelled. However,
by employing speaker normalisation techniques, the acoustic model can be
generalised so that it can be applied to varying pronunciations of the same lang.ua%

Language Modeling: Following the output of the sequence of phonemes, %%ers,
and words corresponding to the input utterance by the acoustic mg cA nguage
model then makes corrections based on prior probabilistic sfa@?\. The Language
Model (LM) is a probability distribution over a set of@s that describes the

probability of sounds, characters, and words occurgi %ggether in sequence. This

distribution is applied to the entire set of wo@lilar to the acoustic model, the

language model is typically collected o:‘a!\ﬁi;%)written corpus. This corpus is distinct

from the acoustical corpus and is (%e' nt on the language that is being modelled.

The probabilities of a sequ%@rring are very different from one language to the
next>2. -

Lexical Modeli :@%se it functions as a link between the audio-based acoustic
model and tlmext-based language model, the Lexical Model (Dictionary) is an
essenti@ponen‘[ of any automatic speech recognition (ASR) system™>°, An ASR
requires the lexicon to fulfil not one but two distinct functions: 1) It contains a
list of all the words that the ASR model is capable of possibly recognising, and 2) It
assists traditional HMM models in the process of building decoder models for each
phoneme®’. The dictionary is divided into two sections: the first section contains the

words that the ASR system is able to recognise, and the second section contains the

phoneme composition that is used to produce those words. In order to get a good
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performance out of the ASR system, it is often essential to include all of the possible
words and phonemes in the language in the lexicon®’.
Mel Frequency Cepstral Coefficients (MFCC): The Mel Frequency Cepstral
Coefficient (MFCC) is a popular feature representation method used for speech
signals58. It is based on the concept of Cepstrum, which represents the power of a
signal. The steps involved in calculating the MFCCs of a speech signal are as f.ollows:
i.  Pre-Emphasis: the first step in the process of MFCC feature extraction i@}oost
the amount of energy contained in the signal at high frequenci .ﬁ@is done
because the spectrum of voiced segments has less ene{g@gher frequencies
than it does at lower frequencies. The spectrum of a @rm is the summation
of sinusoids, each of which has a particul mplitude and phase. This

phenomenon is referred to as a Spectral ti\@%unds such as [r], [g], and [j], as

well as [b] are voiced, whereas :b]@juch as [s], [p], and [k] and [t] are

unvoiced. The vocal folds vibr: n producing voiced sounds but do not do so

when producing unvoiced @s. This is the primary distinction between the two

types of sounds. Th% %re produced from the beginning of the vocal tract the
6

majority of, @

provides%ﬁe acoustic model with additional data. This contributes to an

imﬁ%ﬂent in the performance of the phone recognition.

Q%dowing: Speech is a non-periodic signal, and the properties it possesses shift

. Increasing the amount of energy at high frequencies

over the course of time!. As a result, information is extracted from a signal
region that is small enough so that the speech signal appears relatively stationary.
This results in an improvement in the spectral information for phone recognition.
Nevertheless, when calculating the Discrete Fourier Transform (DFT), it assumes

that the small signal region is one period of a continuous periodic signal®. This is
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iii.

1v.

done so in order to speed up the process. Because of their aperiodic nature,
speech signals are susceptible to experiencing discontinuities. These
discontinuities have the potential to have an effect on the spectrum by
manifesting themselves as high frequency components that were absent from the
initial signal. Windowing is a strategy that can be utilised to reduce the severity
of these effects. The amplitude of the discontinuities that occur at the boqnd(e&ies
of each signal region can be reduced through the use of windov@\l‘he
Hamming window is typically used for this purpose because i .}gﬁance in
the calculation of MFCCs is superior to that of the recitan%u\window. When
compared to the main lobe, the results produced by @amming window are
significantly cleaner and more amenable to freQ@y-selective analysis because
the side lobes are significantly suppressed%&amming window?2.

Discrete Fourier Transform: Spec:h@ymation is always extracted from the

windowed signals utilising Discrete”Fourier Transform in order to obtain the

he human ear is not sensitive to each frequency band

energy of the signal at %@g@equency bands®’.

Mel Filter Bank ang§>

in the sam@ roughout its range. Its sensitivity to lower frequencies is
greater ﬂ‘)%l s sensitivity to higher frequencies. The mel-scale modelling tool

can ed to simulate this property®*. One unit of pitch is called a mel. Because

Qjman perception of frequency is more non-linear than linear, the mel-scale has a

closer relationship to human hearing than a time-frequency domain representation
like the spectrogram does. The mel-scale applies a pre-emphasis that is not
applied when the spectrogram is being constructed®. This pre-emphasis is

applied to the higher frequencies
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Cepstrum: Speech is produced when the output of the glottal source is passed
through the vocal tract, which has a filtering characteristic due to its ability to
form a variety of shapes®. This results in the production of speech. In order to
differentiate the glottal source from the filter, the cepstrum is utilised. Finding the
inverse of the discrete Fourier transform (DFT) of the Mel filter bank output66 is
the first step in calculating the cepstrum. A typical cepstrum will have.a large
peak at the fundamental frequency FO, which will represent the glo%&lse.
Additionally, a typical cepstrum will have higher harmonic co . Q‘Qt lower
amplitudes, which will represent the filters in the VOC&.I ;[I'& 67.\We are able to
distinguish between the source and the filter by utilisi@ cepstrum values that
fall between the second and thirteenth peak@%‘ ignoring the peak that
corresponds to the fundamental frequenc@%lformation about the energy is

not conveyed by the cepstral coef@%s a result, an energy component has

been added to it. The sum of thg\squatres of the samples taken at various points in
time constitutes the ene{)y@ch‘e samples taken in any particular frame. Consider
a signal x that is wi&med from time tl to time t2 in the following manner: The

driving forc @ms signal can be found in the form of:

S

@ope of the formants changes from the stop burst to the release, which results in

2.10

speech signals that are not constant. Therefore, we plan to include these different

iterations of the features. A delta value, also known as a velocity value, is added to

each of the 13 cepstral values. A change in the corresponding cepstral or energy

feature from one frame to the next corresponds to a change in the delta values. It is

possible to calculate it as:
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— c(t+1)—c(t—1)

dt 5

2.11

Where d(t) represents the delta value, and c(t) is the cepstral value at time t. Similarly,
double delta features are added, which correspond to the change between frames in
the corresponding delta values.

2.3 Related Work . (b‘
The review of the literature reveals that several authors have contributed siguificantly
to the development of speech recognition. ‘%\

In a study titled "accent classification of the three ma}o@?ﬁrian indigenous
languages using 1D CNN LSTM network model" the re%‘%’zs looked at the three

major indigenous languages of Nigeria®. The g\’@f this paper is to investigate

the words in the three major indigenous lan§a of Nigeria that are most sensitive
1

to accent, and it also makes use of nél%‘ rning (ML) to find a solution to the

problem of accent classification A@,in all three languages. Python was utilised in

the development and impl@on of a speech-based algorithm. Speech data were

collected from 300 speakers, and an algorithm called mel-frequency cepstral

coefficient (MF@Q&S sed to extract distinct features. These features are used to

differentiate kers of the three native languages. A combination of a one-
>

dime@

shogt-term memory (also known as an LSTM network model) was trained with the

convolutional neural network (also known as a 1D CNN) and a long

acquired speech data (1D CNN LSTM). The findings of the experiment indicate that
the accuracy of classification is 94.9%.

Using machine learning and deep learning models’ researchers conducted a study on
how to classify accents®. In order to develop an efficient instrument for accent

classification, the authors of this paper developed a model by making use of machine
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learning and deep learning algorithms. Validation of the proposed system was
performed on a dataset taken from the Speech Accent Archive, which was hosted on
Kaggle by George Mason University. According to the findings, when compared to
other machine learning models, such as CNN and LSTM, Decision Trees performed
the best, achieving an accuracy of 97.36%. This was the case even though CNN and
LSTM are considered to be deep learning models. .

In the research paper titled "Using Brain-Like Audio Features to Improvqlgpig:h
Recognition" the authors proposed a new method for the extractio . e s. They
referred to it as "SHH (spike-H)," and it was designed to be. ang%qls to the human
brain. It was able to achieve higher speech recognition rq@an earlier methods”.
After that, the features that were extracted with the He@%ﬁ\e proposed model are fed
into the classification model. New parallel CR’)@\%el with an attention mechanism
that takes into account both temporal a ,@%} features is proposed here. According
to the findings of the experiments, %? osed CRNN is able to achieve an accuracy
of 94.8 percent on the A ora@set. Experiments on audio similarity have also
demonstrated that SHH is\better able to differentiate between different audio features.
In addition, the @mts involving ablation demonstrate that SHH can be applied
to digital spee%recognition.

In a separate but related study on the use of machine learning techniques for accent
%on”. This study aims to distinguish the American accent from the British
accent, as well as the French accent, the German accent, the Italian accent, and the
Spanish accent. The task of accent recognition makes use of two distinct algorithms
that are based on machine learning: the Support Vector Machine (SVM) and the k-
Nearest Neighbor algorithm (K-NN). Both approaches involve optimising the user-

defined hyper parameters in order to achieve high levels of precision in the results. In
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addition to this, the method of k-fold cross validation is utilised in order to guarantee
the accuracy of the findings. According to the findings of the experiments, the
accuracy achieved by the SVM equipped with the Radial Basis Function (RBF) kernel
is the highest. As a consequence of this, applications that require speaker accent
recognition are good candidates for the use of SVM with an RBF kernel.

According to the findings of a study that used audio surveillance to investigate the
detection of potential collision hazards for the safety of construction work%&ﬁi‘he
purpose of this study is to propose the development of a less expensi . %%Qogy for
the prevention of collisions that makes use of audio signals .to &(‘4\ the presence of
mobile equipment. The problem is addressed in the stu@ developing a novel
sound detection model that employs artificial intelh‘g&Q{AD to detect the sound of
collision hazards buried in a great deal of amtﬂ%'?lses. This improves the auditory

situational awareness of construction :q@who are exposed to loud noises and
C

helps them avoid injuries. This stu%' sisted of three stages: (1) the collection of
audio data from constmcti@ent; (2) the development of an innovative audio-
based machine learning gd'eyl for the automated detection of collision hazards; and (3)
the conducting of-fi %periments to investigate the effectiveness and latency of the
system. The ﬂ@ngs demonstrated that the model detects equipment accurately and is
able to prqvide timely notification to the workers of potentially dangerous situations.
oal of this project is to create a hybrid deep CNN-based multi-accent
recognition system for the English language.

The database of non-native Indian English speakers' accents is going to be given the
name IndicAccentDB in this paper, and it will be innovative and well-structured. The

unbalanced dataset (gender bias) and speaker mismatch problems that were seen in

the past are addressed by IndicAccentDB through the inclusion of speech samples
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from six different states. The work that is being proposed also discusses the
requirements for creating the IndicAccentDB database as well as the pre-processing
tasks that are going to be performed on the dataset. In addition, in order to construct
the reliable Multi-Accent Recognition System, we conducted research and
development on various accent classification models, including 1D-CNN, Support
Vector Machines, Random Forest, Decision tree, ResNetl8, ResNetS.O, and
xResNet18. These models were trained on MFCC and Mel-Spectrogra%'gg\ﬁres
(MARS). In the end, we assessed how well the proposed models . on the
novel database and compared the findings by using eva}uag’%.@e‘[rics such as
precision, accuracy, Fl-score, and recall. According to @ndings we gathered,

xResNet18 displayed a high level of accuracy whé@@ntifying the various accent

classes. QQ

According to the findings of a stud @'Automaﬁc Speech Recognition and
V;'S

Accent Identification of Ethnically& e Nigerian English Speakers’." This study

provides support for acce%@‘ent automatic speech recognition by applying a
supervised learning alg@g\l to the task of recognising three Nigerian ethnic groups
(Yoruba, Igbo, @’%a) and distinguishing between them based on their accents.
This is acco%{i)s ed by constructing sequential Mel-Frequency Cepstral Coefficients
(MFCC)\eadtures from the frames of the audio sample. This research was carried out
@eria. According to the findings of our research, an effective method for
recognising and categorising accents is to concatenate the MFCC features in a
sequential fashion and then apply a supervised learning strategy. This approach
achieves both high efficiency and high accuracy in its results.

According to research published in a paper with the title "Language Accent Detection

with CNN Using Sparse Data from a Crowd-Sourced Speech Archive"’s.
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In this study, the authors made a contribution to the task of accent recognition for a
group of up to nine European accents in English. Additionally, they tried to provide
some evidence in favour of specific hyper parameter choices for neural network
models while also searching for the best input speech signal parameters to improve
the baseline accuracy of accent recognition. To be more specific, they utilised a CNN-
based model that was trained on the audio features extracted from the Speech.Accent
Archive dataset. This dataset is a collection of accented speech recordingiﬁq}was
compiled by using contributions from the general public. The au .%strated
that incorporating time—frequency and energy features .(su ag spectrograms,
chromograms, spectral centroids, spectral rolloffs, and fur{@htal frequencies) into
the Mel-frequency cepstral coefficients (MFCC) h@e potential to increase the
accuracy of the accent classification when co@%o the conventional feature sets

of MFCC and/or raw spectrograms. g’{;\&%

According to the results of the expesi s, amplitude mel-spectrograms plotted on a
linear scale are the input data l@ﬂwt has the greatest influence on the model’®. In
order to produce state-oﬁh?art classification results, amplitude mel-spectrograms on

a linear scale, ‘@;@

brings the re&%m ion accuracy for English with Germanic, Romance, and Slavic

e correlates of the audio signal energy, are used. This

accents d from 0.964 to 0.987, thus outperforming existing models of classifying
hat use the Speech Accent Archive. In addition to that, they investigated how
the rhythm of speech influences the accuracy of recognition. According to the results
of our preliminary research, the audio recordings were utilised for additional accent
classification research in their unaltered, unedited form, meaning that all of the pauses

were maintained.

52



A study was done using CNN Model trained on amplitude Mel-Spectrograms to
classify speakers of English with accents’’. The purpose of this paper is to contribute
to the advancement of a classification method for accented speech by making use of a
CNN-based model that was trained and tested on English with Germanic, Romance,
and Slavic accents. The machine learning model's input feature set was investigated in
order to locate the optimum combination of time-frequency and energy charac}eristics
of the speech that was being fed into the model. In addition, the authors ad@&;} the
model's hyperparameters as well as the dimensionality of the featur t. \?@e input.
They argued that when compared to conventional feature se.ts ed,\on MFCCs and
raw spectrograms, mel-scale amplitude spectrograms on &Q&r scale appear to be
more effective in accent classification tasks. Even t’n@b our models only made use
of a small amount of data from the Speech @%rchive, they were still able to

produce cutting-edge classification r:]@yr English spoken with Germanic,

Romance, and Slavic accents. In @ ison to other models that classify accents
using the same dataset, the acc@% of our models that were trained on linear scale
amplitude mel-spectrog@sﬂ ranged from 0.964 to 0.987, making them superior to
those other monQQ

According toXthe findings of a study titled "Automatic Speech Recognition and
Accent@gﬁcation of Ethnically Diverse Nigerian English Speakers"’®. automatic
5@1 recognition was able to accurately identify the accents. This study provides
support for accent-dependent automatic speech recognition by applying a supervised
learning algorithm to the task of recognising three Nigerian ethnic groups (Yoruba,
Igbo, and Hausa) and distinguishing between them based on their accents. This is

accomplished by constructing sequential Mel-Frequency Cepstral Coefficients

(MFCC) features from the frames of the audio sample. This research was carried out
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in Nigeria. According to the findings of our research, an effective method for
recognising and categorising accents is to concatenate the MFCC features in a
sequential fashion and then apply a supervised learning strategy. This approach
achieves both high efficiency and high accuracy in its results.

To investigate an acoustic comparison of the english accents of Malaysian and
Nigerian Speakers”. This study compares the spectral and cepstral acoustlcs of
speakers of English with a Malaysian accent and a Nigerian accent m@'}f to
determine the effect that accents have on the spectral and cepstral feat Q@speech.
Researchers at the ARS have paid a lot of attention to accent }%&*se it is a major
source of ASR performance degradation, which is why@ have paid so much
attention to it. The vast majority of ASR apphcatlb@ere developed using speech
samples from native English speakers, desplte%'% that the majority of the people

who could use these applications spea i;i@%s a second language.

In a study titled "Comparative Pho al Analysis of Varieties of English Spoken

by Native Speakers of nge%)j%cbéuages (Hausa, Igbo, Kanuri, and Yoruba) for the
ri

80" researchers compared the English dialects

Determination of Spea gins
spoken by natiy, s@%rs of these Nigerian languages: Hausa, Igbo, Kanuri, and
Yoruba. The vestigation is broken up into two parts: I the provision of segmental
descripti f four different Nigerian English accents (Yoruba, Hausa, Igbo, and
(@9 (i1) accent classification experiments to evaluate the relative effectiveness of
four different methods in classifying four different Nigerian English accents. A corpus
of the four different Nigerian English accents was compiled using the responses of
sixty individuals, with each accent being represented by fifteen individuals.

Impressionistic analysis, supplemented with a little acoustic corroboration, was

performed on the corpus. The task of accent classification included a total of 118
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participants, drawn from three human groups: Nigerian non-linguists (each L1 group
represented by 20 respondents), 25 Nigerian linguists (6 Hausa, 9 Igbo, 5 Kanuri, and
5 Yoruba), 13 phoneticians based in the United Kingdom, and an automatic accent
recognition system called Y-ACCDIST. According to the findings, each of the four
approaches has some degree of promise in terms of accent recognition. In spite of this,
the overall findings suggest that native speakers, regardless of their linuistic
backgrounds, were significantly more accurate in identifying speakers of %s;\bwn
accent groups. According to the findings, the phoneticians bas .'\ United
Kingdom as well as Y-ACCDIST were the most accurate i{l d;%gklishing Yoruba-
English. It is possible to speculate, in light of the fact thq&%'}uba-English speakers
make use of linguistic stereotypes such as [h]- eH;@and [h]-epenthesis in their
speech, that language analysis carried out by s who are not native speakers of

the language variety in question can reliable if the language variety in
f‘\ guag y

question contains some stereotypes

In a study very similar, res%@%ttempted to recognise English speech using deep
learning and multiple tures This study proposes a deep learning speech
recognition alg § combines speech features and speech attributes. The
research obje\iior) this study is English speech. First, the deep neural network
supervi‘s%armng method is used to extract the high-level features of the speech,
f@w output of the fixed hidden layer is selected as the new speech feature for the
newly generated network, and the GMM-HMM acoustic model is trained with the
new speech features; second, the speech attribute extractor based on deep neural
network is trained for multiple speech attributes, and the extracted speech attributes
are classified into phoneme by deep neural network; finally, the deep neural network

is used to classify the phone The results of the experiments show that the English
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speech recognition algorithm that was proposed is based on a deep neural network
with multiple features, and it is able to directly and effectively combine the two
methods by combining the speech features and the speech attributes of the speaker in
the input layer of the deep neural network. Additionally, it is able to significantly
improve the performance of the English speech recognition system.

A survey of CNN-Based network intrusion detection was published®?. lee deep
neural network feature fusion method is used in this paper to perforJQi;pXech
recognition in an effective manner. This method is used to ef] ; se the
extracted monomodal features. Second, when establishing. t‘h\‘ rc%ntecture of the
business English translation system, you should use the e@bmputing method. In
conclusion, the simulation test analysis demonsfr@%ﬁat the business English
translation framework developed in this pa 'Qeffective in its operation. Our

suggestion resulted in an improvement :’*@acy that was at least 10% higher than

that of the other available methods, and italso resulted in a significant reduction in the
amount of time spent building @Scmodel. This research aims to discuss how to deal
with the many differet@ '%hat exist between the source language and the target
language, how i@re the readability of the translation, and how to meet the

cultural cogm\%n and needs of the reader. The purpose of this research is to discuss
how to%vith the many differences that exist between the source language and the
%guage.

In a framework for human-drone interaction that is based on the recognition of
multiple languages®’. This study offers an alternative to using innovative methods
known as natural user interfaces, which permit users to interact with drones in an
intuitive manner using speech. These methods were developed as a result of this

research. However, if there are multiple languages spoken in the same area, it is
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possible that the number of users will decrease if there is only one language available
for communication. In addition, the noise from the environment and the propellers
makes speech recognition a challenging endeavour. The controlling of the movement
of drones is intended to be accomplished through the utilisation of a multilingual
speech recognition system that is comprised of English, Arabic, and Amazigh. These
languages were chosen because of their widespread use across many fegions,
particularly in the Middle East and North Africa (MENA) region of the @ A
strategy consisting of two stages is suggested as the best way t a. ish this
objective. A model for multilingual speech recognition that i.s b@qn deep learning
is developed during the first stage of the process. After t@quadrotor unmanned
aerial vehicle (UAV) is used to test the developed r‘q@ in real-world conditions. In
order to make the network more resilient, i\%%ined with 38,850 records that

contained a mixture of noise and comﬁ%?% well as unknown words. It has been

determined that the overall accura(%)' e class is greater than 93%. After that, we

put the newly designed s%\@;ough its paces by having 16 different people
participate in a series 0 e@eriments in which they gave voice commands to the
system. The ac %’%‘[ was achieved was approximately 93.76% for the English
recognition %{ .55% and 82.31%, respectively, for the Arabic and Amazigh
language the end, a quadrotor unmanned aerial vehicle (UAV) was used to create
ware implementation of the designed system. Tests conducted in real time have
demonstrated that the approach possesses a great deal of potential as a substitute
mode of human—drone interaction, in addition to providing the benefit of simplified
control.

In addition, in a speech recognition implementation where MFCC and DTW

algorithms were used for home automation®. This research has built a speech
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recognition system that can be used as a device to control the devices in a smart home
by identifying the commands spoken by users, particularly when the user is in a state
of clean speech. The command that is carried out is a string of words that has been
chosen in advance. In order to extract voice commands, the MFCC algorithm is used
to match spoken words with templates generated by the Dynamic Time Warping
(DTW) algorithm. This is done in order to facilitate the extraction of voice corpmands.
The DTW algorithm is able to determine the difference between two time @;s\that
spans of time that are distinct from one another. The results of th .% of this
system were successfully carried out by these algorithms at.a rg&ofx 86.67%, with a
required time of 5.28 seconds on average to identify the co&@ds.

Using support vector machine to research speaket @)gnition for digital forensic
audio analysis®®. For the purpose of this inves@% the data collected came in the
form of evidence in the form of a recordi conversation that took place over the
phone as well as a recording of a cc%'a iSon of some unexpected findings. In order to
recognise the speaker, the part thatthas already been completed is the classification of
speaker recognition usi th;flpport Vector Machine (SVM) classification method.
Excellent accur@ @nieved in the classification of the speaker's introduction
when the SV)%method was utilised. From the test results, the SVM method's use
resulte&%ﬁ accuracy rate of 86.67% for the test with the same sentence and up to
or different sentences to recognize the speaker with the values of C 0.01 and y
(Gamma) 0.0001.

In a separate study titled "Human Emotion Detection with Speech Recognition Using
Mel-frequency Cepstral Coefficient and Support Vector Machine®®." researchers
looked at the correlation between human emotions and speech. The Mel-Frequency

Cepstral Coefficient was the feature extraction method that was utilised in this
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investigation. It was used in conjunction with a human emotion detection system that
utilised sound signals (MFCC). This technique was selected because, in comparison
to other systems, MFCC comes the closest to simulating the response of the human
auditory system. The most recent approach to the classification of data is called
Support Vector Machine (SVM), and it was developed in the 1990s by Chervonenkis
and Vapnik. SVM is an example of supervised machine learning, which is fre.quently
utilised in numerous studies for the classification of human speech recogn@gﬁi‘he
RBF kernel from SVM Multi-Class was the one that was utilised t : %?@r of the
time in a number of earlier studies. This is due to the fact th.’:.lt S&Jyakes use of the
Radial Basis Function (RBF) kernel, which has improve;@x‘uracy. This research
found that a frame size of 0.001 seconds, 80 filter ba; .3-0.7] gamma, and 1.0 C
values produced the highest accuracy ratio posﬁ@ hich was 72.5%.

In a study titled "Recognition of Em&i:?ﬂ Speech Using Convolutional Neural
e

Networks on Different Datasets”.& searchers looked at a number of different
data sets. In this study, spe%a and mel-spectrograms are utilised to investigate
which method of featurg&;r\action best represents emotions and how significant the
differences in e @%S are in this particular setting. According to the findings of
the studies that, were carried out, mel-spectrograms are the data type that is best suited
for train NN-based speech emotion recognition systems (SER). The research
ments made use of the following five well-known datasets: The Interactive
Emotional Dyadic Motion Capture, the Crowd-sourced Emotional Multimodal Actors
Dataset (CREMA-D), the Ryerson Audio-Visual Database of Emotional Speech and
Song (RAVDESS), the Surrey Audio-Visual Expressed Emotion (SAVEE), the

Toronto Emotional Speech Set (TESS), and the Toronto Emotional Speech Set (TESS)

are some of the datasets that were used in this study (IEMOCAP). There were six
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distinct categories of feelings that were used: joy, anger, sadness, fear, and disgust, in
addition to neutral. On the other hand, due to the characteristics of the IEMOCAP
dataset, some of the experiments were designed to only recognise four of the available
emotions. A comparison of the effectiveness of classification across the various
datasets was also carried out, along with an attempt to develop a universal model that
could be trained using any and all datasets. When attempting to identify 5111 four
feelings, this strategy resulted in an accuracy of 55.89%. On a total of fou@;\akts,
the most accurate model for recognising six emotions was traine a. itlachieved
57.42% accuracy after being evaluated (CREMA-D, RAV.DE , §AVEE, TESS).
Furthermore, another study was developed that demon@ that improper data
division for training and test sets has a significant ﬁ@nce on the test accuracy of
CNNs. This was demonstrated by the fact ‘that the study was able to show the
relationship between the two. As a res ‘@%ﬁﬁcant amount of work was put into
resolving the issue of improper dat%:/ fon between the training and test sets, which
was found to have an impa%%cb‘results of studies that were previously published.
The experiments that were carried out used the well-known ResNet18 architecture in
order to demon @dependability of the research results and to show that these
issues are no\\syeciﬁc to the custom CNN architecture that was proposed in the
experin‘l%After that, the correctness of the labels in the CREMA-D dataset was
%ted with the help of a pre-made questionnaire.

Research into approximation techniques for the fast Fourier transform (FFT), with an
eye toward their use in speech recognition®®. Several different approximative designs
for computing the FFT are presented in this article. Adjusting the word length at each
stage of computation allows for a balance to be struck between the two competing

priorities of accuracy and performance. Two different algorithms for modifying word
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length while maintaining a predetermined error margin are proposed. The first
algorithm aims for performance, so it can achieve a higher operating frequency. The
second algorithm aims for performance, so it can achieve an approximate FFT for an
area-limited design compared to the conventional fixed design. Both of the proposed
algorithms demonstrate that it is possible to strike a productive balance at stage-level
between the hardware utilisation and performance requirements. The pfoposed
designs for an approximate FFT are implemented on an FPGA, and the res%;)\ the
experiments show that the hardware utilisation can be reduced by a N ly 40%
when using the first approximate algorithm. The perforn.lan oi; the designs is
improved by more than 20% thanks to the second algori@\’\’hen compared to a
coarse design, a fine granularity architecture can cﬁt{k amount of FPGA resources
needed for a 256-point FFT computation by @%n percent. This architecture is

being researched as well. Finally, the QN@% approximate designs are applied to a
e

feature extraction module in an is%' ord recognition system. This results in a
reduction in the number of UT%% FFs for the Mel frequency cepstrum coefficients
(MFCC) extraction moge'}by up to 47.2% and 39.0%, respectively, as well as a
reduction in povc@%o 27.0%, all while maintaining an accuracy of less than 2%.
N
To inve nga speech recognition system that makes use of an improved mel
@ncy cepstral coefficient along with windowing and framing method®. In recent
years, a great number of speech recognition systems have been developed in order to
solve a variety of problems that have arisen in applications that are used in the real
world. A novel speech recognition system that combines enhanced mel frequency

cepstral coefficient with windowing and framing method is one of the systems that we

have proposed. In order to get rid of the Gaussian white noise that is present in the
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input speech signal, a method called windowing and framing is utilised. The
nonnegative matrix factorization algorithm is utilised in an efficient manner by the de-
noising block for the purpose of factorising the Mel-magnitude spectra of the noisy
input audio signal. In addition, the mel-frequency cepstral coefficients, also known as
MFCC, are utilised in order to locate the more significant characteristics that are
present in the speech signal. Last but not least, the Laplace smoothing teghnique
serves as the language model for the purpose of recognising the audio sigés,\l‘he
proposed Mel frequency cepstral coefficient with Windowing a : g-based
speech recognition system is demonstrated with the help of.the A;l' LAB software.
The wavelet-based feature extraction method and the arti@\ieural network-based
method are two other methods for speech recogm‘t@%)at we have evaluated and
contrasted with the speech recognition syster@% have proposed. The results of
the experiments demonstrated that the @gd Mel frequency cepstral coefficient
with windowing and framing based $peeth recognition system performed very well.
P

Using a neural network and '§1 pre-processing technique for speech recognition in the
Mongolian lang @ihis study, the authors developed a neural network model
that is capablk\ogiecognising a small selection of Mongolian words. This research
was pub in the journal "Neural Networks." In the Mongolian language, we have
these four words. These words were selected in order to facilitate the further
development and production of a unique device that features an audio interface. In
this experiment, we utilised audio recordings that were captured in a computer by
means of a microphone in a typical audience with a minimum amount of ambient
noise. The audio recording database that was used to train the neural network is

comprised of the speeches of 11 different individuals (7 men and 4 women). One of
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them is between the ages of 20 and 30, three others are between 60 and 70, and the
remaining two are between 30 and 40. The work is carried out on a standard desktop
computer equipped with an Intel Core i5 processor from the third generation and 8
gigabytes of DDR IV memory.

In a similar vein, on emotional speech recognition based on weighted distance
optimization system®'. The researchers presented a number of models to re.co%ise
human emotion based on the speaker's words. The Gaussian mixture mode‘é'g\’\e of
the models that has gained a lot of attention (GMM). When there . h?ﬁnumber
of features and some of those features are correlated, the GM}\/I &k\ave one or more
of its components as ill-conditioned or singular covariance@ces. This can happen
when the number of features is high. For the purposé ‘@pcognising emotional speech,
a brand-new system that is predicated on weightedydistance optimization (WDO) has
been developed as part of this investi Ti@%e primary goal of the WDO system,
also known as WDOS, is to imppgve™fecognition accuracy while simultaneously
addressing the limitations of t@M. We discovered that WDOS has had a great
deal of success by condu tiné a comparative analysis of all of the different emotional
states as well as @:teristics of each individual emotional state. The accuracy of
WDOS's perf&@ance for the Japanese language is exceptional, coming in at 86.03%.
When ‘%ﬂed with GMM and k-mean, the accuracy of Japanese emotion
%on is improved by 18.43% using this method.

In order to better understand pattern mining as an approach to improving speech
emotion recognition®’. The authors of this paper present a novel method that can be
used to extract a new set of high-level features that can be used for the classification
of emotions. For this purpose, the author first reduce the dimension of discrete-time

speech signals, then we perform a quantization operation on the new signals and
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assign a distinct symbol to each quantization level, then we use the symbol sequences
representing the signals to extract discriminative patterns that are capable of
distinguishing different emotions from one another, and finally, we generate a
separate set of features for each emotion based on the patterns that were extracted
from the signals. The results of the experiments show that pattern features perform
better than Energy features, Voicing features, MFCC features, Spectral featufes and
RASTA features. They also show that combining pattern-based features wit%{p&stic
features results in an improvement in classification performance tb@@@ greater
than the previous improvement. . \ N

In a study on application of machine learning to speech a@S with the purpose of
identifying speaker accents within the context of audteyforensics deep learning and
machine learning frameworks are being used@% with forensic investigations®?.
The work that was done to recognis 't@gaker's accent utilised support vector
machine, k nearest neighbours, )% st, linear discriminant analysis, quadratic
discriminant analysis, and deci§tontree algorithms. The experiment that was carried
out on the dataset for a&n't\ recognition demonstrated that Mel Frequency Cepstral
Coefficients an @ classifier are capable of identifying and differentiating six
accents that b%ng to different speakers with greater accuracy.

Accord‘i% the findings of a study titled "Arabic Speech Recognition by Stationary
@%avelet Transform and MFCC Using a Multi-layer Perceptron for Voice
Control®®." The researchers were able to successfully recognise Arabic speech. In this
chapter, we will go into detail about our approach to the recognition of Arabic speech
using a mono-locutor and a reduced vocabulary, both of which are introduced in the
literature. This strategy involves using our proper speech database, which is

comprised of Arabic speech words and was recorded by a single interlocutor, as the
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first step in the process of producing a voice command. The next thing that needs to
be done is to pull characteristics from the words that were recorded. The third step is
to perform a classification of those features that were extracted. In order to
accomplish this extraction, the first thing that is done is to apply the stationary bionic
wavelet transform, abbreviated as SBWT, to each recorded word. After that, the Mel
Frequency Cepstral Coefficients, also known as MFCCs, are computed us.in%the
vector that is obtained by concatenating the stationary bionic wavelet coeffi "{;s\that
were previously obtained. After that, the MFCCs that were obtaine : N?@tenated
for the purpose of constructing one input of a multi-layer per.ce){%l.gMLP), which is
utilised for the feature classification. We have used tq&@feren‘[ Arabic words
throughout the phases of learning and testing the bkqtgat was used, and each of

those words has been repeated 25 times by t)i%%voice. The effectiveness of the

proposed method was evaluated usingc;}i@gtion programme, which revealed that

the proposed approach had a classif%'tl rate of 98%.

In addition to this, in resea&h}@ on a robust automatic speech recognition system
based on deep learning for %he Hindi language®. In this article, a seven-layer, one-
dimensional co 1@1 neural network called HindiSpeech-Net is proposed with
the goal of )%ognising various speech samples of the Hindi language in their
appropriate Categories. A large dataset consisting of 2400 speech samples in the Hindi
\@ge were collected in ten distinct classes under real-world conditions. This was
followed by signal filtering and augmentation in order to improve the dataset for the
purpose of producing a robust model and to prevent overfitting. The gathered dataset
was then evaluated based on a variety of performance parameters, and the results were

separated into a training set, a validation set, and a test set. On the test set, the trained

HindiSpeech-Net model achieved an accuracy of 92.92%. The proposed framework is
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more efficient from a computational cost standpoint, operates in real time, and is
amenable to incorporation into embedded systems.

In a separate but related study, researchers developed an intelligent voice recognition
system utilising fuzzy logic and the bag-of-words technique®. In this paper, a method
for recognising voice commands based on a fuzzy logic system that is capable of
perceiving fuzzy commands, also known as commands containing fuzzy terrns.such as
'close,' 'closer,' 'close to,' 'closer than,' and 'very far,' is described. The metho@sed
on a fuzzy logic system. The developed method has the ca b.' 1% being
customised for the needs of a particular user. In order to ingrea&hﬁ expressiveness
of the language used for the control of a moving robot, a@% of fuzzy logic has
been developed. This system is used to recognise '@ands that are linguistically
incorrect. QQ

Specifically, in the article titled "Appro h@?signs for fast Fourier transform (FFT)
with application to speech recognit@ “Several different approximative designs for
computing the FFT are pre en@% this article. Adjusting the word length at each
stage of computation a%g\ or a balance to be struck between the two competing
priorities of acc 0@% performance. Two different algorithms for modifying word
length while ‘%amtaining a predetermined error margin are proposed. The first
algorithm.aims for performance, so it can achieve a higher operating frequency. The
lgorithm aims for performance, so it can achieve an approximate FFT for an
area-limited design compared to the conventional fixed design. Both of the proposed
algorithms demonstrate that it is possible to strike a productive balance at stage-level
between the hardware utilisation and performance requirements. The proposed
designs for an approximate FFT are implemented on an FPGA, and the results of the

experiments show that the hardware utilisation can be reduced by at least nearly 40%
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when using the first approximate algorithm. The performance of the designs is
improved by more than 20% thanks to the second algorithm. When compared to a
coarse design, a fine granularity architecture can cut the amount of FPGA resources
needed for a 256-point FFT computation by almost ten percent. This architecture is
being researched as well. Finally, the proposed approximate designs are applied to a
feature extraction module in an isolated word recognition system. This resu.lts in a
reduction in the number of LUTs and FFs for the Mel frequency cepstrum cqﬁ%nts
(MFCC) extraction module by up to 47.2% and 39.0%, respecti .X 1l as a
reduction in power of up to 27.0%, all while maintaining an a.ccuﬁy.g)f less than 2%.
According to the findings of a study on low-power speech @Grd recognition using
precision adaptive MFCC based on R2SDF-FFT aﬁ@pqr%ximate computing®®. The
purpose of this paper is to present system-@ ture-circuits co-designs for the

purpose of extracting MFCC features fot @1 keyword recognition. By combining
fe;d[)ack FFT (R2SDF-FFT) and the precision

the 8-stage radix-2 single-path del
self-adaptive architecture %@‘roximate computing, it is possible to strike a
balance between the level of accuracy achieved and the amount of power consumed,
regardless of th y@)ackground noise present. The R2SDF-FFT structure, when
combined wil;gge-grained bit-width quantization, has the potential to reduce
memory siZ€ by 35.7%. In order to further improve the FFT computing energy
e@ncy, it has been suggested that approximate multiplication and addition with
Dual-Vdd be used. Finally, the author presentented the precision self-adaptive MFCC
architecture with the proposed FFT. This architecture can be dynamically configured
to use two calculation modes with different hardware settings depending on the input

speech background noise. This allows the architecture to be more flexible. The power

consumption of the proposed design is able to be reduced by up to 76.3% when it is
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implemented and evaluated using 22 nm technology, while simultaneously increasing
by 0.8% in terms of accuracy.

In a paper on analysis of Yoruba Automatic Speech Recognition. A brief review of
research progress on Yoruba Automatic Speech Recognition (ASR) is presented. The
focus of this review is on variability as a factor contributing to the performance gap
between HSR and ASR. The purpose of this paper is to x-ray the advances re.corded,
major obstacles, and chart a way forward for the development of ASR for Y \*that
is comparable to those of other tone languages and of develope .&This is
accomplished by conducting exhaustive literature reviews on R\with a primary
focus on Yoruba. Although significant headway has been (@\h the development of
ASR in the developed world, this is not the casé ,@t e majority of developing
nations, particularly those in Africa. Yorubd ng with the vast majority of
languages spoken in Africa, does not h \’/f‘{@ljuman or material resources necessary
for the development of a functiona system, let alone for reaping the potential
benefits of using such a sys%@c‘)rding to the findings, achieving the ultimate goal
of having ASR perfo ncg comparable to that of humans requires an in-depth
understanding o Q&rs that contribute to variability®’.

In a research_paper on the development of an automatic speech recognition system for
tonal l@esmo. This study presents the results of a comprehensive survey on
%ic Speech Recognition (ASR) for tonal languages that are spoken in different
parts of the world. There is a discussion on the tonal languages of the Asian, Indo-
European, and African continents; however, the tonal languages of the American and
Australasian continents are not discussed. The presentation of the work done in
previous years on the ASR of tonal languages from different continents, including

Asian continent tonal languages such as Chinese, Thai, Vietnamese, Mandarin, Mizo,
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and Bodo; Indo-European continent tonal languages such as Punjabi; Indo-European
continent tonal languages such as Swedish; and African continent tonal languages
such as Yoruba and Hausa; and Indo-European continent tonal languages such as
Swedish; and African continent tonal languages such In conclusion, the findings are
used to guide an examination of the synthesis analysis. Discussion centres on a wide
range of concerns and difficulties connected with tonal languages. It h.’:.IS been
observed that a significant amount of work has been done for the tonal lan%&;'}'s of
the Asian continent, such as Chinese, Thai, Vietnamese, and Man i."Qré‘@e other
hand, very little work has been reported for the tonal languag.es he\Mizo and Bodo
languages, Indo-European languages such as Punjabi, La}@ and Lithuanian, and
the tonal languages of the African continent, such as'ﬁ{&a and Yoruba.

According to the results of a survey on automatic ‘speech recognition technology for
tonal languages'®!. This study presen ’%%sults of a comprehensive survey on
Automatic Speech Recognition (A i)tonal languages that are spoken in different
parts of the world. There is a @s;hésion on the tonal languages of the Asian, Indo-
European, and African c&ti%ents; however, the tonal languages of the American and
Australasian conti are not discussed. The presentation of the work done in
previous year‘s\(zn the ASR of tonal languages from different continents, including
Asian contifient tonal languages such as Chinese, Thai, Vietnamese, Mandarin, Mizo,
@%0; Indo-European continent tonal languages such as Punjabi; Indo-European
continent tonal languages such as Swedish; and African continent tonal languages
such as Yoruba and Hausa; and Indo-European continent tonal languages such as
Swedish; and African continent tonal languages such In conclusion, the findings are
used to guide an examination of the synthesis analysis. Discussion centres on a wide

range of concerns and difficulties connected with tonal languages. It has been
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observed that a significant amount of work has been done for the tonal languages of
the Asian continent, such as Chinese, Thai, Vietnamese, and Mandarin. On the other
hand, very little work has been reported for the tonal languages of the Mizo and Bodo
languages, Indo-European languages such as Punjabi, Latvian, and Lithuanian, and
the tonal languages of the African continent, such as Hausa and Yoruba.

In a study on creating a free and accessible digital archive of Yoruba speechl.oz. This
article presents an open-source speech dataset for the Yoruba language, whi \one
of the most widely spoken low-resource languages in West Africa . erstood
by at least 22 million people. In addition to being one of Ehs&q%al languages of
Nigeria, Benin, and Togo, Yoruba is also spoken in a nu@of other countries in
Africa and even further afield. The corpus is compfi@%over four hours' worth of
recordings made at 48 kHz by 36 different mal@ emale volunteers, along with the
transcriptions of those recordings ﬂ%%clude disfluency annotation. Full
diacritization has been applied to t%ﬁ criptions, which is an essential component
for accurate pronunciation and @‘al disambiguation. The annotated speech dataset
that is described in this pe‘{ is primarily intended for use in text-to-speech systems,

3

as well as servsCs)

speech translé%n, and provide insights in West African corpus linguistics.

ation data in automatic speech recognition and speech-to-

1031 it was

In a stu ed "Development of Acoustic Models and Language Models
@%at the first automatic Fongbe continuous speech recognition system was
developed. In this paper, we report on our efforts to develop an ASR system for a new
language that receives inadequate resources (Fongbe). The development of acoustic
models and language models for continuous speech decoding in Fongbe is the purpose

of this body of work. The problem that arises when attempting to use an ASR system

to translate from the African language of Fongbe, which is spoken primarily in the
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countries of Benin, Togo, and Nigeria, is that Fongbe does not have any language
resources available. As a first step in this project, we have compiled Fongbe text and
speech corpora, which are explained in more detail in the following sections.
Modeling of acoustics has reached the graphemic level, and language modelling has
resulted in the creation of two language models that can be compared in terms of their
levels of performance. In order to investigate the effect that tone diacritics haV? o(nbthe
language models, we also simplified vowels by removing them. This wa@ by
removing the tones. ,%.\QO

Tone transcription has been shown to improve ASR perfor{naqﬁin\ languages with
extremely limited resources!®. The Chibchan language @ which is spoken in
Costa Rica and is considered to be a language with ®QGW resources available, is
used as an example in this paper to demonst@%‘[ematic comparison of various

transcription styles. The models that @%ost successful split the tone from the
i

vowel in order to allow the ASR al%' s to learn tone patterns independently. The
character error rate (CER) s ou@%provements ranging from 4% to 25% with these
models, while the word rrg\r rate showed improvements ranging from 3% to 23%.
(WER). This is @Qhe more traditional GMM/HMM algorithms as well as the
end-to-end C‘RQ ones. Additionally, the first attempt at training ASR models for
Bribri i‘s%ented in this paper. The models with the best overall performance had a
@933% and a WER of 50%. These models were trained on only 68 minutes of
data, and as a result, they demonstrate the potential of ASR to generate additional
training materials, as well as to assist in the documentation and revitalization of the

language. This is despite the fact that using hand-engineered representations is a

disadvantage.
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In the case of the Hindi language, a robust automatic speech recognition system that is
based on deep learning was developed!®. In this article, a seven-layer, one-
dimensional convolutional neural network called HindiSpeech-Net is proposed with
the goal of recognising various speech samples of the Hindi language in their
appropriate categories. A large dataset consisting of 2400 speech samples in the Hindi
language were collected in ten distinct classes under real-world conditions. T.his was
followed by signal filtering and augmentation in order to improve the datas(é;p\ the
purpose of producing a robust model and to prevent overfitting. T : }3@ dataset
was then evaluated based on a variety of performance parame.ter nd\the results were
separated into a training set, a validation set, and a test set,@\me test set, the trained
HindiSpeech-Net model achieved an accuracy of 9279@@@ proposed framework is
more efficient from a computational cost st@% operates in real time, and is
amenable to incorporation into embedd @Aeys.
.

In a study on the recognition of en%'

of deep neural networks and @&stic features!’. The primary objective of this

in spoken Chinese based on a combination

research is to develop @%h-sensitive interface that can be converted into a voice-

operated interfzé‘?'%se with Al system service robots or smart home voice

assistants as ‘Qey ecome increasingly popular. A Deep Neural Network (DNN)
model @s specifically designed for the purpose of developing a Chinese speech
n recognition system was proposed in this research. Within the scope of this
investigation, the proposed model's training attributes are comprised of 29 acoustic
characteristics derived from acoustic theory. A number of different audio adjustment
methods, such as waveform adjustment, pitch adjustment, and pre-emphasize, are

proposed as a result of this research in order to amplify datasets and improve the

accuracy of training. This research was successful in achieving an accuracy of 88.9%,
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on average, in the recognition of emotions in the CASIA Chinese sentiment corpus.
The investigation's findings indicate that the deep learning model and audio
adjustment method proposed in this study are capable of accurately identifying the
sentiments conveyed in short Chinese sentences, and that they have the potential to be

implemented in Chinese voice assistants or combined with other dialogue applications.

In the use of Tonal Non-Tonal Classifier for the Recognition of Children%ﬁ({gbi
Speech to improve the word recognition rate for tonal languw%. esearch
presented here classifies speech into tonal and non-tonal compo ts\1 7. This is done
in order to retrieve the prosodic features. A feature that is 1&@ to pitch is known as
a prosodic feature, and it is capable of effectively uh@anding the tone of the word
and has a high level of accuracy when recogniﬁ&ord& Prosodic features that have
been extracted are fed to the ASR s %%%se at a time, and only later are they
combined. The results of MFCC-based” automatic speech recognition (ASR) are
compared with the results o bining prosodic features with Mel Frequency
Cepstral Coefficients (l\gC(%). When the performance of the system is analysed, it is
discovered that &R can be decreased by incorporating prosodic features,
resulting in a‘l‘{g{lcrease in the system's Relative Improvement (RI). The results are
compar‘eﬁ%the result at the beginning of the study, and an analysis of the system's
.% ance is carried out.

In the study titled "Voice Conversion Based Augmentation and a Hybrid CNN-LSTM
Model for Improving Speaker-Independent Keyword Recognition on Limited
Datasets," researchers looked at ways to improve speaker-independent keyword
recognition using limited data sets. In this paper, we proposed a voice conversion (VC)

- based augmentation to increase the limited training dataset as well as a fusion of a
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convolutional neural network (CNN) and a long-short term memory (LSTM) model
for robust speaker-independent isolated keyword recognition. Both of these
augmentations are intended to increase the size of the training dataset. A cumbersome
and time-consuming task, speaker-independent speech recognition requires a
sufficient amount of voice data to be collected and prepared in advance. An auxiliary
classifier conditional variational autoencoder (ACVAE) method was utilised. berbthe
authors in order to circumvent this challenge. This resulted in the generati%*}hew
raw voices derived from the original voices. The accuracy of the.li .\?l@content
was maintained through the use of parallel VC. They used rolaus een neural network
algorithms to evaluate the performance of the sug@d voice conversion
enhancement techniques. The baseline for this an'a@ was determined to be the
original training data, excluding any Voiceﬂ@%s generated using other data

augmentation and regularisation t h@g Incorporating voice conversion

augmentation into the baseline a@ ation techniques and applying the CNN-

LSTM model were shown %@‘e the accuracy of isolated keyword recognition in

the study's findings'%. %'\

In the publicati&te@i

recognitionlog’?\ﬁ\ preliminary attempt to apply Universal Dependencies to Bribri, an

Computational sociophonetics utilising automatic speech

Indigeno nguage from Costa Rica that is a member of the Chibchan family, is
d in this paper. Due to the lack of previous work on Bribri NLP, a suggestion
was made for a dependency parser, and a listing of structures that were difficult to
parse was also provided (eg flexible word order, verbal sequences, arguments of
intransitive verbs and mismatches between the tense systems of Bribri and UD).
Issues with tokenization, data normalisation, and the training of tools like POS taggers,

which are necessary for the parsing, are some of the challenges that the authors listed
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as some of the difficulties associated with performing NLP with an extremely low-
resource Indigenous language. Other difficulties include: We gathered a total of 150
sentences (760 words) from resources that are readily available to the public, such as
grammar books and corpora. After that, a context-free grammar was utilised for the
initial parse, and the headfloating algorithm described in Xia and Palmer (2001) was
used in order to automatically generate dependency parses. .

During the process of building an automatic speech recognition systel%&le
documentation of Cook Islands Mori'!®. The process of data processi . raining
an automatic speech recognition (ASR) system for Cook. Is%s\Mori (CIM) is
discussed in this paper. Cook Islands Mori is an IndigenoKQrguage that is spoken
by approximately 22,000 people in the South Paci@s part of the research, the
authors prepared two experiments and transcé@%lr hours of speech from native
adults and seniors who spoke the h@ First, they trained three different
automatic speech recognition (ASRY, systems; one of them was statistical and was
called Kaldi, and the oth t\@%ere based on Deep Learning and were called
DeepSpeech and XLSR- ax ec2. The character error rate was the same for both
Wav2Vec2 an @Q R=61), but the word error rate for Wav2Vec2 was
significantly l&{l}er (WER=232) than the word error rate for Kaldi (WER=182). This
provides“evidence that Deep Learning ASR systems are reaching the performance of
s@fcal methods on small datasets, as well as that they are capable of working
effectively with extremely low-resource Indigenous languages such as CIM. In the
second experiment, the authors trained models using Wav2Vec2 with speakers that
were held out of the way. Although the performance was worse than before
(CER=157, WER=4616), the system still demonstrated a significant amount of

learning.
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The development of an acoustic model for automatic speech recognition in the Hausa
language is the primary focus of this research. An acoustic model for the Hausa
language is going to be designed and developed as part of this project's goals. The
Hausa speech corpus database is utilised to compile a word-level phonemes dataset.
This is then used to accomplish the goal. The next step is to put an algorithm for
acoustic modelling that uses deep learning into action. The accuracy of the mo.del was
determined to be 83% thanks to the use of a Convolutional Neural Netwq}k‘\i(ibits
construction!!?, : \QO

During the process of developing acoustic models and lan%uagaquels 1 In this
paper, we report on our efforts to develop an ASR syste&@a new language that
receives inadequate resources (Fongbe). The deve‘lg@en‘[ of acoustic models and
language models for continuous speech decoﬁ%%Fongbe is the purpose of this

body of work. The problem that arise ’@ttempting to use an ASR system to
0;&

translate from the African langua% ongbe, which is spoken primarily in the
countries of Benin, Togo, and @‘ria, is that Fongbe does not have any language
resources available. As a 1r§§ step in this project, we have compiled Fongbe text and
speech corpora @are explained in more detail in the following sections.
Modeling of ﬁ&\oig;l)cs has reached the graphemic level, and language modelling has
resultecll%e creation of two language models that can be compared in terms of their
9 performance. In order to investigate the effect that tone diacritics have on the
language models, we also simplified vowels by removing them. This was done by
removing the tones.

In a study that was very similar to this one, the authors used harmonic pitch to classify

the accents of native and non-native children!!?. Using harmonic pitch estimation and

Mel Frequency Cepstral Coefficients (MFCCs) to train the k-Nearest Neighbor (k-NN)
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classifier, the purpose of this paper is to extract reliable acoustic and prosodic speech
cues of accent in order to classify native and non-native preschool children. This will
be accomplished by classifying the children based on their native language. The
findings of the experiments show that the proposed robust model performs better than
a number of different feature extractors in the classification of native and non-native
children's accents in terms of accuracy and F-measure, and it is also b.etter at
discriminating against environments with a lot of background noise. Q}i\

In addition, there was research done on audio enhancement for non- .q\%ildren's
speech recognition using discriminative learning'!. The Prir%.,?urpose of this
investigation is to create a non-native children's speech @nition system that is
built on top of feature-space discriminative models; @ as feature-space maximum
mutual information (fMMI) and boosted feature-space maximum mutual information
(fbMMI). An effective performance ¢ {Q%hieved by utilising the collaborative
power of speed perturbation-base%' augmentation on the original children's
speech corpora. In order t@%ate the effect that children who are not native
speakers of a language ax;s on the accuracy of speech recognition systems, the
corpus focuses t%%ious ways in which children express themselves when they
speak, includikg‘both read speech and spontaneous speech. According to the results of
the experifents, feature-space MMI models with steadily increasing speed

p@bation factors perform significantly better than traditional ASR baseline models.

Within the paper entitled "Acoustic Nudging-Based Model for Vocabulary

Reformulation in Continuous Yoruba Speech Recognition"!!*

. This research paper
presents a model for reformulating the persistence of automatic speech recognition

errors that involve the user's acoustic irrational behaviour and distortion of speech
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recognition accuracy. The model is based on acoustic nudging, which is described in
the previous sentence. Gaussian mixture model (GMM) was helpful in achieving
better accuracy and system performance in Yoruba language translation projects by
addressing the low-resource nature of the language. According to the results that were
put into action, it was found that the acoustic nudging-based model that had been
proposed led to an improvement in accuracy as well as system performanc.e when
measured by Word Error Rate (WER), validation, testing, and training @wy.
When compared to previously established models, the evaluation . dicated
that the mean WER was 4.723%. When compared to earlier.mo ls.gieveloped using
GMM (1.1% error rate), GMM-HMM (0.5%), CNN (0.8@@ DNN (1.4% error
rate), this approach achieves a lower error rate. As’ Q&%ﬁt, the work that was done

was successful in locating a basis for advanc@%urrent understanding of under-

resourced languages and developing a C@)%L%at is accurate and precise with regard
to speech recognition. '6'

The Development of a Rel&b)@%ch-toﬂext Algorithm for Nigerian Speakers of
n

English!!>, This article sg s a STT algorithm that is able to withstand the heavy

accent used by @@% nglish in Nigeria. During the stage of the project known
as "data acuniQEion," approximately 27,000 isolated speech samples were gathered
from fiv ferent ethnic groups. Thirty percent of the samples came from Yoruba
rs, twenty-nine percent came from Hausa speakers, twenty percent came from
Igbo speakers, and the remaining twenty-one percent came from Fulani and Ijaw
speakers. After the data had been preprocessed, the features were extracted with the
help of the Mel-Frequency Cepstral Coefficients (MFCCs), which had 13 coefficients.
The Hidden Markov Model (HMM) with a variable number of states was selected as

the method of recognition that was utilised. The findings of this research indicate that
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an average accuracy of 86% was accomplished for the 10-word vocabulary isolated
speech that was taken into consideration with the number of states equal to 5. In
addition, an average accuracy of 86% was accomplished by using a vocabulary of 10
words and a number of HMM states equal to 7. An accuracy rate of 90% was
achieved on average for the 10-word vocabulary with the number of states set to 9.

In the course of an in-depth analysis of the published research on Hausa .Natural
Language Processing!'®. In this research paper, using a keyword index and %ﬁ}title
search, we present a systematic analysis of the current literature t 1. szable to
HNLP that can be found in the Google Scholar database fr.om e year 2015 to the
year June 2020. Only a few research papers on HNLP re;&@have been published
recently. These papers focus on areas such as paﬁ@peech tagging (POS), name
entity recognition (NER), words embeddi@ ech recognition, and machine

translation. This is because Natural Lail;@socessing (NLP) relies on a substantial

quantity of data that has been anno%' humans in order to train intelligent models.

As a result of the substantial an@% of research that has been conducted on NLP in

English and other languages, researchers are now becoming interested in HNLP. The

S
(N
primary goals OQJ@QH are to encourage research, to identify possible subject
areas for additional research in the HNLP, and to offer assistance to researchers in the
process‘%eveloping additional examinations for studies that are pertinent to the
In a separate but related study on the identification of accents among Nigerians of

varying ethnic backgrounds!!”

This study provides support for accent-dependent
automatic speech recognition by applying a supervised learning algorithm to the task

of recognising three Nigerian ethnic groups (Yoruba, Igbo, and Hausa) and

distinguishing between them based on their accents. This is accomplished by
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constructing sequential Mel-Frequency Cepstral Coefficients (MFCC) features from
the frames of the audio sample. This research was carried out in Nigeria. According to
the findings of our research, an effective method for recognising and categorising
accents is to concatenate the MFCC features in a sequential fashion and then apply a
supervised learning strategy. This approach achieves both high efficiency and high
accuracy in its results. . (b
Assessing Hausa large vocabulary continuous speech recognition''®. The @;}s of
this study investigated and developed a Large Vocabulary C t.ﬁngpeech
Recognition (LVCSR) system that is compatible with the H.aus anguage as part of
this research project. In this article, we provide an ovew&%& the Hausa language
and speech database that was recently compiled as ﬁ@o our GlobalPhone corpus.
They were able to make significant advangemefits by automatically replacing
pronunciation dictionary entries that® @ inconsistent or flawed, including
information on tone and vowel length, utilising state-of-the-art techniques for acoustic
modelling, and crawling rg@e‘mtities of text material from the internet for
language modelling. W a‘g)plied to read newspaper speech, a system that combines
the best grapheme- honeme-based 2-pass systems achieves a word error rate of
13.16% on ‘[hQ evelopment set and 16.26% on the test set.

Within t ope of this study, the effect of pitch enhancement in Punjabi children's
5@1 recognition system was investigated under a variety of different acoustic
conditions'". A Punjabi children's speech recognition system is developed in this
work using a variety of acoustic matching and mismatching conditions. One major
problem in children's speech recognition is the differences in the acoustic attributes of
the children and adult speech signals, which leads to the poor recognition rate for the

children's speech. This paper demonstrates how pitch enhanced features extracted
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from the front-end feature extraction process play an important role under
mismatched acoustic conditions. The recognition rate of the children's speech
recognition system using different age group datasets increases after enhancing the
pitch with the Cepstral analysis in the feature extraction process. This is in
comparison to the normal acoustics features extracted using the Mel Frequency
Cepstral Coefficient (MFCC) feature extraction process. Kaldi toolkit is u.sec(ibfor
building the children's speech recognition models at different phoneme leve]%%ults
show the improvement of 0.03% to 16.47% WER under different a; : ?ﬁg@ﬂitions
using pitch enhanced features. . N

In a work on Automatic speaker verification systems and @detection techniques:

review and analysis'?’, Reviewing and evaluating th@gmﬁcant advances that have
been suggested by a variety of researchersﬁé%entists is the purpose of this

particular piece of writing. The fronteg';}@ge systems is designed using a variety

of feature extraction strategies, in some that are more traditional, such as
autoregressive and cepstral, as @cbﬁs some that are more modern and based on deep
learning. The backend ofgnﬂASV system is where the extracted features are learned
and classified. i)s@%e done using traditional machine learning models or deep
learning modé&i,i oth of which are also the primary focus of the review that is being
present%%h‘nce the advent of practical work in this field, experimental studies have
@che practice of continuously modifying datasets and evaluation measures in
order to develop reliable systems. The majority of the contributing spoofed speech
datasets and evaluation protocols are dissected and analyzed here. Spoofing attacks on
ASV systems can come in a variety of forms, including speech synthesis (SS), voice

conversion (VC), replay, mimicry, and twins. This work enables the defense

mechanism of ASV by providing knowledge of techniques for the generation of
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attacks similar to those being targeted. The results of this survey herald the beginning
of a new era in the development of ASV systems and highlight the beginning of a new
generation (G4) in the methods of SS attack development. The paper makes its best
efforts to give newcomers to this area the complete idea of ASV and also sheds some
light on some of the spoofing attacks that can be targeted during implementation of
the future ASV systems. With the increase in advancement of deep l.earr(&'ng
techniques, the paper also makes its best efforts to give newcomers to thi%;} the
complete idea of ASV. : \QO

An empirical comparison of deep learning and traditiona.l c]ﬁf\ers for speaker
verification in emotional talking environments is presente&@hformationm. In this
paper, an empirical comparison of the performance$ @a itional classifiers, such as
the Gaussian Mixture Model (GMM), Supp or Machine (SVM), K-Nearest
Neighbors (KNN), and Artificial n @tworks (ANN), and deep learning
classifiers, such as Long Short-%' emory (LSTM), Convolutional Neural
Network (CNN), and Gated Re@-‘lt Unit (GRU), in addition to the ivector approach,
is conducted for a text-i ep%ndent speaker The deep models undergo hyperparameter
tuning using th ’%earch optimization algorithm. The models are trained and
validated usiﬂg\sl private Arabic Emirati Speech Database, a public Crowd-Sourced
Emotio?%ﬂultimodal Actors (CREMA) database, and a Ryerson Audio—Visual
se of Emotional Speech and Song dataset (RAVDESS) database. The results of
experiments show that deep learning architectures do not automatically perform better
than traditional classifiers. In point of fact, evaluation was carried out utilising Area
Under the Curve (AUC) scores in addition to Equal Error Rate (EER) scores.
According to the findings, the GMM model produces the lowest EER values and the

best AUC scores across all datasets among the classical classifiers. This is true
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regardless of the dataset used. In addition, the ivector model surpasses all the fine-
tuned deep models (CNN, LSTM, and GRU) based on both evaluation metrics in the
neutral, as well as the emotional speech. In addition, the GMM outperforms
the ivector using the Emirati and RAVDESS databases.

In a further study on the detection of multitasking synthetic speech on Indian
Languages, the authors found that. This study's objective is to evaluate the efﬁ.ca%of
various methods for detecting synthetic spoofing using a multilingua%ﬁ&sely
constrained Indian language set as its test subject. This paper ai .N ieve a
multitasking spoofing detection by identifying real/spoof ufte‘r\‘ e.%dentiﬁcation as
well as the regional language spoofing attack vector. Speci&@', this will be done by
using a combination of real and spoof utterances.'l@%)er to accomplish this, the
features and the classifiers that are best ca\@e for the detection of synthetic
spoofing and the identification of lan @y selected in the appropriate manner.
Our methodology compares the per%iff(.:es of three main different classifiers GMM,
SVM, DNN on the vector ft rrn@ from the accumulation of MFCC features. Hindi,
Malayalam, Tamil, Telugu are the four languages which are taken into account for the
comparison. It scovered that, out of all of these classifiers, SVM and DNN
produce the bb’\tiresults, with EER rates of 1.98% and 1.19% respectively!?2.

In a stu the emotional information acoustic characteristics of synthetic speech
@me/eim. This paper, the author compared the differences of acoustic
characteristics between synthetic speech and emotional speech under the same text
from the perspective of the lack of emotional expression that is present in synthetic
speech by using Praat software for a single phoneme /ei/. When the results were
analysed, it was determined that the differences in the emotional information were

primarily in the small dispersion of synthetic speech fundamental frequency, the
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dispersion of synthetic speech intensity was much smaller than that of real speech
with large emotional fluctuations, the harmonic waves in narrowband spectrograms
were nearly straight without bending and jittering, and the formant centre frequencies
interlacing degree is small. These were the conclusions that were reached as a result
of the analysis. The absence of harmonic waves at frequencies above 3000 Hz and the
obvious difference in the direction of the tail end of the second formant are_two

ne@gld

emotional speech. The absence of harmonic waves at these frequeg%@@e of the

hallmarks of synthetic speech. ‘\%.\

According to the findings of a study on spectral warping %

examples of the common differences between synthetic speech and

ata augmentation for
low resource language ASR systems operating und‘e@smatched conditions'?*. The
proposed work in this paper tries to addresﬁ%%h challenges i.e. acoustic and

linguistic variations challenge, and ‘d@%arcity problem, thereby improves

performance of a children speech ggrstem for Punjabi language. The proposed

work makes use of formant mo@éﬁon as a technique for spectral warping in order

to reduce the amount of (n;\}c) and linguistic variation that exists between children's
3

speech and adul @

address the sééond 1ssue of data scarcity, this paper discusses training of ASR models

is is done in order to address the first problem. Further, to

on augﬁ%?children speech data. Also, the work proposes an MFCC-FDLP hybrid
@% for front end feature extraction by combining the Mel-Frequency Cepstral
Coefficients (MFCC) features extraction technique with the Frequency Domain
Linear Prediction (FDLP) technique. Both of these techniques are well established. In
order to carry out the implementation of the data augmentation, the end-to-end Text to
Speech (TTS) generative model known as Tacotron 2 was utilised. In order to

implement continuous Punjabi language ASR systems, the work that is being
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proposed uses MFCC, FDLP, and a hybrid of MFCC and FDLP techniques for front
end feature extraction. Additionally, it uses Time Delay Neural Network (TDNN) for
backend acoustic modelling and a trigram language model. To increase robustness of
the proposed ASR system, we have included a batch of lexically diverse words in our
pronunciation model which achieved a relative improvement of 29.44%.

According to the findings of a study done on the role of computational intelligence in
the processing of speech acoustics!?. In this paper, the author examined so@e
most significant difficulties associated with speech recognition for 1. %guages.
According to an analysis of the relevant published materi?l@k}accessibility of
standard databases containing information in minority %&ges is a significant
barrier to research recognition all over the world. Th@earch on speech recognition
of Indian languages (with the exception of Hi i):%comparison to the research on
speech recognition of non-Indian la %has not yet achieved the expected
milestone. When it comes to develc%l' SR for minority languages, the system that
is most commonly used is c@aﬁon of MFCC and DNN-HMM classifier. On
the other hand, when it gs to developing ASR for majority languages, researchers
are using much @%anced algorithms of DNN. It has also been observed that
there is not ak{c:t of research done in this area, and there is a need for even more
researcﬂ%ﬁe carried out, particularly in the case of minority languages. This is
g that needs to be done.

In the development of a reliable speech-to-text algorithm for Nigerian speakers of
English!!>. This article presents a STT algorithm that is able to withstand the heavy
accent used by speakers of English in Nigeria. During the stage of the project known
as "data acquisition," approximately 27,000 isolated speech samples were gathered

from five different ethnic groups. Thirty percent of the samples came from Yoruba
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speakers, twenty-nine percent came from Hausa speakers, twenty percent came from
Igbo speakers, and the remaining twenty-one percent came from Fulani and [jaw
speakers. After the data had been preprocessed, the features were extracted with the
help of the Mel-Frequency Cepstral Coefficients (MFCCs), which had 13 coefficients.
The Hidden Markov Model (HMM) with a variable number of states was selected as
the method of recognition that was utilised. The findings of this research indic.ate that
an average accuracy of 86% was accomplished for the 10-word Vocabular@ted
speech that was taken into consideration with the number of sta .3800 5. In
addition, an average accuracy of 86% was accomplished by .usiq%;gocabulary of 10
words and a number of HMM states equal to 7. An K@Cy rate of 90% was
achieved on average for the 10-word vocabulary with@pumber of states set to 9.

In the course of an in-depth analysis of the@l%ed research on Hausa Natural
Language Processing''®. In this resear(t:i%[, sing a keyword index and article title
search, we present a systematic an%s'l f the current literature that is applicable to
HNLP that can be found i th@c‘)gle Scholar database from the year 2015 to the
year June 2020. Only a few '{esearch papers on HNLP research have been published
recently. These @%cus on areas such as part-of-speech tagging (POS), name
entity reco%m (NER), words embedding, speech recognition, and machine
translation. This is because Natural Language Processing (NLP) relies on a substantial
@ty of data that has been annotated by humans in order to train intelligent models.
As a result of the substantial amount of research that has been conducted on NLP in
English and other languages, researchers are now becoming interested in HNLP. The
primary goals of this paper are to encourage research, to identify possible subject

areas for additional research in the HNLP, and to offer assistance to researchers in the
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process of developing additional examinations for studies that are pertinent to the
field.
In a related study on the identification of accents among Nigerians of varying ethnic

backgrounds!'!”

. This study provides support for accent-dependent automatic speech
recognition by applying a supervised learning algorithm to the task of recognising
three Nigerian ethnic groups (Yoruba, Igbo, and Hausa) and distinguishing lzetween
them based on their accents. This is accomplished by constructing sequelq%k\(/lel-
Frequency Cepstral Coefficients (MFCC) features from the fra .38@ audio
sample. This research was carried out in Nigeria. Accordirlg t&e\ indings of our
research, an effective method for recognising and c@ising accents is to
concatenate the MFCC features in a sequential fash@qn)d then apply a supervised
learning strategy. This approach achieves bo(@‘%fﬁciency and high accuracy in
its results. : ‘\&%

Assessing Hausa large vocabulary gnaous speech recognition'!®, The authors of
this study investigated a c@(bc‘)ped a Large Vocabulary Continuous Speech
Recognition (LVCSR) s te;\n that is compatible with the Hausa language as part of
this research proj (&thls article, the authors provide an overview of the Hausa
language and\gpeech database that was recently compiled as a part of our
GlobalPhone corpus. They were able to make significant advancements by
a@%cally replacing pronunciation dictionary entries that were inconsistent or
flawed, including information on tone and vowel length, utilising state-of-the-art
techniques for acoustic modelling, and crawling large quantities of text material from
the internet for language modelling. When applied to read newspaper speech, a
system that combines the best grapheme- and phoneme-based 2-pass systems achieves

a word error rate of 13.16% on the development set and 16.26% on the test set.
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Within the scope of this study, the effect of pitch enhancement in Punjabi children's
speech recognition system was investigated under a variety of different acoustic
conditions'". A Punjabi children's speech recognition system is developed in this
work using a variety of acoustic matching and mismatching conditions. One major
problem in children's speech recognition is the differences in the acoustic attributes of
the children and adult speech signals, which leads to the poor recognition rate for the
children's speech. This paper demonstrates how pitch enhanced features Q%&:ted
from the front-end feature extraction process play an imp .Qm under
mismatched acoustic conditions. The recognition rate o.f t C.t}ildren's speech
recognition system using different age group datasets in@ after enhancing the
pitch with the Cepstral analysis in the feature® @@ction process. This is in
comparison to the normal acoustics feature@ cted using the Mel Frequency
Cepstral Coefficient (MFCC) feature k@ n process. Kaldi toolkit is used for
building the children's speech reco%@models at different phoneme levels. Results
show the improvement of 0 03@1 6.47% WER under different acoustic conditions
using pitch enhanced feat re%.

In a work on a icsspeaker verification systems and spoof detection techniques:
review and aﬂ@smm. Reviewing and evaluating the significant advances that have
been suggeSted by a variety of researchers and scientists is the purpose of this
@JQ&I‘ piece of writing. The frontend of these systems is designed using a variety
of feature extraction strategies, including some that are more traditional, such as
autoregressive and cepstral, as well as some that are more modern and based on deep
learning. The backend of an ASV system is where the extracted features are learned
and classified. This can be done using traditional machine learning models or deep

learning models, both of which are also the primary focus of the review that is being
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presented. Since the advent of practical work in this field, experimental studies have
adopted the practice of continuously modifying datasets and evaluation measures in
order to develop reliable systems. The majority of the contributing spoofed speech
datasets and evaluation protocols are dissected and analysed here. Spoofing attacks on
ASV systems can come in a variety of forms, including speech synthesis (SS), voice
conversion (VC), replay, mimicry, and twins. This work enables the .defence
mechanism of ASV by providing knowledge of techniques for the gen%&of
attacks similar to those being targeted. The results of this survey he . &ginning
of a new era in the development of ASV systems and highligl.lt tb%e,ginning of a new
generation (G4) in the methods of SS attack developmeng&@paper makes its best
efforts to give newcomers to this area the complete 1@) ASV and also sheds some
light on some of the spoofing attacks that ca@'?geted during implementation of

the future ASV systems. With the :@ in advancement of deep learning

techniques, the paper also makes its, best efforts to give newcomers to this area the
complete idea of ASV. Q:b‘

An empirical comparisgg\f deep learning and traditional classifiers for speaker
verification in (@’% talking environments is presented'?!. In this paper, an
empirical coﬂﬁ@nson of the performances of traditional classifiers, such as the
Gaussia ixture Model (GMM), Support Vector Machine (SVM), K-Nearest
%rs (KNN), and Artificial neural networks (ANN), and deep learning
classifiers, such as Long Short-Term Memory (LSTM), Convolutional Neural
Network (CNN), and Gated Recurrent Unit (GRU), in addition to the ivector approach,
is conducted for a text-independent speaker The deep models undergo hyperparameter

tuning using the Grid Search optimization algorithm. The models are trained and

validated using a private Arabic Emirati Speech Database, a public Crowd-Sourced
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Emotional Multimodal Actors (CREMA) database, and a Ryerson Audio—Visual
Database of Emotional Speech and Song dataset (RAVDESS) database. The results of
experiments show that deep learning architectures do not automatically perform better
than traditional classifiers. In point of fact, evaluation was carried out utilising Area
Under the Curve (AUC) scores in addition to Equal Error Rate (EER) scores.
According to the findings, the GMM model produces the lowest EER values .and the
best AUC scores across all datasets among the classical classifiers. Th%%\(tbrue
regardless of the dataset used. In addition, the ivector model surp s.\gaw fine-
tuned deep models (CNN, LSTM, and GRU) based on both eva tiqn metrics in the
neutral, as well as the emotional speech. In additior}&Q% GMM outperforms
the ivector using the Emirati and RAVDESS databa§é~.$

In a further study on the detection of mu@'%g synthetic speech on Indian
Languages study's objective is to e ‘h{t@%e efficacy of various methods for
detecting synthetic spoofing using uﬁﬂ)mgual, loosely constrained Indian language
set as its test subject!!?. Thi p@‘ims to achieve a multitasking spoofing detection
by identifying real/spoo u%erance identification as well as the regional language
spoofing attack c@%eciﬁcally, this will be done by using a combination of real
and spoof utt&%lces. In order to accomplish this, the features and the classifiers that
are best eandidates for the detection of synthetic spoofing and the identification of
\@ge are selected in the appropriate manner. Our methodology compares the
performances of three main different classifiers GMM, SVM, DNN on the vector
formulated from the accumulation of MFCC features. Hindi, Malayalam, Tamil,
Telugu are the four languages which are taken into account for the comparison. It has
been discovered that, out of all of these classifiers, SVM and DNN produce the best

results, with EER rates of 1.98% and 1.19% respectively.
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In a study of the emotional information acoustic characteristics of synthetic speech
phoneme/eiln'?®. This paper, the author compared the differences of acoustic
characteristics between synthetic speech and emotional speech under the same text
from the perspective of the lack of emotional expression that is present in synthetic
speech by using Praat software for a single phoneme /ei/. When the results were
analysed, it was determined that the differences in the emotional informaticzn were
primarily in the small dispersion of synthetic speech fundamental frem@'}'y\, the
dispersion of synthetic speech intensity was much smaller than t .1\6@ speech
with large emotional fluctuations, the harmonic waves in narr ba.t}d spectrograms
were nearly straight without bending and jittering, and the @n‘[ centre frequencies
interlacing degree is small. These were the concluqu@hat were reached as a result
of the analysis. The absence of harmonic waveﬁ%?quencies above 3000 Hz and the
obvious difference in the direction o ﬂ{\@ﬁs end of the second formant are two
examples of the common differe%f etween synthetic speech and neutral and
emotional speech. The abs%@)%rmonic waves at these frequencies is one of the
hallmarks of synthetic speech

According to th 1@; of a study on spectral warping and data augmentation for
low resource \@'guage ASR systems operating under mismatched conditions'?*. The
proposedh\work in this paper tries to address the both challenges i.e., acoustic and
@% variations challenge, and data scarcity problem, thereby improves
performance of a children speech ASR system for Punjabi language. The proposed
work makes use of formant modification as a technique for spectral warping in order
to reduce the amount of acoustic and linguistic variation that exists between children's
speech and adult speech. This is done in order to address the first problem. Further, to

address the second issue of data scarcity, this paper discusses training of ASR models
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on augmented children speech data. Also, the work proposes an MFCC-FDLP hybrid
approach for front end feature extraction by combining the Mel-Frequency Cepstral
Coefficients (MFCC) features extraction technique with the Frequency Domain
Linear Prediction (FDLP) technique. Both of these techniques are well established. In
order to carry out the implementation of the data augmentation, the end-to-end Text to
Speech (TTS) generative model known as Tacotron 2 was utilised. In qrder to
implement continuous Punjabi language ASR systems, the work that &ing
proposed uses MFCC, FDLP, and a hybrid of MFCC and FDLP te .'\5: or front
end feature extraction. Additionally, it uses Time Delay Neu.ral gvg\ork (TDNN) for
backend acoustic modelling and a trigram language mode]&@hcrease robustness of
the proposed ASR system, we have included a batch @xwally diverse words in our

pronunciation model which achieved a relative%o ement of 29.44%.

In a study done on the role of compu&i:)@%telligence in the processing of speech

acoustics'?. In the paper, we ex% some of the most significant difficulties

associated with speech reco nlt@ or various languages. According to an analysis of
the relevant pubhshed ﬁ)the inaccessibility of standard databases containing
information in anguages is a significant barrier to research recognition all
over the wor \qg research on speech recognition of Indian languages (with the
exceptiz)%‘ Hindi), in comparison to the research on speech recognition of non-
nguages, has not yet achieved the expected milestone. When it comes to
developing ASR for minority languages, the system that is most commonly used is a
combination of MFCC and DNN-HMM classifier. On the other hand, when it comes

to developing ASR for majority languages, researchers are using much more

advanced algorithms of DNN. It has also been observed that there is not a lot of
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research done in this area, and there is a need for even more research to be carried out,

particularly in the case of minority languages. This is something that needs to be done.

AL
&
2.4 Summary of Gaps in Literature QO

This section presented a review or literature related and rele\:ant th@ research topic.
The section started with the conceptual review where ;&@ht concepts (speech,
Speech Recognition, speech recognition models, T\@lan major languages) were
defined and explained. This was followed@% theoretical framework which

analyzes the components of a conventi \@} system (Feature Extraction, Acoustic
Modeling, Language Modeling, an%@l Modeling). Empirical findings on speech
recognition using machin: le@%g and other algorithms, accent identification,
language identification, gggh algorithms in some dialects of the country and other
languages and dj @%mde Nigeria were discussed, revealed and presented.

It is evident ‘ern the preceding sections that the accent and speech recognition
develo@ve a limited level of intelligence. Also, the works are limited to single
an language (Only either Yoruba, Hausa or Igbo). Several academics concur on
the necessity to enhance the artificial intelligence skills and data sets of accent
recognition of the major Nigerian language accent®>71% In light of this highlighted
gap, the primary topic of this study will be: what are the current methods to improve

accurately the speech recognition algorithm of major Nigerian Languages (Yoruba,

Hausa, Ibo)? This question, which has not previously been examined in speech
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recognition, will serve as the basis for further study. According to the literature
analysis, the following languages were anlyzed using speech recognition. They
include Hausa, Yoruba and Igbo (individually), Punji, Mongolian, Hindi, tonal, Bribri,
fongbe amongst other. This paper proposes improving the speech recognition

algorithm of major Nigerian Languages (Yoruba, Hausa, Ibo).
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Chapter Three Q&

Methodology ,%\QO

3.1 Research Approach
There are a number of different approaches to the impl'e@i.z)n of a speech
recognition system, but this work considered the fou.r K@&ocessing steps, namely:
data preparation; feature extraction, training an e@which will be detailed in this
chapter. Furthermore, the minimum hardwgrequirements and software needs will
be covered. (j\\‘

3.2 System Design (b‘%'

The speakers of Hausa, Yoﬁ*)and Igbo will be categorised according to the speech
data collected from t %Q major indigenous languages in Nigeria. Figure 3.1 and
Figure 3.2 depi@% conceptual model and flowchart for the proposed method of
accent cla: @ion. In this research, a general speech data will be used i.e a general
%@r Hausa, Yoruba, and Igbo. Other dialects in each language (for example,

b

Egbd dialect in Yoruba) would not be considered.
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Fig. 3.1: Conceptual Model of the Proposed Design QQ’&
3.3 Requirement Specification '®
Hardware Minimum Requirements: Th‘e&limum hardware requirements pertain

to the physical features of the machine@c'l}\lfed to run the accent recognition program.

The following are the features: a 100-250 GB HDD, 2 GB RAM, and an Intel

Pentium Dual-Core process}\)

Software Requiren@?hese are the computer programmes and procedures

needed to put thystem into action. The tools used include: Windows 10 operating

system %AB 2015, Python programming language and Audacity which will be

2%@ or post-processing of all types of audio data
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Fig. 3.2: Flowchart of the proposed Accent Classification Process

107



3.4 Research Method

3.4.1 Data Collection

Speech data is required not only for training but also for testing. The built system will
collect audio data in the form of speech from 200 speakers from an open-source audio
recording of each of the three major Nigerian indigenous languages, namely Hausa,
Igbo, and Yoruba, recorded in an environment with no background noise. Also., voices
were extracted from different samples from the news media (channe@f@l‘A,
government officials, radio presenters). which are passed through a,@ filter to
surpress the noice. . \ N

The ascent or speech was based on general tribal langua® t various dialects in
each language. For example, Egba dialect in Yorubd @\o er dialects apart from the
general Ibo or Hausa will not be considered: a'gon the speech was collected by
using a mobile phone in the role of ’@ger. The recordings was made in an
atmosphere that is calm and has a }ew Tevel of background noise, and the sampling
rate will be 20,000 Hz. The ac@c@ speech data was a continuous speech in English
from the various languagg‘gored in WAV format. As can be seen in Figure 3.1, the
training dataset of approximately 12000 sentences, and was recorded and
labelled with the help of the audio editing software Audacity.

The recordiftg device have the open-source Audacity software installed on it. This
@mme is a digital audio editor and recording application that is open source and
compatible with Windows as well as other operating systems'. In addition to
recording audio from a variety of sources, Audacity can also be used for the post-
processing of any and all types of audio data that are brought into the programme. The
noise reduction effect in Audacity can be utilised to eliminate distracting background

noise, such as that caused by electric fans or hums?. Following the saving of all of the
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acquired speech data in a folder, it was imported into the Audacity software in order
to get rid of any background noise, and then the data was exported from the mp3
format into the.wav format. This format is an audio processing format that requires

less compression than other formats.

v ‘ 26:56.0 26:57.0 26:58.0 26:58.0 27000 2100 27:.02.0 21.03.0 27.04.0 27:.05.0 27:06% 2107.0 27.08.0
L L | L | L

| Audio 1 b Audio 1#1
Mue | Soo [ 1.0

Effects 05
L R
g [ P

Stereo, 44100Hz
32-bit fiat -

< >

Project Rate (Hz) | Snap-To Start and End of Selection W
44100 v[[of  ~||[00n00m00.00057 [00n00mO0.0006"

ooz Roch  —t—

Recording. Click and drag to select audio Actual Rate: 44100

Fig. 3.3. Screenshot of the pe@\;’ta Recording Process Using Audacity
Silence was removed m.’each sentence file using the Audacity audio editing
software which a@he user to select the portion of speech file to save. All the
speech data %%;;gd were converted in order for it to be processed in MATLAB
workspace. Each file was converted to 4800Hz 16bits wav file using the Audacity
@%iting software.

3.4.2 Preprocessing Audio Data

Each audio (recorded and scrapped from news media source) was trimmed to the
same length of sixty seconds in order to ensure uniformity in the inputs, which will be
standardised. As a result, the dimensions of the audio data were shrunk into their mel-

frequency cepstral coefficients (MFCCs), which is a representation of the short-term
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spectrum of sounds. This occurred even after the trimming process has been
completed. In order to accomplish this task, the audio clip was segmented into a few
windows, and then the frequency information was extracted from each window.

3.4.3 Feature Extraction

This section provides a concise explanation of the procedures that were followed in
order to extract features using MFCCs. The process of feature extraction will 1nvolve
reading the audio speech into a numerical vector. This will assist in convé% the

speech data to the input required by the MFCC function, which wj.@@used to

compute the MFCC vector. %.\
XN
V

——Speech—| Raw Speech Signal Framing Hamming Window

O

S

% Mel-Scale
Cb, Filters Bank

\)Q)
A (\Q ]

FFeature DCT Log Filter Bank Sum Energy

@.4: MFCC Block Diagram?.

Jmet = 2595 1log10(1 + £7700) 3.1
M (m) =700 (Exp(m/1125) — 1) (3.2)
where fme and f are the mel and linear frequencies, respectively

The Mel scale is component of the MFCC, and it is used to establish a relationship

between the perceived frequencies of pure tones and their actual measured
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frequencies. The steps that are outlined below, which are depicted in Figure 3.2, will

be used to accomplish this goal.

i.  The signal data will be broken up into several smaller frames.

ii. An estimate of the power spectrum's periodogram will be computed for each of
the frames individually.

iii. The mel filter bank will be utilised in order to process the power spectra,.and the
energy of each filter will be added. Q‘)(\

iv. Determine the logarithm of all the energies in the filter bank. : \QO

v. Compute the discrete cosine transform of the logarithmic fil bay energies.

The conversions will be performed with Egs. (3.1) and (3. 2&%'\

3.4.4 Training/Testing ¢ Q

The KNN algorithm was utilised both in thé@? phase and the testing phase.

After the feature selection phase, feature$ %‘Qﬁ represents which ascent the most and
identify the percentage of closenes igch ascent to the sentences will be checked.
The highest prediction per nt@s%ould be chosen as the preferred ascent. The K-
nearest neighbours (K &mon of an unknown pattern, also known as the query
instance, is bas OQQGI'}/ simple majority vote of the categories or classes of the
nearest neighk%lrs in the training space. This vote determines which neighbour is
conside‘% be the most similar to the query instance. The fundamental concept is
on minimizing the distance between the unlabeled sample and the training
samples in order to identify the samples that are the closest to being Kneighbors?.
This calculation of the distance between one sample or pattern in the testing dataset,
which contains the unknown patterns, and one sample in the training dataset, which

contains samples with known class labels, is expressed as an equation and can be

found below?.
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2= L[ ()= OF (33)
where xi and xj are exemplars of the training and the testing datasets in the m™ feature
dimension, i.e., m=1, 2, ..., M.

The next step will be to locate the class number to the unlabeled pattern based on the
majority vote by simply summing up the class labels, assigned as c(xi)where xi is the
class label of the selected NK (xj). The cardinality of NK (xj) is equal to K. Th@le

subset of NN within the class set of I {1, 2,...L} is expressed mathema&'@ as in

Eq. (3.4)3. ‘@
Nk (%) = {xi  NK(x):c(x) =1} . 9 (34)
D

Thus, the classification result I* using majority vote is ex%@d mathematically as in

Eq. 3.5). Q.Q\Q

| = arg™|Nj(x)| (3.5)

The flowchart on how KNN works is @m igure 3.4. However, the K-parameter

is determined by regression analyg@'

’@w
6&9

N
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Chapter Four

Results and Discussion of Findings

4.1 Result on Acquiring Speech Data

Voiced signal for Nigerian from different tribes, mainly the 3 major tribes in Nigeria
(Yoruba, Hausa and Igbo) speaking English was extracted (APIs (Application
Programming Interfaces) and Web scrapping) from different platforms such &Js
media (Channels, NTA websites) where government officials, radio QQ%?S from
the 3 major tribes in Nigeria were on the news and other audio reclcé'gs. Once the
inputs signal is known, next is to get the size. Also, the Voiée@jr? time domain, it
was then converted to freq domain using fou.rie& orm. This is done by
Preprocessing (Optional) by applying filters g&indowing, or normalization
techniques to ensure accurate frequency. do&in representation, Sampling the Signal
at a regular interval to convert it in@screte—time signal. The sampling rate is

higher than twice the highest freq present in the signal

FFT was applied calculatin;g\@))iscrete Fourier Transform.

fit_result = np.fft.ffi(: %ﬂ
The Magnitude @ was calculated

magnitude spegtrum = np.abs(fft_result)
Finally, a %ponding frequency axis to represent the frequencies in the frequency
(kﬁ@as created. The frequency axis values are determined by the sampling rate
andthe length of the FFT.

# Length of the FFT result
fit_length = len(fft_result)
# Sampling rate of the signal
sampling rate = ...

# Frequency axis values

freq axis = np.fit.ffifreq(fft_length, 1/sampling rate)
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4.2 Training the Dataset

The model was trained using Matlab R2015A. MATLAB R2015A is a popular
programming language and interactive computing environment widely used for
numerical computing, data analysis, visualization, and various other engineering and

scientific applications.

4. HOME = g
File

Nigerian Dialect Detection System

S Datasetl Detect Dailect

Figure 4.1: Snapshot o T’raining Model

Source: Research DQ, 23

4.2.1 Readin IQI;&QVoiced Input

The audi as loaded into the model. Audio read function was used which allows
ﬂ@f audio files in various formats and store the audio data in a variable for
further processing. Below is the snippet code used, the full programming code is

available at Appendix I

[St,Fs] = audioread(strcat('y',"\',num2str(fn),".aac"));
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4.2.2 Define Window Size and Hop size

Window size refers to the length of the time window used to extract a segment of the
signal for analysis, while The hop size (also known as the overlap size or step size)
refers to the number of samples by which the window advances from one frame to the
next. Window size used was 1024, while hopsize used was 512 (winSize =
1024;hopSize = 512) . ‘b,

>

4.2.3 Noise Reduction . Qg)&
Step 1: Parameters for the noise reduction filter was defined. Noise reduction filters

. . . . M . .
are used to remove unwanted noise from audio or signals Whl]@prvmg the desired

underlying information. The snippet code used is give&@"&v. The full programming
code is available at Appendix I Q@

frame_len = round(fs*0.02); % frame len 8}1 Oms
overlap len = round(fs*0.01); % 50%\overlap

freq cutoff = 1000; % cutoff freque'% high-pass filter

noise_reduction = 10; % noise re n level in dB

rame_len = round(fs*0.02); **:Q)

frame len’ is the length ON)h analysis frame or window in samples, fs' is the
sampling frequency o %ir;%)ut signal in Hz. The value '0.02" represents the desired
frame length in @s (20 milliseconds in this case). The parameter ‘round’ is used
to round e@sult to the nearest integer, as the frame length needs to be an integer
n b@o samples, overlap len’ is the length of the overlap between consecutive
&s in samples, 'fs’ is the sampling frequency of the input signal in Hz. The value
'0.01" represents the desired overlap length in seconds (10 milliseconds in this case).
The parameter ‘round’ is used to round the result to the nearest integer, as the overlap

length needs to be an integer number of sample, freq cutoff” is the cutoff frequency

for a high-pass filter applied in the noise reduction algorithm.
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The high-pass filter is used to attenuate low-frequency noise components, such as
background noise or rumble, while preserving higher-frequency components
associated with speech or desired signal information. The value "1000" represents the
cutoff frequency in Hz. noise reduction = 10; noise_reduction” represents the desired
noise reduction level in decibels (dB).

Step 2: A high-pass filter to remove low-frequency noise was created using the code

below: Q‘)i\

hp_filter = designfilt("highpassiir', 'FilterOrder’, 8, 'PassbandFrequeney’, freq cutoff,
'PassbandRipple’, 0.2, 'SampleRate’, s); )ﬁ.\

Step 3: Apply the high-pass filter to the audio signal. AQ')&
x_filt = filtfilt(hp_filter, x); ,®

Step 4: Perform noise reduction using spectg*u raction
[spec, 1, t] = spectrogram(x_filt, hann rax_len), overlap len, [], fs);

[spec_noise, ~, ~] = spectrogram(x Yilt, Wann(frame_len), overlap len, [], f5);
spec_noise = max(spec_noise, [], o estimate the noise power spectrum

Step S: Finally, the cleanedN%s written to a new file
audiowrite('audio_fil 'éd.wav', x_clean, fs);

4.2.4 Feature @on Using MFCC

Step 1: @n audio file was read and pre-processed

St @u 10 signal was divided into overlapping frames for further analysis.
Qme the audio signals

frames 1 = buffer(audio_data_1, frame length, frame overlap, 'nodelay’);
frames 2 = buffer(audio_data_2, frame_length, frame overlap, 'nodelay’);
% ...

Step 3: Windowing function was applied to each frame to reduce spectral leakage.
% Compute MFCC coefficients for each frame

mfcc_coeffs 1 = computeMFCC(windowed frames 1, sampling rate,
num_mel_filters, lower frequency, upper_frequency, num_mfcc_coeffs),

118



mfcc_coeffs 2 = computeMFCC(windowed_frames 2, sampling rate,

Step 4: MFCC coefficients was combined from each frame to obtain a fixed-length
feature representation for each dialect sample

% Feature aggregation (e.g., taking the mean of MFCC coefficients across frames)
mfcc_features 1 = mean(mfcc_coeffs 1, 2);

mfcc_features 2 = mean(mfcc_coeffs 2, 2);
% ...

4.3 Testing &
Same procedure as above (training section) was used in the testing p%%) Here,

classification or prediction is done to ascertain the target class

4.3.1 Classification %\\%“

The data are not in the same dimension. They have .dif %length, speeches, timing
etc. Hence the features were reshaped the into o@ ctor. The features were saved
and labeled as 1, 2 or 3. Same thing is done for hausa and igbo. The features are now
passed to a classifier based on diff@yﬁs available and the features already
generated. The Matlab interface t@&’splays training complete as shown in figure 4.2.
This is when the training isw ete.

Finally, the new inp %Bassed in to the classifier to predict what class and after
that, the predict@gone. Ifitis 1, it is Yoruba, if 2 Hausa and if 3, Igbo as shown
in figure % @isplay of the classification result using the following snippet code

if §§= 1
%7 he new recording is in dialect A');

elself class ==

disp('The new recording is in dialect B');
else

disp('The new recording is in dialect C');
End
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4.4 Perf ¢ Evaluation

T ;@0 ance of a model is evaluated using performance metrics like precision,
recal, reject rate, and overall accuracy. The results presented apply to the data which
is split into training (70% of the data) and testing (30% of the data).

The confusion matrix provides valuable insights into the performance of the dialect
identification model. From the values in the matrix, various evaluation metrics such as

accuracy, precision, recall (sensitivity), specificity, and F1 score can be calculated to
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assess the model's overall performance and its performance for individual dialect
classes.

Table 4.1: Performance Evaluation Table

Predicted Yoruba Predicted Hausa Predicted Igbo

Actual Yoruba TP (Yoruba) FN (Yoruba) FN (Yoruba)
Actual Hausa FP (Hausa) TP (Hausa) FN (Hausa)
Actual Igbo FP (Igbo) FP (Igbo) TP (Igbo)

L

o

TP (True Positive): The diagonal elements represent the number of instances where
the model correctly predicted the corresponding diale t‘\\]ﬁ% For example,
TP(Yoruba) represents the number of instances conec%@1ﬁed as Yoruba.

FN (False Negative): The elements in each row ng the diagonal) represent the
number of instances of that actual dlalect cl that were incorrectly predicted as other

dialect classes. For example, FN;Y@ represents the number of instances of

Yoruba that were misclassified a a or Igbo.

FP (False Positive): The el&g&ts in each column (excluding the diagonal) represent
the number of insta %)f.\that predicted dialect class that belong to other actual
dialect classes. @jxample, FP(Hausa) represents the number of instances predicted

as Hau Qtually belong to Yoruba or Igbo.

QQ
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Table 4.2: Precision, F - Score and

Precision_ Recall F1-score

0 @’ 0.02 0.04

1 0.05 0.09
2 0 84 0.99 0.91

Accuracy 0.84
Macro avg Q 0.58 0.35 0.35
Welgheﬂ* 0.80 0.84 0.78

From the Ta@.ﬁrecmon measures the accuracy of positive predictions made by the
model Forx.class 0, the precision is low at 0.25, indicating that the model makes many
@)osmve predictions for this class. For class 1, the precision is moderate at 0.64,
indicating a higher accuracy in positive predictions. Class 2 has the highest precision
at 0.84, meaning that the model's positive predictions for this class are more accurate.
Recall measures the ability of the model to correctly identify positive instances from
all actual positive instances. Class 0 has a low recall of 0.02, indicating that the model

misses many actual positive instances for this class. Class 1 has a recall of 0.05,
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indicating a similar issue. However, Class 2 has a high recall of 0.99, suggesting that
the model is excellent at identifying positive instances for this class. he F1-score is the
harmonic mean of precision and recall, providing a balance between the two metrics.
Class 0 and Class 1 have low Fl-scores at 0.04 and 0.09, respectively, indicating poor
performance for these classes. Class 2 has a high F1-score of 0.91, indicating a strong
balance between precision and recall for this class. The overall accuracy of th§ model
is 0.84, indicating that the model correctly classifies 84% of all instances. @Ver,
as shown in the class-wise metrics, this accuracy is mainly dri e. \?@Ie high
performance for Class 2, while Classes 0 and 1 have relatively E\ pqrformance.

The model gave a performance of 84%. This accuracy ind@ how well the model
was able to correctly identify the dialect of the aud'l@nples it was tested on 84%
performance implies that out of all the test ins%s (i.e., audio samples with known

dialect labels) that the model was eva::iq@g, it correctly classified 84% of them

with the correct dialect label. In otheg wotds, 84% of the audio samples were correctly
identified with their respe ive@chiects. The remaining 16% of the audio samples
were misclassified, mee@g\t e model incorrectly assigned them a dialect different

from their true d@@%

4.5 Discussion,of Results

The stﬁ%ﬁgused on building a dialect detection model for the three major tribes in
a: Yoruba, Hausa, and Igbo. The researchers collected voiced audio samples of
speakers from these tribes speaking English from various platforms such as news
media and radio recordings. The audio data was then preprocessed, and the voiced
signal was converted from the time domain to the frequency domain using the Fourier
transform. The training of the model was conducted using Matlab R2015A, a popular

programming language and computing environment for numerical analysis and data
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processing. The process involved reading in the voiced input and defining window
size and hop size for analysis. Noise reduction techniques, such as applying a high-
pass filter and spectral subtraction, were implemented to remove unwanted noise from
the audio signals.

For feature extraction, Mel Frequency Cepstral Coefficients (MFCC) were calculated
for each frame of the audio signals. The MFCC features were aggregated to (.)btain a
fixed-length representation for each dialect sample. The model was then %‘&'e\ on
this data using a classification algorithm. In the testing phase t.\?@el was
evaluated to ascertain its performance. The accuracy achievefi b e.gnodel was 84%,
indicating that it correctly identified the dialect of 84% @E test instances. The
confusion matrix provided valuable insights into tﬁ@ el's performance, showing
the number of true positives, false negatives, aﬂ@'gpositives for each dialect class.

Overall, the model's 84% accuracy @that it is capable of distinguishing
between the three major dialects in%'g% (Yoruba, Hausa, and Igbo) when speakers
are speaking in English. Q:b‘

Comparing the result of this '§tudy with past literatures, in a work that proposed text-
independent acc @ﬁcaﬁon system using Gaussian mixture models (GMMs) for
Kannada lan e reported a lesser accuracy to this research findings. The author
conduc@xperiments using 32 speech samples from each region where each clip is
of,o\ne minute duration spoken by native speakers. The baseline system implemented
using MFCC features found to achieve 76.7 % accuracy'.

Similarly, in in a study on automatic speech recognition and accent identification of
ethnically diverse Nigerian English speakers which reported a lower accuracy than the
result of this study which reported the accuracy of algorithm of the three major

Nigerian languages (Yoruba, Igbo, and Hausa). Logistic regression emerged as the
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best classifier in terms of accuracy (82%) ahead of K-Nearest Neighbor (75%) and
Gaussian Mixture Model (50%)?. Also a work on accent identification by combining
deep neural networks and recurrent neural networks trained on long and short term
features reported an accuracy is 51.92%, and the Unweighted Average Re-call (UAR)

is 52.24% lesser than the studies findings?.
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Chapter Five
Conclusion

5.1 Summary of Results

The study aimed to acquire speech data from different Nigerian tribes speaking
English. The researchers extracted voiced signals from the three major t{ib?sbin
Nigeria, namely Yoruba, Hausa, and Igbo. To achieve this, they used APIs(z'iyd\Web
scraping from various platforms such as news media and audio rec .'}g. nce the
input signal was known, the next step was to determine its siz.e. Rwiced signal was
in the time domain, so it was converted to the freque@ornain using Fourier
transform. ¢ \ %
Preprocessing techniques such as filtering, wi@ g, or normalization were applied
to ensure accurate frequency domain re %g!xﬁg%’ion. The signal was then sampled at a
regular interval to convert it into a 'di ci\%—time signal. The sampling rate was higher
than twice the highest freq%%%sent in the signal. After this, FFT was applied to
calculate the Discrete F&ri'e)r Transform. The result was stored in an array called
fft result. The @e spectrum was calculated using the absolute value of the
fft result arr%iA corresponding frequency axis to represent the frequencies in the
frequerfc%main was created.

@equency axis values were determined by the sampling rate and the length of the
FFT. The next step was to train the dataset. The researchers used Matlab R2015A, to
ctreate a training model. The audio file was loaded into the model using the audioread
function. This function allowed reading of audio files in various formats and storing

of the audio data in a variable for further processing. Noise reduction was performed

using spectral subtraction. Mel-frequency cepstral coefficients (MFCC) were used for
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feature extraction. Classification was done using a classifier based on different labels
available. The model gave a performance of 84%, indicating how well it was able to
correctly identify the dialect of the audio samples tested.

5.2 Recommendation

The research has made significant progress in the development of a accent detection
model for the three major tribes in Nigeria: Yoruba, Hausa, and Igbo, achie.vir%%:;ln
accuracy of 84%. This achievement is noteworthy as it demonstrates thqifg\)del's
ability to accurately distinguish between the dialects when speake .\?@king in
English. The successful development of this model opens up exglg\possibilities for
various applications in the fields of speech recognition@language processing,
particularly in Nigeria, where diverse dialects are spb)@%

The potential applications of this dialect deté@%del are extensive. One of the
primary areas where this technolog ’%%g utilized is in the field of speech
recognition systems. Accurate idemtificdation of dialects can greatly enhance the
performance and efﬁcien@%eech recognition algorithms, enabling better
comprehension and in‘w{u;;[ion with users from different regions of Nigeria.
Additionally, thi @can be integrated into language processing applications,
facilitating aﬁ%matic translation and language understanding tailored to specific
dialects‘.%% research contributes to the advancement of dialect identification
@Qogy in Nigeria, a country with a rich linguistic diversity. As dialects play a
significant role in shaping communication and cultural identity, the successful
development of this model can promote the preservation and recognition of various
linguistic heritages within the country.

However, despite achieving an impressive accuracy of 84%, there is still room for

improvement and further refinement of the model. As with any machine learning
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model, exploring alternative classifiers or features can lead to enhanced performance
and accuracy. Fine-tuning the parameters and conducting experiments with different
feature extraction techniques may help in better representation and classification of
dialects. Additionally, increasing the size and diversity of the dataset used for training
can lead to a more robust and generalizable model.

The successful development of the dialect detection model and its high afzm(lg:y
demonstrate promising prospects for its practical applications in speech r@}ftion
and language processing in Nigeria. The research contributes to t a. QQnen‘[ of
dialect identification technology, providing a foundation for h@r research and
innovation in the field of linguistics. As the study hig{@s the importance of
preserving and recognizing linguistic diversity, ﬂ@nodel can foster a deeper
appreciation of the rich cultural heritage embé@'%ithin Nigeria's diverse dialects.

With continued refinement and explcc:g@g alternative approaches, this research
c

lays the groundwork for even mor%' ate and sophisticated dialect identification

systems in the future. \)Q:b‘
'}

Based on the finds @n this study, the following recommendations were made:

i.  Dataset Efgeansion: To further improve the accuracy and generalizability of the
dieﬁ%ﬁtection model, it is recommended to expand the dataset used for training.

quding more diverse and representative samples from different regions within
each major tribe (Yoruba, Hausa, and Igbo) will allow the model to better capture
the variations in dialects and accents. Moreover, considering additional languages
spoken in Nigeria can help in developing a more comprehensive language

processing system.
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ii.

iii.

1v.

Feature Engineering: Exploring alternative feature extraction techniques and
linguistic features can be beneficial for enhancing the model's performance.
Researchers can investigate the use of advanced techniques such as deep
learning-based approaches, which can automatically learn relevant features from
raw audio data. Additionally, incorporating prosodic features and linguistic
information specific to each dialect may provide more discrin.linative
characteristics for dialect identification. Q}i\
Hybrid Models: It is worth exploring the use of hybrid model .\%&ine the
strengths of different classifiers or machine learning tec.:hn' es, Combining the
outputs of multiple classifiers using ensemble methq{@ke voting or stacking
may result in improved performance and more r%].@le dialect predictions.
Cross-Validation and Testing on Indepenﬂ@a: To ensure the robustness of

the model, it is essential to perforttfg%lidation using different subsets of the
0

data during the training phasef& over, testing the model on an independent

and larger dataset colle tedq& diverse sources will provide a better assessment

of its real-world per&n@gﬁlnce and generalization ability.
Real-Time Qtation: Consideration should be given to developing a real-

time implementation of the dialect detection model. This will enable its

intg%on into various applications, such as voice assistants, call centers, and

Q)mmunication platforms, for seamless and accurate dialect recognition in real-

Vi.

world scenarios.

Deployment in Local Languages: While the model has shown promising results
for English-speaking speakers of different dialects, it is essential to extend its
capabilities to recognize and identify local languages spoken in Nigeria.

Developing dialect detection models for indigenous Nigerian languages can have
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significant cultural and social impacts, promoting inclusivity and recognition of
the nation's diverse linguistic heritage.

vii. Privacy and Ethical Considerations: When deploying the dialect detection model
in real-world applications, it is crucial to address privacy and ethical concerns.
Ensuring user consent, data security, and compliance with data protection
regulations should be at the forefront of the model's deployment.

By considering these recommendations, future research can build upon the fi }s of

this study and contribute to the advancement of dialect detection tec 0. sJanguage

processing, and linguistics research in Nigeria. Implementing t@e,@ggestions will

not only improve the accuracy and robustness of the moc&@[ also foster a deeper

appreciation for Nigeria's linguistic diversity and cult ﬁkhentage

5.3 Contribution to Knowledge QQ

This study contributed significantly to t @yg body of knowledge through:

i. Development of a Dialect Dete odel: The research successfully developed
a dialect detection modgl s@cally tailored for the three major tribes in Nigeria:
Yoruba, Hausa, and% his model serves as a valuable addition to the field of

speech reco 1@%\

character)ﬁ{j:s and dialectal variations of these Nigerian tribes. By focusing on

language processing, as it addresses the unique linguistic

lo@guages the model contributes to bridging the gap between traditional
QQects and modern technological applications.

Accurate Dialect Identification: The achieved accuracy of 84% demonstrates the

model's effectiveness in accurately identifying the dialect of audio samples

spoken in English. This level of accuracy is significant, considering the

complexity of dialect variations in Nigeria and the challenges associated with

dialect detection in multilingual and diverse linguistic contexts. The research
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iii.

1v.

Vi.

showcases the feasibility of building robust and efficient dialect identification
systems for regional languages.

Utilization of Real-World Data: The research gathered voiced audio samples
from various real-world sources, including news media and radio recordings,
capturing natural language usage in different contexts. By using authentic and
diverse data, the model's training and evaluation reflect real-world sc.enarios,
making its findings and applicability more relevant and practical. Q‘)(\
Exploration of Preprocessing Techniques: The research .o\%various
preprocessing techniques, such as filtering, windowing, ng)rmalization, to
enhance the accuracy of the frequency domain repreg&@bn. These techniques
address challenges related to noise reduction aﬁ@nal processing, contributing
valuable insights into optimizing the pre@%g steps for dialect detection in
similar contexts. : )\&%

Cross-Cultural Linguistics: B%f'o sing on dialects spoken in Nigeria, the
research contributes to cr@(bﬁltural linguistics and sociolinguistics, shedding
light on the diverseﬁg\nstic landscape of the country. The findings can foster a
better unde a@% of language variation and cultural identity, promoting
inclusiv@g')appreciation of linguistic diversity.

Practical Applications: The developed dialect detection model has practical

Q)p:iications in various domains, including voice recognition, call center services,

and multilingual communication platforms. Its accuracy and capability to
distinguish between dialects open up opportunities for enhancing user
experiences and language-specific services in Nigeria and other regions with

linguistic diversity.
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5.4 Suggestions for Further Research

Based on the findings of the current research, the following are the suggestions for

further research.

ii.

1il.

1v.

Further research can extend the dialect identification model to include additional
Nigerian languages to achieve a more comprehensive and representative language
coverage. .

Deep Learning Approaches: Explore the application of deep learning t@&‘{q?e‘s,
such as Convolutional Neural Networks (CNNs) and Recurren i?@etworks
(RNNs), for dialect identification. Deep learning models @shown promising
results in various speech recognition tasks and may fé&%’\enhaﬂce the accuracy
and robustness of the dialect detection model. $

Dataset Augmentation: Augment the e@ dataset with more diverse and
representative speech samples Y Kd%ﬁerent regions and dialects. Dataset
augmentation techniques, suchcas pitch variation, speed perturbation, and noise
addition, can help i ro%:q;e model's performance and generalization to
different dialectal variations.

Multilingua@%%ldentiﬁcation: Investigate the development of a multilingual
dialect @)ﬁﬁcation model capable of identifying dialects from multiple

languages simultaneously. This research can be particularly useful in regions with

guguistic diversity and multiple official languages.

Real-Time Dialect Identification: Design and implement a real-time dialect
identification system that can process and identify dialects in streaming audio or
live speech. This application can be beneficial in call centers, language learning

platforms, and voice-controlled devices.
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vi. Dialectal Variation Analysis: Investigate the specific linguistic features that
contribute to dialectal variations in different Nigerian languages. Understanding
the linguistic characteristics of each dialect can lead to more informed and

targeted approaches for dialect identification.
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\)Q:b
% Load audio file

"
[y,fs] = audioread('au@e.wav’);

11111111 Q

% Define windowsize and hop size
winSize = 1024,

Appendix I: Source Code

% @ute spectrogram
S gram = stft(y, winSize, hopSize, winSize, {s);

% Compute noise spectrum using first 5 frames of spectrogram
noiseSpect = mean(abs(spectrogram(:,1:5)).”2, 2);

% Initialize output matrix
spectrogramClean = zeros(size(spectrogram));

% Spectral subtraction

for i = 1:size(spectrogram,?)
% Compute magnitude spectrum of current frame
magnSpec = abs(spectrogram(:,i)).”2;
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% Subtract noise spectrum from magnitude spectrum
magnSpecClean = max(magnSpec - noiseSpect, 0);

% Reconstruct complex spectrum
spectrogramClean(:,1) = sqrt(magnSpecClean) .* exp(li*angle(spectrogram(:,i)));
end

% Inverse STFT to obtain cleaned signal
yClean = istft(spectrogramClean, winSize, hopSize, winSize, fs);

% Play cleaned audio ‘ (b‘

sound(yClean, fs); Q‘)i\
% Write cleaned audio to file \QO
audiowrite('audio_file clean.wav', yClean, fs);

%w

% Read the audio file @

[x, fs] = audioread('test.aac"); %

% Define the parameters for the noise %}\(‘)n filter
frame_len = round(fs*0.02); % franje letigth of 20ms
overlap len = round(fs*0.01); % verlap

freq_cutoff = 1000; % cutoff fr: cy for high-pass filter
noise_reduction = 10; % noisergduction level in dB

'\

% Create a high-pass o remove low-frequency noise
hp_filter = designfil passiir', 'FilterOrder', 8, 'PassbandFrequency’, freq cutoff,
'PassbandRipplel, 0.2,"SampleRate', fs);

% Appl @E—pass filter to the audio signal

x_filt= (hp_filter, x);

YoP rrn noise reduction using spectral subtraction

spectrogram = stft(x_filt, frame len, overlap len, hann(frame len));
spectrogram_noise = stft(x_filt, frame len, overlap len, hann(frame_len));
spectrogram_noise = max(spectrogram_noise, [], 2); % estimate the noise power
spectrum

spectrogram_clean = max(spectrogram - noise_reduction, 0); % subtract noise power
spectrum from original spectrogram

x_clean = istft(spectrogram_clean, frame len, overlap len, hann(frame len)); %
convert back to time domain

% Write the cleaned audio to a new file
audiowrite('audio_file cleaned.wav', x_clean, fs);
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This code uses a high-pass filter to remove low-frequency noise and then applies
spectral subtraction to further reduce the noise.

The resulting cleaned audio is saved as a new file.

You may need to adjust the filter parameters and noise reduction level based on your
specific audio file and noise characteristics.

updated version

% Read the audio file
[x, fs] = audioread('test.aac');

o
% Define the parameters for the noise reduction filter . Qg)&
frame_len = round(fs*0.02); % frame length of 20ms \
overlap len = round(fs*0.01); % 50% overlap
freq_cutoff = 1000; % cutoff frequency for high-pass filter N
noise_reduction = 10; % noise reduction level in dB : @

% Create a high-pass filter to remove low-frequency noi @S
hp_filter = designfilt('highpassiir', 'FilterOrder', 8, 'P’aén Frequency', freq_cutoff,
'PassbandRipple’, 0.2, 'SampleRate', fs); Q

% Apply the high-pass filter to the audio sig
x_filt = filtfilt(hp_filter, x); . )\&

% Perform noise reduction using spegtralSubtraction

[spec, f, t] = spectrogram(x_filt, ame_len), overlap len, [], fs);

[spec_noise, ~, ~] = spectro rar@ ilt, hann(frame len), overlap len, [], fs);
spec_noise = max(spec_no&) 2); % estimate the noise power spectrum
spec_clean = max(spec - oi%e_reduction, 0); % subtract noise power spectrum from
original spectrogram

x_clean = istft(s @, ann(frame_len), overlap len, length(x), fs); % convert
back to time domain

% Write @fned audio to a new file

audiowrl dio file cleaned.wav', x_clean, f5s);

l@geduction module
L =size(St,1);
T = 1/Fs;
t=(0:L-1)*T;
% Input signal chart S(t)
figure
subplot(2,3,1);
plot(t,St);grid;
title('Signal S(t)")
xlabel('Time,s")
ylabel('Signal amplitude S(t)")
% Fourier transform of the input signal S(t)
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% NFFT = 2"nextpow2(L); % Next power of 2 from
length of L

NFFT=2"16;

St = fft(St,NFFT)/NFFT,;

f=Fs/2*linspace(0,1,NFFT/2);,

Z=2*abs(Sf(1:NFFT/2));

% Input signal spectrum chart Sf(f)
subplot(2,3,2);

plot(f(1:NFFT/2),20*log10(Z(1:NFFT/2)));grid;

title('Signal spectrum S(t)")

xlabel('Frequency (Hz)")

ylabel('Signal magnitude |S(f)|, dB") . {b»
% Band filter Q‘)&
[b,al=ellip(4,0.001,30,[300 3400]*2/Fs); . %
[H,w]=freqz(b,a,NFFT);

subplot(2,3,3);

plot(w(1:NFFT)*Fs/(2*pi),abs(H(1:NFFT)));grid; N % Frequency
response of the filter ‘
title('Frequency response') %’\
xlabel('Frequency (Hz)") 6&
ylabel('Response factor') ¢ A

SL=filter(b,a,St); »Q\
% Output signal chart SL(t) Q

subplot(2,3.4);

plot(t,SL);grid; N 6

title('Signal SL(t)") 0
xlabel('"Time,s")

ylabel('Signal amplit (1))

% Fourier transform o utput signal (after a filtering)
SLf= fft(SL,NFF}%ﬁﬁFT;
% ff =Fs/2*linspace(0,1,NFFT/2);
Z77=2*abs(S ‘NFFT/2));

% Output ignal spectrum chart SLf(f)
subplot(2,3.5);
t

:NFFT/2),20*logl 0(ZZ(1:NFFT/2)));grid;
1 @ignal spectrum SL(t)")
label('Frequency (Hz)")
ylabel('Signal magnitude |[SLf(f)|, dB')

QQ % Write to disk
%wavwrite(SL,Fs,'output.wav');

Powfl = trapz(f,Z.”2)
Powf2 = trapz(f,ZZ."2)
Spl = trapz(t,St.”2)

Sp2 = trapz(t,SL."2)
Ratio = Powf2/Powfl

1. Feature extraction
[ceps,freqresp,tb,tbrecon,freqrecon] = mfcc(SL,8000);
melC= imresize(ceps,[ 100 100]);
as = reshape(melC,[],1);
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features = [features as];
labels = [labels,1];

2. Step 1-4 is done for the training
For the testing step 1-4 is repeated
4. C(lassification
trainedClassifier2 = fitcknn( ...
qrwe, ...
labels, ...
'Distance','euclidean’, ...
'NumNeighbors',3, ...
'DistanceWeight','squaredinverse', ...
'Standardize',false, ... Q‘)i\

'ClassNames',unique(labels));

%%%%%%% change for between R2 here [13] ,%\

(98]

gmsasrwe =imresize(msas,[ 100 34]);
5. predictionn = predict(trainedClassifier2,qmsasrwe');

6. the output of the predictor is now the used to deten‘r;@re dialect of the
speaker

7. labels Q
8. predictionn = int16(predictionn); Q

9. if (predictionn == 1)

10. h = msgbox('Yoruba' )

11. elseif(predictionn == O

12. h= msgbox('hausa)

13. else

14.  h=msgbox('igbo'

15. end

16. i
function varargo % (varargin)
% HOME M- ﬁl@ OME fig

% HOME itself, creates a new HOME or raises the existing

% gOME returns the handle to a new HOME or the handle to
ex1st1ng singleton*.

%

%  HOME('CALLBACK!',hObject,eventData,handles,...) calls the local

%  function named CALLBACK in HOME.M with the given input arguments.

%

%  HOME('Property','Value',...) creates a new HOME or raises the

%  existing singleton*. Starting from the left, property value pairs are

%  applied to the GUI before HOME OpeningFcn gets called. An

%  unrecognized property name or invalid value makes property application

%  stop. All inputs are passed to HOME_ OpeningFcn via varargin.

%

%  *See GUI Options on GUIDE's Tools menu. Choose "GUI allows only one

149



%  instance to run (singleton)".
%
% See also: GUIDE, GUIDATA, GUIHANDLES

% Edit the above text to modify the response to help HOME
% Last Modified by GUIDE v2.5 15-May-2013 23:55:01

% Begin initialization code - DO NOT EDIT
gui_Singleton = 1;

gui_State = struct('gui_Name',  mfilename, ...
gui_Singleton', gui Singleton, ...
gui_OpeningFcn', @HOME_OpeningFen, ...
gui_OutputFen', @HOME_OutputFen, ...

1
1
1
1

'gui_Callback', []);

if nargin && ischar(varargin{1}) N
gui_State.gui_Callback = str2func(varargin{1}); ‘ )\\.
end %

N
if nargout ¢ 4%

[varargout{1:nargout}] = gui_mainfcn( gui_StQ rgin{:});
else
gui_mainfen(gui_State, varargin{:});

end N \

% End initialization code - DO NO%@

% --- Executes just before O\\@made visible.

function HOME OpeningFc ject, eventdata, handles, varargin)
% This function has no o tpg\t args, see OutputFcn.

% hObject handle t %36

% eventdata reserv be defined in a future version of MATLAB

% handles strugturg with handles and user data (see GUIDATA)
% varargin o\ﬁmmand line arguments to HOME (see VARARGIN)

% Chocl)%(ault command line output for HOME
%@u put = hObject;
Ve

% Update handles structure
guidata(hObject, handles);
1= imread('hospitall.jpg");
axes(handles.axes1);
imshow(i);

% UIWAIT makes HOME wait for user response (see UIRESUME)
% uiwait(handles.figurel);

% --- Outputs from this function are returned to the command line.

150

&
gui_LayoutFen', [], ... ,%\QO

QP



function varargout = HOME_OutputFcn(hObject, eventdata, handles)
% varargout cell array for returning output args (see VARARGOUT);
% hObject handle to figure

% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)

% Get default command line output from handles structure
varargout{1} = handles.output;

% --- Executes on button press in pushbuttonl.

function pushbuttonl Callback(hObject, eventdata, handles) : ®
% hObject handle to pushbuttonl (see GCBO) Q)

% eventdata reserved - to be defined in a future version of MATLAB %

% handles structure with handles and user data (see GUIDATA)

%tl'y L)
2

h = waitbar(0,'Recording your pass voice..."); %'\

steps = 4; AQ'&
%for step = 1:steps .®
% computations take place here Q

% Record your voice for 5 seconds. (j\i‘%

recObj = audiorecorder;

waitbar(0.01); %
disp('Start speaking.") (‘b‘
waitbar(0.2);

recordblocking(recObj,2); )\)
waitbar(0.4);
disp('End of Recordi %“

waitbar(0.4); q

% Play back the\recording.
Y%play(recOby);

waitbar(0. 3\'

% Store in double-precision array.

glo a@y ecording as
A% ording = getaudiodata(recObyj);
%disp(myRecording);

[m,n] = size(myRecording);

disp(m);

waitbar(0.9)

close(h)

% v = MFCCProcessor(myRecording, 8000,12)

% %%

% [ceps,freqresp,fb,fbrecon,freqrecon] = ...

% mfcc(myRecording,8000,100);

% rastaout = rasta(ceps,100);

% mfccDCTMatrix = 1/sqrt(40/2)*cos((0:(13-1))" * ...
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% (2*%(0:(40-1))+1) * pi/2/40);

% mfccDCTMatrix(1,:) = mfccDCTMatrix(1,:)*sqrt(2)/2;
% rastarecon = 0*fbrecon;

% for i=1:size(rastaout,2)

% rastarecon(:,i) = mfccDCTMatrix' * ...

% rastaout(:,1);

% end

% s = vqlbg(rastaout,1);
%global voiceprint
%voiceprint =s;

%  ff(fn)=fn
%

. |
% end
&

%[m,n] = size(s) ¢ QQ
Y%figure »®
%plot(myRecording); Q
%end %

>

fs = 16000; < )
3* .

windowLength = round(0.0
overlapLength = round(0.02
win = hann(1024,"peri‘§1$9

ow",win,"OverlapLength",512,"Centered",false);

% ff=1] . QO
% forth=1:5 . S\

S = stft(myRecording,"
melC = mfcc(S,f5);

10 =

h)
Yofed —®C,f0]

% size(tmelC)

% 1ze(f0)
ovoicedSpeech -
isVoicedSpeech(myRecording,fs,windowLength,overlapLength);

Y%feat(~voicedSpeech,:) = [];

%Ilabel = repelem(dsInfo.Label,size(feat,1));

M = mean(melC,1);

St = std(melC,[],1);

nfeatures = (melC-M)./St
% label = repelem("me",size(features, 1))

% helperExtractAuditoryFeatures(myRecording,fs)

Yotry
load ('voice.mat');
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sds = exist('voicecode');
ifsds <1
disp('No user registered yet');
end
1= size(voicecode,1);
features = [];
features2 =[];

labels = [];
labels2 =[];
for fn = 1:1

ff= voicecode {fn,:};
ass = reshape(ff,[],1)
label =fn;

&
M = mean(ff,1);

o
St = std(f£,[1,1); ,%\QO
%w

feat = (ft-M)./St;
label = repelem(label,size(ff, 1))
features = [features;feat]; ‘ \,
features2 = [features2;ass']; %'\
labels = [labels,label]; QQ'&

N

labels2 = [labels2,fn]; ‘

end
features2 @

labels2
trainedClassifier = fitcknn( ... ('.,)\‘\%

features2, ...
labels2, ... %
'Distance','euclidean’, ... (b‘

"NumNeighbors', 1, ... Q)
'DistanceWeight’,'squarewse',
'Standardize',false, ...
'ClassNames',uniq 1?));

% trainedClassj Q cknn( ...

% features2, .

%  labels2,'@ptimizeHyperparameters','auto',...

% 'H meterOptimizationOptions',...
%  stru cquisitionFunctionName','expected-improvement-plus'))

% q
% : group = labels2;

% ¢ = cvpartition(group,' KFold'k); % 5-fold stratified cross
validation

% partitionedModel = crossval(trainedClassifier,' CVPartition',c);

% validationAccuracy = 1 -
kfoldLoss(partitionedModel,'LossFun','ClassifError');

% fprintf("\nValidation accuracy = %.2{%%\n',
validationAccuracy*100);

%

% validationPredictions = kfoldPredict(partitionedModel);

% figure
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% cm =
confusionchart(labels2,validationPredictions, 'title','Validation Accuracy')

% cm.ColumnSummary = 'column-normalized';

% cm.RowSummary = row-normalized';

prediction = predict(trainedClassifier,as")
%prediction = categorical(string(prediction));
prediction = int16(prediction)

loginid =voicecode {prediction,2}
save('login.mat','loginid");
Hosipital; U{b‘
% trainedClassifier = fitcknn( ... Q‘)&
% features, ... . QO
% labels,'OptimizeHyperparameters','auto’,...
% 'HyperparameterOptimizationOptions',...
% struct('AcquisitionFunctionName’,'expected-improvement;& '))\

%k=35; \
% group = labels2; '&%
% ¢ = cvpartition(group,'KFold" K)s % 5-fold stratified cross
validation

% partitionedModel = crossval(trainedClassifier,' CVPartition',c);

% validationAccutacy = 1 -
kfoldLoss(partitionedModel,'LossFun',’ %ér'lg}—ror');
dati

% fprintf("\nValid accuracy = %.21%%\n',
validationAccuracy*100); %

%

% validati nP@ﬁons = kfoldPredict(partitionedModel);

% figure &)

% cm =<«confusionchart(labels,validationPredictions,'title',"Validation
Accuracy') %'\

'%o umnSummary = 'column-normalized';
@m.RowSummary = 'row-normalized';

% predic predict(trainedClassifier,nfeatures)
% prediction = categorical(string(prediction));
%% iction = int16(prediction)

% figure('Units','normalized','Position',[0.4 0.4 0.4 0.4])

% cm = confusionchart(int16(labels),prediction,'title', Test Accuracy (Per Frame)');
% cm.ColumnSummary = 'column-normalized';

% cm.RowSummary = 'row-normalized';

% figure('Units','normalized','Position',[0.4 0.4 0.4 0.4])

% cm = confusionchart(labels,prediction,'title’, Test Accuracy (Per Frame)');
% cm.ColumnSummary = 'column-normalized';

% cm.RowSummary = 'row-normalized';

%

% 12 = prediction(1:numel(adsTest.Files));
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% idx =1;

% for i1 = 1:numel(adsTest.Files)

%  12(ii) = mode(prediction(idx:idx+numVectorsPerFile(ii)-1));

%  1dx = idx + numVectorsPerFile(ii);

% end

%

% figure('Units','normalized','Position',[0.4 0.4 0.4 0.4])

% cm = confusionchart(adsTest.Labels,r2,'title', Test Accuracy (Per File)');
% cm.ColumnSummary = 'column-normalized';

% cm.RowSummary = 'row-normalized';

% % catch vv ‘ (b'

msgbox(vv);
% % end . QO
% 1= size(voicecode,1); \
% ff=];
% ter =[];

[ ) “
%
% for fn = 1:i &

% fn; QQ

%  ff(:,1)= voicecode {fn,:}; Q
%  %][Dist,D,k,w]=dtw(as,ft,0); Q

% ter(fn) = num2str(fn);

%  %ff(fn)=Dist; ‘ﬁ

% end \

Yoxc= mindist_classiﬁer_type_ﬁna%' ,0.2)

% k=1;

% [dist, iidx]=pdist2(ff,as,’ ah@f)is','smallest',k)
% matching_class=ceil(iid)%§)

% dg = sqrt(dist)

% "

% eas=CreateA @ (ff,as)
% kts = gmdistribution(ft, 1)

% d2 = maha K%as
% dg2 =

% [m =min(d2)

In
1tcknn(ff,j J, NumNeighbors',1)
r = mean(as);
% thwrClass = predict(Mdl,as)

% for fn= 1:1

% fn;

%  dff=voicecode{fn,1};

%  [Dist,D,k,w]=dtw(as,dff,0);
%  ff= gmdistribution(dff,1)

% % d2 = mahal(ff,as)

%  %ff(fn)=Dist;

% end
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% ds=[0;1;2;3;4;5;6;];
% d2 = mahal(ffas)
% [m Ind] = min(d2)

%cAlpha(Ind)

% [c,dd] = min(ff)

%

% ifc<=0.4 % u can increase the value 0.4 if u want to increase vunerability
or decrease to 0.2 Or 0.3 increase accuracy

% got = voicecode{dd,2}

% % dg = cd;

% % str = strcat(cd,'\',got); Q')&\

% % cd(str);

% % %from \
% % data = load ('info.mat');

% % ima = imread(strcat(got,'.jpg"));

% %

S
% % cd(dg); 6&
% % %to

% %

% % save('login.mat','data"); @

% % imwrite(ima,'login.jpg');

% % Hosipital; ‘\%

% % ( \)

% else

% msgbox( Please, try to logt %am with the specific voice word you used or in
a less noisy environment'); Q)

% end \)

% targetD=categorical(f ; '?,4;5;6;7])

targetD catego@ ;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;0;1;1;1;1;1;1;1;
1 ;1;1;1;1;1' LELLLLLL L),

% for fn =
% fn;
% fn)= gmdistribution(voicecode{fn,1},1,);

ist,D,k,w]=dtw(as,ft,0);
er(fn) = num2str(fn);

%  %ff(fn)=Dist;
% end
%off
% [coeff,scoreTrain,~,~,explained,mu]=pca(ff)
% 1dx = find(cumsum(explained)>95,1)
% scoreTrain95 = scoreTrain(:,1:1dx);
% mdl = fitctree(scoreTrain95,as)
% %scoreTest95 = (XTest-mu)*coeff(:,1:1dx);
% YTest predicted = predict(mdl,as)
%][predictl] = classifyANNoffline(ff', ter, as)
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%][predictl] =classifyLDAoffline(ff, ter, as)
%Md]I = fitcknn(ff,as)

% [label,score] = predict(Mdl,as)
Y%targetD=categorical(ter)

%[ c,dd] = min(ff)

% ifc<=0.4 % u can increase the value 0.4 if u want to increase vunerability
or decrease to 0.2 Or 0.3 increase accuracy

% got = voicecode{dd,2}

% % dg = cd;

% % str = strcat(cd,'\',got);

% % cd(str);

% % %from ) {b
% % data = load ('info.mat'); Q‘)&

% % ima = imread(strcat(got,'.jpg")); . QO

% % N

% %

% % cd(dg); *
% % %to ) )\%
% % %’\

% % save('login.mat','data’); 6&
% % imwrite(ima,'login.jpg'); ‘ Q

% % Hosipital; '®

% 3

% else

% msgbox('Please, try to login a@\;{&}he specific voice word you used or in

a less noisy environment');

% end %
% catch exception (b‘
% msgbox(exception) <

% end )\)

% %% Define Netwo Iﬁtecture

% % Define the onal neural network architecture.

% layers = [

% imagelnputLayer([52 1 1]) % 22X1X1 refers to number of features per sample
% conv n2dLayer(3,16,'Padding','same")

% relul.ayer
9 yConnectedLayer(384) % 384 refers to number of neurons in next FC hidden

Yo

QY

%ﬁillyConnectedLayerG 84) % 384 refers to number of neurons in next FC hidden
layer

%  fullyConnectedLayer(2) % 2 refers to number of neurons in next output layer
(number of output classes)

%  softmaxLayer

% classificationLayer];

%

% options = trainingOptions('sgdm',...

% 'MaxEpochs',500, ...

% 'Verbose' false,...

%  'Plots','training-progress');
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%net = trainNetwork(ff,targetD,layers,options);

%predictedLabels = classify(net,trainD)'

% --- Executes on button press in pushbutton?2.

function pushbutton2 Callback(hObject, eventdata, handles)

% hObject handle to pushbutton2 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA) \
; &

delete(HOME);

register; \
catch dd
end ‘\%0\

%
function Untitled 1 Callback(hObject, eventdata, hand
% hObject handle to Untitled 1 (see GCBO) &

% eventdata reserved - to be defined in a future ¥e of MATLAB
% handles structure with handles and user da@ e’GUIDATA)

. <

function Untitled 2 Callback(hObj &gntdata handles)
% hObject handle to Untitled 2 CBO)

% eventdata reserved - to be d in a future version of MATLAB
% handles structure with &i}es and user data (see GUIDATA)

%'»
functlon Untitle 8lzack(h0b_]ect eventdata, handles)

% hObject d ¢ to Untitled 3 (see GCBO)
% even}% served - to be defined in a future version of MATLAB
|

% hand tructure with handles and user data (see GUIDATA)

t
OME);
Main;

catch
end

%
function Untitled 4 Callback(hObject, eventdata, handles)

% hObject handle to Untitled 4 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)

try
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h = waitbar(0,'Recording your pass voice...");
steps = 4;

%for step = 1:steps
% computations take place here

% Record your voice for 5 seconds.

recObj = audiorecorder;

waitbar(0.01);

disp('Start speaking.")

waitbar(0.2); ‘ ®

recordblocking(recObj,2); Q}&

waitbar(0.4); . QO
disp("End of Recording."); \
waitbar(0.4);

% Play back the recording. o
%play(recObj); ‘ \
waitbar(0.8); %\

% Store data in double-precision array. &

global myRecording : ;$Q

myRecording = getaudiodata(recOb;); Q
disp(myRecording); Q
[m,n] = size(myRecording);

disp(m); X
waitbar(0.9) 0

close(h) %
%%

[ceps,freqresp,tb,fbrecon, fr re@%zm
mfcc(myRecording,8000, 1 (%\)

rastaout = rasta(ceps, 100
mfccDCTMatrix = 1/ h)*cos((O:(B—l))' * .

(2*(0:(40-1))+1 ),
mfccDCTMatrix(l,:) = mfccDCTMatrix(1,:)*sqrt(2)/2;
rastarecon = O@recon;

= mfccDCTMatrix' * ...

s = vqlbg(rastaout,1);
%global voiceprint
%voiceprint =s;

% ff=1]

% for fn=1:5
% ff(fn)=fn
%

% end
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%disp(s)

%[m,n] = size(s)
figure
plot(myRecording);
%end
load ('voice.mat');
1 = size(voicecode,1);
ft=[];
for fn = 1:1
fn;
dff= voicecode{fn,1}; : :{bl
[Dist,D,k,w]=dtw(s,dff, 1); Q’)&
ff(fn)=Dist; . QO
end
[c,dd] = min(ff);
ifc<=0.3 % u can increase the value 0.4 if u want to in@@ vunerability or
decrease to 0.2 Or 0.3 increase accuracy ‘
got = voicecode{dd,2}; %\
dg=cd; 6&
str = strcat(cd,'\',got); ¢ Q

cd(str); \
%from ®
data = load (‘info.mat");

ima = imread(strcat(got,'.jpg'));(:)@

cd(dg); cb‘%'

%Tto V@
save('login.mat','data");
imwrite(ima,’ 4pg);
Hosipi ;Q
else \

m%)v@lease, try to login again with the specific voice word you used or in a
INAS

less no ironment');
@f@;ception

% Mmsgbox(exception)
end

% --- Executes on button press in pushbutton?2.

% --- Executes on button press in checkbox2.

function checkbox2 Callback(hObject, eventdata, handles)

% hObject handle to checkbox?2 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)
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% Hint: get(hObject,'Value') returns toggle state of checkbox2
% Load the feature matrix

load('features.mat');

% Create the target vector
targets = [ones(10,1); 2*ones(10,1); 3*ones(10,1)];

% Set up the neural network

hiddenLayerSize = 10; . (b,
net = patternnet(hiddenLayerSize); Q}i\

% Set up the training parameters \QO
net.trainParam.showWindow = false;
net.trainParam.showCommandLine = true; %“

net.trainParam.epochs = 100; . )\\‘

[net,tr] = train(net,X',targets'); \

% Test the neural network ®

outputs = net(X'");

classes = vec2ind(outputs); . ©

% Display the confusion matrix (.)

confusionmat(targets,classes) (b‘%v

% Load the new recording Q)

[y,fs] = audioread('new_recording.wav');
i

'\
% Extract the featur; % MFCCs
mfces = mfce(yifs);

% Train the neural network '&%
. QQJ

% Resha % atures into a row vector
X =res ccs', L,[]);

net(x');
class = vec2ind(output);

9@@@ the new recording using the neural network
utput =

% Display the classification result
if class ==

disp('The new recording is in dialect A");
elseif class == 2

disp('The new recording is in dialect B');
else

disp('The new recording is in dialect C');
end
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