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ABSTRACT

Speech recognition entails converting long sequences of acoustic features into shorter sequences
of discrete symbols, such as words or phonemes. This process is complicated by varying sequence
lengths and uncertainty in output symbol locations, making traditional classifiers impractical.
Current automated systems struggle with speaker-independent continuous speech, particularly in
low-resource languages like Guragigna, where the Cheha dialect poses additional challenges due
to its purely spoken nature and lack of a rigid grammatical structure. To address these issues, this
research develops an end-to-end speech recognition model utilizing deep learning techniques,
specifically a hybrid CNN-BIGRU architecture combined with CTC and attention mechanisms.
This approach aims to enhance alignment and robustness in noisy environments. 1o train and test
the model, a text and speech corpus was created by compiling dataset from different sources like
in Wolkite FM, the Old and New Testaments. Experimental results indicate that the CNN-BIGRU
model achieves a Word Error Rate (WER) of 2.5%, showcasing improved generalization
capabilities. Additionally, four recurrent neural network models LSTM, Bilstm, GRU, and BIGRU
were evaluated, each configured with 1024 hidden units and optimized using the Adam optimizer
over 50 epochs. The BIGRU model outperformed the others, achieving an accuracy of 97.50%,
while the LSTM, Bilstm, and GRU models achieved maximum accuracies of 95.99%, 96.92%, and
96.25%, respectively. The successful implementation of this end-to-end speech recognition system
significantly advances communication technologies for low-resource languages, enhancing
accessibility for diverse linguistic communities. The findings underscore the effectiveness of deep

learning methods in improving speech recognition performance in challenging linguistic contexts.

Key words: Automatic Speech Recognition, NLP, Deep learning, LSTM, BILSTM, GRU,
BIGRU, RNN, CNN.
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CHAPTER ONE

1. INTRODUCTION
1.1. Background of the Study

Language is a tool that humans used to express their feelings and emotions. Language is made up
of words that make up a vocabulary and grammar that determines how these words should be used.
It can take many different forms, such as oral communication sign language and written text. In
particular speech involves using phonetic combinations of vowel and consonant sounds to express
vocabulary words. On the other hand, phonetics deals with how people make and perceive sounds.
People can communicate in their preferred language and express themselves through speech [1].

Humans communicate most naturally through speech. Numerous applications such as automated
transcription streamlined human-machine communication and assistance for the physically and
hearing challenged would benefit greatly from compact implementations of precise real-time
speech recognizers. On speaker independent continuous-speech recognition tasks which people
do with apparent ease current speech recognizers unfortunately perform seriously. Even while
humans take speech recognition for granted and teenagers pick up the skill with little direct
supervision it has proven to be challenging for robots to replicate [2].A series of uttered sounds,
sometimes referred to as phonemes make up speech. Information is transferred from one speaker
to another through speech. It is known as Automatic Speech Recognition (ASR) when the speech

signal is transformed into a meaningful text or message [3].

Speech is the most fundamental effective and common way that people communicate. Worldwide
a wide variety of spoken languages are in use. In order to exchange information, most human
communication occurs verbally [4].Popularly referred to as ASR speech recognition is the process
of using an algorithm carried out as a computer programmed to translate speech signal into a
sequence of words Speech processing is one of the major fields of signal processing and in Speech

recognition area aims at to develop techniques for speech input to a machine [5].

Speech recognition seeks to translate spoken language into text, whereas voice recognition seeks
to identify a particular users voice. Voice recognition is often utilized for audio. Among ASR
techniques natural language processing (NLP) is the most current and sophisticated. We are

already witnessing some incredible outcomes in the form of smart smartphone interfaces like the

1



Siri app on the iPhone and a variety of systems utilized in high-tech and corporate settings, even
if much more effort needs to be done before it reaches its full potential. This type of ASR is the

closest thing to facilitating genuine human-machine conversation.

Speech recognition is the process of converting speech information into text that a computer
system can understand using scientific techniques. This text may then be used to provide a range
of services for either humans or machines. The following modules are typically found in speech
recognition systems the decoder the acoustic extraction processing module the language associated
model and the acoustic related model. The speech recognition systems basic idea is to gather the
characteristic information from the speech information model, use training or other techniques to
create an acoustic model that matches the speech model and then use scientific algorithms to

decode this type of data to obtain the same information as the original [6].

Speech recognition systems receive audio input process it extracts and classify features and output
the results as text. Formats for audio files include.au, .wav and raw audio data. The purpose of
preprocessing is to advance the audio data. It entails feature extraction and segmentation. Speech
signals are separated into frames of 10-30 ms per second during segmentation. Features such as
pith, duration, SNR, and others are retrieved from segmented frames. A number of traits There are
various extraction techniques including MFCC, LPC, PCA and others. An algorithm for

classification is used to train the model [7].

Speech processing has drastically transformed as a result of deep learning capacity to automatically
extract useful features from raw speech signals eliminating the need for human feature
engineering. This discovery has led to significant advances in speech processing performance
particularly in challenging scenarios involving noise and a range of accents and dialects [1]. The
goal of end-to-end (E2E) speech recognition is to transcribe speech into text directly without the
need for any preestablished alignments. In contrast to conventional hybrid approaches which
typically entail intricate multi-stage hand-engineer pipelines E2E speech recognition streamlines
training processes eliminates the need for time-consuming feature engineering and above all
improves performance [8].With the benefit of directly anticipating target sequences from input

speech E2E automated speech recognition ASR systems have made great strides [9].

Modern end-to-end approach on the other hand makes it possible to train and modify components

using deep learning techniques within a single framework. Every component of this approach

2



might be viewed as being more successful than traditional components. The alignment issue is
handled differently by end-to-end speech recognition techniques which integrate it into the

optimization framework [10].

This research aims to create an end-to-end speech recognition model for the Guragigna language

spoken in the Cheha dialect by utilizing deep learning techniques.

1.2. Motivation Of the Study

Communication through speech is a natural aspect of everyday life for the Gurage people. With
the remarkable advances in speech recognition technology today it is essential for the Guragigna

language to adapt to this speech recognition technology.

The lack of prior studies on end-to-end speech recognition for a very low-resource language,
Cheha is one of the main motivations for conducting this study. Guragigna is a Semitic language
The under-resourced nature of the Guragunga language in comparison to other languages is the

driving force behind our research and development of an end-to-end speech recognition model.

Moreover, activating Hands-Free Technology when your hands and eyes are occupied while
driving along with speech recognition is extremely beneficial and supportive for many visually

impaired individuals who depend on screen readers and speech-to-text technologies.

1.3. Statement of the Problem

Cheha is one of the most significant West Gurage dialects. Along with Arabic, geez, Amharic,
Tigriyna, Argobba, Harari, and Gaft, it belongs to the Semitic language family. The Gurage Zone
in Central Ethiopia is home to the primary language, Cheha. Gurage is also spoken by settlers in a
number of Ethiopian cities such as Addis Ababa, Dire Dawa and Hawssa. A 2007 census estimates
that there are roughly 500,000 Chenga native speakers. This statistic excludes a sizable portion of

Cheha speakers who live outside of the Gurage zone [11].

Chenga is one of the guragigna dialects which belongs to Semitic family that is spoken by Cheha
people and the language is transcribed with the Geez script or Ethiopic writing and it has its own
alphabetic character. Cheha dialects have unique phonetic system syllabic structure phonological,
and morphological characteristics. For example, it has a collection of speech sounds that are unique

to it and are not present in other languages [12]. For example, the speech sounds ¢', k', g', X', xw,



pw, bw, fw, and mw is not present from other language. There are not many studies being done
with the Guragigna language these days. Nonetheless several tools have been developed such as a
language keyboard and part-of-speech (pos) labeling. As far as researchers are aware there are
still relatively few studies being done in the field of linguistic natural language processing [13].
For less resource languages speech recognition is essential for preventing extinction. One of the
less resource languages Cheha faces the issue of data source scarcity and some of its phonological

morphological and orthographic features to develop speech recognition research is mandatory.

Speech recognition involves converting long sequences of acoustic features into shorter sequences
of discrete symbols, like words or phonemes. This task is complicated by the differing lengths of
the sequences and the uncertainty of output symbol locations. Consequently, classifiers that predict
targets for each input frame are not practical. Instead, the studied model is a Recurrent Neural
Network (RNN) that doesn’t require explicit alignment. It uses an attention mechanism during
decoding to evaluate input frames against its hidden state, selects relevant frames, and generates a

context vector to update the hidden state and produce the next output symbol [14].

Traditional ASR systems are made up of a lot of different parts and information sources,
particularly speech signal preprocessing, robustness techniques for recording conditions, phoneme
inventories and pronunciation lexica, phonetic clustering, handling of words that are not in the
vocabulary, different adaptation/normalization techniques, complex training schedules with
multiple goals, such as sequence discriminative training, etc. However, deep learning's promise
sparked effective methods for combining previously distinct modeling stages, such as

incorporating feature extraction and speech signal pre-processing into acoustic modeling [15].
rp g p gnal pre-p g g

Voice search and other applications use automatic speech recognition (ASR), a well-established
technology. However, current systems rely on difficult structures like Gaussian mixture models
(GMMs) and hidden Markov models (HMMs). It is challenging for non-experts to create ASR
systems for new languages or applications because of this complexity, which includes manually
created pronunciation dictionaries and text preparation. From beginning to end ASR uses a deep
learning framework with a single-network architecture in an attempt to make this simpler. These
techniques eliminate the need for linguistic understanding and enable easier training by using
simply matched auditory and language data. This method makes it easier to create ASR systems

without specialized skills [16].



A feature extraction module an acoustic model, a language model and a decoder are some of the
various parts that make up traditional speech recognition systems. Large volumes of data and
manual feature engineering are needed for this kind of speech recognition which can be labor-
intensive and time-consuming. In contrast the end-to-end model replaces multiple modules with a
deep neural network realizing the direct mapping of acoustic signals into label sequences without
carefully-designed intermediate states. Besides, there is no need to perform posterior processing
on the output [17]. According to many studies there are three main types in speech recognitions
for end-to-end with encoder-decoder Attention, RNN Transducer and CTC based model

development.

a hybrid CTC/attention model to address misalignment problems in extended sequences and noisy
environments for end-to-end speech recognition. Although it assumes conditional independence,
CTC efficiently computes loss and permits label repetitions. Although the attention-based encoder-
decoder requires human adjustment and suffers from misalignment, it directly maps auditory
frames to characters. CTC/attention successfully utilizes CTC's alignment capabilities to enhance
performance and speed up learning by utilizing a shared encoder trained with both CTC and
attention [18]. We have motivated to do this research because of end-to-end speech recognition is
a hot and an interesting research area We have formulated the following research questions for

these the above problems.

1.4. Research Questions

The following research questions used to find solution for defined problem:

RQI1. Which pre-processing steps best for cheha speech and text dataset preparation for model

training and testing?

RQ2. Which feature extraction procedures best to extract appropriate combination of features from

cheha dialects for model building?

RQ3. Which deep learning Models best performer to build cheha speech recognition model?



1.5. Objective of the Study
1.5.1. General Objective

¢ The general objective is to develop end-to-end speech recognition model using deep

learning approaches for Guragigna language in case of Cheha dialect.

1.5.2. Specific Objective

To achieve the general objective, the specific objectives will be targeted.

¢ To collect speech and text data set from different source of cheha dialect.

% To design speech to text model for cheha dialect using deep learning algorithms.

¢ To extract relevant feature from speech data using feature-extraction techniques and text
transcription encoding with sequence padding.

% To select the best performer deep learning algorithms from RNN models.

% To train the selected model with experimentation and result analysis for the developed
speech to text model.

¢ To test the performance of models on unseen data.

¢ To write the outcomes result, recommendation, contribution, and future directions.

1.6. Scope of the study

The goal of this research to develop model for Guragigna speech recognition (transcribe speech to
text) specifically for the Cheha dialect. This will be achieved by utilizing deep learning techniques
and implementing with an RNN pipeline. This research does not address speech synthesis (text to
speech) and it does not take into account visual information including body language gestures,
facial expression and speech emotion recognition. The source of dataset includes from the bible,
books and wolkite FM radio the merging the file and recording text by 27 native speakers. The

proportions of age and gender have all been included in the data analysis.

1.7. Limitation of the study

The limitation of the study is absence of prior speech and text dataset for the language this is
primary constraint for this research. Consequently, it is difficult to choose terms that were
phonetically balanced as well as to find a volunteer to record their utterances. Since it may be some
of the speakers is under stress and make inconsistent utterances and because the recording

environment chosen will not primarily intended for recording speech it harm the recording data.



Human and environmental factors also have an impact on the outcomes of the experiment. Despite
this limitation our contribution in the area of Natural language processing especially speech
recognition by using deep learning approaches by using available and prepared corpus accurate

and reliable result in speech recognition for the area of Natural language processing.

1.8. Significance of study

Beyond the academic difficulties it presents to qualify as a thesis studying research on Automatic
speech recognition systems for Guragigna is useful. This research opens the door to discover some
of the potential approaches to creating speech recognizer for guragigna. Future studies could build
on this work to better the current man-machine interactions, particularly as they relate to language
speakers. It can be used as an alternate learning and teaching tool for universities research
academies and other interrelated organizations. The results of this study can also be used to create
a fully functional Guragigna speech recognizer. It can also be used for standard automatic speech
recognition tasks including dictation command and control telecommunication and use by

individuals with disabilities.

In general, automatic speech recognition has the following benefits in addition to being a natural
means of interacting with devices like computers phones televisions etc. Accelerates computer
data entry (even for the fastest typists utilizing the speech is far faster than using the ubiquitous
keyboard). Prevents pains associated with typing (such as boring stress injury) and allows for
unrestricted eye and hand mobility when using the same as cannot be said of systems that rely on
keyboards, mice or touch screens for input. Additionally, the proposed end-to-end Speech

Recognition for the Guragigna language help for Aiding the visually impaired person.

1.9. Thesis Organization

This thesis organized into six chapters. In chapter one Background information problem statement,
study objectives, study scope, researcher technique and study importance are all included. The
second chapter reviews the literature including the history methodology and methods of the ASR
system as well as analogous studies that have been conducted both domestically and internationally
before this research. To determine what insights and suggestions they might have for this study
and the Cheha language earlier research has been compiled in connection to one another. The
languages overview phonetics and orthographic writing rules have all been covered. Additionally,

the rules of linguistic syllabification and word creation were discussed. The third chapter describe

7



material and methodologies used in the research including data preparation methodology and that
are use software and hardware tools. In Chapter 4 The design employed in the study including the
feature extraction, analysis, and design procedures is described. In Chapter 5 The experiment and
its outcome are explained Various experiments were carried out in this study and the interpretation
of the results has been explored. In the final chapter the study report findings and suggestions for

future research are covered.



CHAPTER TWO

2. LITERATURE REVIEW

2.1. Introduction

The goal of the developing field of deep learning-based speech recognition is to create self-
sufficient systems that can effectively and reliably transcribe speech into text with little help from
humans. This investigation of the literature offers a thorough summary of the state of speech
recognition today covering its history important models and techniques and most recent
developments. Furthermore, we examine the constraints and difficulties encountered by these
systems and suggest possible directions for further investigation. This review provides thorough
examination of the body of research on end-to-end speech recognition making it an invaluable tool

for scholars and experts interested in this dynamic and quickly developing topic.

2.2. Overview Of Traditional Automatic Speech Recognition

At Bell Telephone Laboratories, Davis, Biddulph, and Balashek developed the first automatic
speech recognition (ASR) system in 1952, which recognized isolated digits from 0 to 9 for a single
speaker. Olson and Belar developed a phonetic typewriter in 1956 that recognized ten distinct
syllables, but this system was also speaker-dependent and required a lot of training [19]. ASR
systems are made especially to deal with certain problems and system design is influenced by a
number of factors and the operational scope of each produced speech recognition system must be
established by taking into account a number of challenges. The modeling units used for recognition
(words, syllables or phonemes) are important considerations. amount of vocabulary (from little to
large) task syntactic complexity (using N-gram language models from simple to complex) task
complexity speaker style (trained, adaptive, independent, or dependent) speaking environment
(such as quiet rooms or noisy settings) and speaking mode (isolated, connected, continuous and
spontaneous). Furthermore, the transmission route and the quality of transducers such as array
microphones, cell phones, telephones and high-quality microphones also play important roles [20].
The essential components of a standard statistical speech recognition system are demonstrated
including the pronunciation lexicon and the required knowledge sources which include textual and
speech training resources. Additionally highlighted are the essential training and decoding

procedures. Following the feature analysis carried out on the audio data through feature extraction



the acoustic and linguistic models produced during the training process function as knowledge

sources throughout the decoding phase [21].

Automatic speech recognition is seen as a series of transformations that convert the fine details of
an audio speech signal into its underlying phonetic structure. Generally, this means that a speech
recognition system performs a transformation from spoken language to written text, where the
output of the system represents the text corresponding to the recognized speech [22]. ASR is a
technology that enables machines to transform speech into written text. ASR is utilized in various
applications such as dictation, voice search, language translation and more. The ASR process
comprises several steps. Initially, the input speech undergoes pre-processing to eliminate
background noise and distortions that may impact transcription accuracy and next speech is
analyzed to detect individual sounds, words and character a process known as acoustic modeling.
This involves using statistical models to align the sounds with recognized phonemes and words.
After that, the identified speech is converted into text through language modeling, where
algorithms predict the most probable sequence of words the speaker intended based on the
identified sounds. Finally, the text output is post-processed to correct any errors and enhance its

readability.

2.3. Overview Of End-To-End Automatic Speech Recognition

A recent advancement in automatic speech recognition is E2E (End-to-end) automatic speech
recognition is based on a neural network and has many benefits. With models that operate at a low
speech frame rate E2E automatic speech recognition is a single integrated solution with a
significantly simpler training methodology. This shortens the time needed for learning and
decoding and enables cooperative optimization with later processing like comprehending natural
language [23]. An important development in the field of automatic speech recognition (ASR) is
represented by end-to-end speech recognition models. Conventional ASR systems usually entail a
multi-stage complex pipeline that includes decoding language modeling and acoustic modeling.
on the other hand, End-to-end models simplify the architecture and eliminate the need for intensive
feature engineering by directly mapping acoustic signals to text sequences [24]. An end-to-end
model converts a series of input acoustic properties straight into a series of graphemes or words.
A system that has been trained to maximize parameters associated with the end evaluation metric

of interest usually in word error rate [25]. The majority of conventional ASR model use separately
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trained language, pronunciation and acoustic model components. It takes time and professional

expertise to define phoneme sets and create pronunciation lexicon for a given language.

Input Speech

Encoder Block

h 4

Decoder Block

.

Output Text

Figure 2.1 End-to-end Speech Recognition

Traditional speech recognition often employs a GMM-HMM acoustic model, while the DNN-
HMM acoustic model distinguishes itself by using deep neural networks rather than the Gaussian
mixture model. This modification enables more effective modeling of the input signal for
probability estimation. Moreover, the input spectral features of the DNN model differ significantly
from those used in traditional methods. Despite the widespread usage of Mel-frequency cepstral
coefficients (MFCC) DNN uses windowing and framing to process sound waves. The DNN model
also considers frame splicing whereas the GMM model simply accepts individual frame properties
as input [26]. Transition to complete end-to-end ASR models have become more popular because
to limitations in standard ASR model especially for low-resource languages. By combining the
entire pipeline into a single neural network these models modernize the ASR process and have the
potential to enhance performance in demanding language contexts [27].The end-to-end framework
for speech recognition involves directly converting the input sequence of acoustic feature vectors
into an output sequence of tokens, which can include phonemes, characters or words [28]. End-to-
End speech recognition approaches address the alignment problem differently incorporating it into

the optimization framework [10].
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2.4. Types Of Automatic Speech Recognition
Speech recognition is categorized into various classes based on factors such as speaker model,

vocabulary, channel, and utterance type, reflecting their ability to recognize speech.

Speaker Dependent Speaker Independent

Enrollment

Isolated Word

— Medium

Automatic Speech
Recognition

Speaker Mode Vocabulary

Large

Figure 2.2 Types of Speech Recognitions

Connected Word

Speaker Style

Spontonouse

2.4.1. Types Of ASR Based on Speech Utterance
A spoken language or vocalization piece that gives the machine a single meaning is called an
utterance. "Utterances can consist of a single word, a few words, a complete sentence, or even

several sentences" [29].
2.4.1.1. Isolated Words

Isolated word recognition is the process of recognizing a unique speech signal as a single word
when the output is unambiguous and the signal is clearly segmented. For all possible hypotheses,
this recognition mostly depends on the auditory models with little to no reliance on language
models. Isolated word recognizers can only process one utterance at a time since they usually
demand silence on both sides of the sample window for each utterance. These systems frequently

use "Listen/Not Listen" statuses, which require the speaker to pause in between sentences [4].
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2.4.1.2. Connected Words

While connected word systems, or more precisely connected utterances, are comparable to isolated
word recognition, they allow distinct utterances to be uttered consecutively with only a brief delay

in between.
2.4.1.3. Continuous Speech

The next development in speech recognition is continuous recognition. Since continuous speech
recognizers need specific methods to detect utterance boundaries, creating recognizers that can
handle continuous speech is especially difficult. Users can speak almost naturally as the computer
analyzes their words thanks to continuous voice recognizers. This feature is essentially similar to

computer dictation.
2.4.1.4. Spontaneous Speech

The final kind of utterance-based speech recognition system is the spontaneous speech recognition
system, which can identify natural speech. Speech typically comes out of the mouth abruptly with
this kind of speech recognition system, and mispronunciation may occur. A discussion between

two or more people might serve as a good illustration of this kind of speaking [30].

2.4.2. Types of ASR based on size of Vocabulary

A speech recognition system's accuracy, complexity, and processing demands can all be impacted
by the amount of its vocabulary. Different vocabulary sizes small, medium, large, or extremely
large may be required for different applications. In particular, a short vocabulary is between one
and one hundred words, a medium vocabulary is between one hundred and one thousand words, a
large vocabulary is between one thousand and ten thousand words, and a very large vocabulary is

more than ten thousand words.

2.4.3. Types of ASR based on Speaker Model

All speakers possess distinctive voices shaped by their unique personalities and physical
characteristics. Consequently, speech recognition systems can be broadly classified into three
categories: speaker-dependent, speaker-independent, and adaptation-based systems, which adjust

according to the specific model of the speaker.
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2.4.3.1. Speaker Dependent models

By using speaker-dependent data to customize their recognition abilities for each speaker, speaker

adaptive speech recognition systems effectively reduce error rates [4].
2.4.3.2. Speaker Independent models

One kind of ASR intended to identify speech from a wide range of speakers is speaker-independent
systems. Although different voices can be accommodated by these systems, their development is
frequently more difficult and expensive. Because each speaker has distinct speech features and
because individual representations of speech parameters can differ greatly, their accuracy is

typically lower than that of speaker-dependent systems.

2.5. Approaches To Automatic Speech Recognition

ASR systems can be divided into groups according to various methods. These methods can be

broadly divided into three categories.

2.5.1. Acoustic phonetic Approach

The foundation of the acoustic phonetic method is the sound waves generated by the vocal organs
of humans during speech. This approach shows that there are only a limited number of unique
phonetic units in spoken language. These phonetic units are classified according to a set of speech
signal characteristics, including strength, frequency, and duration, which aid in recognizing and
distinguishing different speech sounds [31]. The acoustic phonetics hypothesis, which holds that
spoken language is made up of distinct, limited phonetic units, is the foundation of the acoustic
phonetic approach. Specific acoustic properties of each of these phonetic components emerge
gradually in the speech signal or its spectrum. This technique's initial step involves both feature
identification and speech spectrum analysis. Through this procedure, the spectral data is
transformed into a collection of features that specify the general acoustic properties of different
phonetic units. The speech signal is split up into stable acoustic regions in the next stage, which
is called segmentation and labeling. The speech's phoneme lattice is then effectively described by
assigning one or more phonetic labels to each divided region. More precise spoken language
recognition based on its auditory characteristics is made possible by this methodical technique

[32].
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2.5.2. Pattern matching Approach

Pattern recognition, also known as pattern matching is the second strategy used in ASR systems.
Pattern recognition is the process of measuring the similarity between an unknown test pattern
categorized from a trained model and its reference class pattern. This approach's key features
include a well-designed mathematical framework, robustness and invariance to various user
speech vocabularies, and a collection of algorithms for feature extraction and pattern comparison.
This feature enables it to use training methods to create a consistent representation of speech
patterns. Since the previous couple decades, this technique has taken the lead in voice recognition.
The pattern recognition approach contains two sub approaches: the stochastic approach and the

template approach.
2.5.2.1. Template Based Approach

The word "template" is frequently used to refer to two essentially distinct ideas: either the
representation of a single speech segment with a known transcription or an average of several
distinct speech segments. The DTW algorithm allows for the comparison of both kinds of
templates with a speech input segment. It has a tag with meta-information, a transcription of the
sounds or words it represents, a series of successive acoustic feature vectors, and knowledge about
nearby templates [33]. template-based methods, where the best match is found by comparing an
unknown speech to a list of prerecorded words (the template). This has the benefit of employing
word models that are fully exact, but it also has the drawback that because the prerecorded
templates are fixed, it is only possible to simulate speech variances by utilizing numerous
templates per word, which eventually becomes impracticable. It soon becomes clear that the
traditional DTW algorithm, which uses the Euclidean distance as a local distance metric in
conjunction with a straightforward beam search, will not work well for the practical
implementation of template-based recognition, either computationally or in terms of performance.
Dynamic temporal warping (DTW) for speech pattern matching is the foundation for the
development of isolated word speech recognition systems. To ensure that the input speech and
reference templates have the same phoneme positions, the DTW procedure nonlinearly expands

or contracts the time axis.
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2.5.2.2. Stochastic Approach

The process of choosing a series of non-deterministic choices from sets of options is referred to as
stochastic. In order to handle ambiguous or partial information derived from speech signals from
various sources, including confusable sounds, speaker variability, contextual effects, and
homophones, the stochastic approach uses probabilistic models. The state of the art in speech
recognition at the moment is the stochastic technique. The following stochastic techniques are
employed in the construction of the ASR system in the state-of-the-art speech recognition
technology.

2.5.2.2.1. Discriminative learning-HMM-ANN

Neural network-based discriminative training offers a natural and effective way to evaluate a
speech segment's probabilities. This kind of method is rarely utilized for continuous speech

recognition, but it works best for small speech units like single words and phonemes [5].
2.5.2.2.2. Generative learning-HMM-GMM

Conventional speech recognition system uses HMM-GMM approach to represent sequential
structure of speech data. In the HMM-GMM, the spectral representation of sound wave is model

by GMM and the short-term stationary speech or phone sub segment signal associated to HMM

state. then using a sequence of HMM state and GMM observation probability, the speech
recognition problem is model. state of art system uses this approach to achieve a good
performance. HMM-GMM model can be trained automatically, easy and computational feasible
to use. But GMM model statistically inefficient to model data on or nearly manifold in the data

space [6].
2.5.2.2.3. Deep learning HMM-DNN

Deep learning, also known as representative or unsupervised learning, is a popular speech
recognition technology that can effectively take the place of GMM in ASR systems. The first type
of deep learning, such as the deep auto-encoder or the deep Boltzmann machine, is designed to
describe the correlation property of data. The third is a combination of these two types, whereas
the second is meant to offer discriminative power of pattern classification utilized for speech

coding, such as tandem ML.
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2.5.3. Artificial intelligence Approach

It combines the phonetic method of acoustics with the pattern recognition approach. Examples of
artificial intelligence approaches are Deep Neural Networks (DNN) and Recurrent Neural
Networks (RNN) [7]. It combines the pattern recognition technique with the phonetic method of
acoustics. Recurrent neural networks (RNN) and deep neural networks (DNN) are two examples

of artificial intelligence techniques [32].

2.6. Deep Learning with Speech Recognition

In artificial intelligence, speech recognition has always been a difficult subject. Variability in
speech patterns, background noise, and accent variances are only a few of the numerous obstacles
that must be overcome. However, these difficulties have been somewhat lessened with the
development of deep learning. We are now able to create speech recognition algorithms that are
more accurate and dependable because in deep learning. One area of study within machine learning
is deep learning. It is comparable to the creation of artificial neural networks. In essence, it is a
technique for training deep structural models and an algorithm for representing intricate
relationships between data over several layers. It is currently employed in social filtering, machine
translation, and speech and picture recognition. The majority of the learning algorithms used
today, including regression and classification, fall under the deep structure of the model, while the
GMM, HMM, support vector machine, and multi-layer perceptron models fall under the shallow
structure. The most popular classification model is this one, and the shallow structure's shared
characteristic is the input signal and features can be converted to the feature space of a specific
problem using this straightforward structure. A common characteristic of shallow structures is
their ability to convert input signals and features into the feature space of a particular problem
using a simple structure. However, complex functions are challenging to express and their

processing of natural signals (such as natural images or human speech) has certain limitations [34].

Speech recognition involves the process of converting spoken words into text. There are two main
approaches to speech recognition: acoustic modeling and language modeling. Acoustic modeling
involves the use of statistical models to represent the relationship between speech signals and the
corresponding phonemes or words. Language modeling involves the use of statistical models to

represent the relationship between words in a sentence.
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2.6.1. Language Modeling with Deep Learning

To improve the comprehension of words from the anticipated characters, language models are
incorporated into the end-to-end character-based ASR model. The character-based ASR model
may create a correlation between the specified character classes and spaces after learning various
sounds and characters. By transforming the anticipated characters into pre-existing words, a
language model enhances the ASR model. A language model enhances the current ASR model
with word understanding and natural language processing (NLP). Deterministic and statistical
models are the two categories of language models. In NLP, deterministic language models which
are based on grammatical rules are less prevalent. Statistical language models, which are employed

in NLP, use the likelihood that a word sequence will occur based on earlier words [35].

2.6.2. Acoustic Modeling with Deep Learning

Deep learning-based techniques like connectionist temporal classification (CTC) and the deep
neural network-hidden Markov model (DNN-HMM) have significantly advanced the field of
acoustic modeling (AM). HMM models have been extensively studied in ASR research offering a
reliable framework for mapping audio signals to phonetic units. On the other hand, CTC provides
an end-to-end training approach that just needs the input and output sequences doing away with
the necessity for pre-alignment. Further increasing the adaptability and effectiveness of speech
recognition systems is the sequence-to-sequence (S2S) model which has demonstrated efficacy in
handling ASR tasks without the need for a language model (LM) or pronunciation dictionary
[36].The act of converting an audio source into a string of phonemes or words is known as acoustic
modeling. Estimating the probability of a phoneme or word from the audio input is the primary
goal of acoustic modeling. Deep neural networks or Hidden Markov Models (HMMs) are typically
used to do this. Because deep neural networks can learn to extract features from audio inputs and
link them with phonemes or words they have shown efficacy in acoustic modeling for speech
recognition. Convolutional neural networks (CNNs) and recurrent neural networks (RNNs) are the
two most common forms of deep neural networks used in speech recognition [17]. Speech
recognition systems that use standard pipelines still only use deep learning algorithms to a limited
extent. For collaborative training the end-to-end model combines several components of
conventional speech recognition including the language model pronunciation lexicon and acoustic
model, into a network. Without meticulously planning the intermediate state the end-to-end model

achieves a direct mapping of the input sound sequence to the label sequence drastically simplifying
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the training procedure and lowering the computational cost. This integration is also used in low-
resource speech recognition since it lessens the reliance on prior expert knowledge and

circumvents the problem that.

2.7. Model used in End-To-End Speech Recognition
2.7.1. Convolutional Neural Networks (CNN)

CNN is a kind of neural network that works especially well for processing speech and picture input
convolutional pooling and fully connected layers are some of the layers that make up the CNN
architecture. The speech signal which is a continuous waveform is the input for speech recognition.
The short-time Fourier transform (STFT) method is used to convert the waveform into a
spectrogram. The CNN architecture is then used to extract and classify features from the
spectrogram. The central part of the CNN design is the convolutional layer which extracts local
information from the input signal by performing a convolution operation. A feature map is created
by each convolutional layer’s numerous filters sliding across the input signal. By lowering the
feature maps dimensionality, the pooling layer aids in avoiding overfitting. All of the neurons from
the preceding layer are connected to the output layer which generates the final output by the fully
connected layer. A CNNs design is made up of multiple filter layers applied to an input signal.
Every filter creates a matching output signal after extracting a certain feature from the input signal.
Higher level features are then extracted from the output signals by passing them through an
additional layer of filters. The output is then processed through a fully connected layer to create
the final output when this procedure is completed and the highest-level features have been removed
and input signal for end-to-end speech recognition is a voice waveform, which is usually
preprocessed to create a spectrogram. After that the spectrogram is fed into the CNN which
hierarchically extracts characteristics from the input signal After passing through a decoder the

CNN's output is mapped to a transcript [17].

Convolutional neural networks are a particular kind of deep neural architecture that consist of one
or more pairs of alternating convolutional and pooling layers. A convolution layer applies filters
that process small local sections of the input and these filters are replicated over the input space.
A pooling layer lowers the resolution of convolution layer activations by selecting the greatest
filter activation inside a specified window and moving across the activation map. CNNs have a

grid like layout and are widely utilized for data processing. They are variants of neural networks
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that are fully connected. Examples of grid-like structures are time-series data (1D grid) with
samples at regular intervals or images (2D grid) with pixels. The spectrogram representation shows
highly important frequency and temporal relationships. Because of its characteristics the
spectrogram is a useful input for a CNN processing pipeline that must preserve locality in both the
frequency and time axes. CNNs will be helpful in speech signal modeling of local correlations and
the CNNs can also effectively extract the structural elements of the spectrogram and streamline

the model by sharing weights [1].

2.7.2. Recurrent Neural Network (RNN)

A recurrent neural network is a kind of network that uses a series of prior or subsequent states to
predict a future element this can be viewed as a type of memory that considers context rather than
the input signals current state and an expertly trained recurrent neural network may forecast the
subsequent transcripts in a phrase or a sentences continuation with certain number of layers with
recurrent neural network cells make up these recurrent neural networks [37]. DNNs have the
disadvantage of requiring a fixed dimensionality vector and a corporation mapping of sequential
data is not always possible in a general sense and architectures that are specialized in modeling the

data per timestep such as LSTM and RNNs have emerged [38].

All of the hidden layer’s outputs are fed back to the input layer in the RNN three-layer network
topology. With the outputs of the hidden layer at any one time being impacted by a complicated
combination of all previous inputs this kind of RNN operates as a dynamic system. This feature
helps distinguish between different speech patterns by enabling it to efficiently capture the
dynamic features of the incoming speech signal [39]. RNNs are very good at processing sequential
data in end-to-end training of RNNs for sequence labeling tasks is made possible by methods such
as Connectionist Temporal Classification even in situations where the input and output alignment
is unknown [40]. By preserving an internal state or memory of previous inputs RNNs are a kind
of neural network that can process sequential data. For jobs involving sequential data such
language modeling translation and speech recognition this makes them especially helpful. RNNs
fundamental concept is to use the previous steps output as the input for the current phase which

enables the network to identify temporal dependencies in the data.
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2.7.2.1. Long Short-term Memory (LSTM)

In 1997 Hochreiter and Schmid Huber developed LSTM. Researchers made it popular and widely
used by improving it and using it to solve a wide range of important problems in a variety of
industries. Its application has also grown. LSTM is a robust type of RNN which is one way to
address the problem of long-term dependence in recurrent neural networks [41]. In speech
recognition tasks LSTM, a type of RNN has been widely used. Speech signals might differ due to
accents background noise and speaking styles making speech recognition challenging. By
maintaining long-term information and recognizing the temporal correlations in speech signals
LSTM can overcome these challenges [3]. Networks of Long Short-Term Memory Sequence
prediction issues have existed for a while. In the field of data science, they are regarded as one of
the most challenging issues to resolve. These involve a variety of issues such as forecasting sales
identifying trends in stock market data comprehending movie plots identifying your speech

patterns translating languages and anticipating your next word on the iPhone keyboard.

Long-term and short-term time dependency issues are specifically avoided by LSTM architecture.
Long-term memory retention or forgetfulness is essentially their default behavior [42]. During
speech recognition LSTM usually receives a series of acoustic features like MFCC or log Mel
filter bank energies as input. The spectral characteristics of the speech signal are represented by
features extracted from the raw audio signal. The LSTM analyzes the series of acoustic
characteristics and generates a series of likelihoods for each phoneme or word in the speech signal.
One more benefit of LSTM is its capacity to grasp extended relationships in speech signals. Speech
signals contain a temporal organization and knowledge from previous frames may aid in
forecasting the present frame. LSTM has the ability to capture these relationships and utilize them
to enhance the precision of speech recognition. LSTM has been applied in different speech
recognition activities such as phoneme identification word identification and converting speech to
text. The objective in phoneme recognition is to categorize each section of the speech signal into
a specific phoneme of the language. LSTM has been proven to be more effective than traditional
HMM-based models in phoneme recognition tasks. The buried layers distinct segments referred to
as memory blocks make up the basic structure of LSTM. Cells and input and output gates make
up the first kind of LSTM block. A forget gate that will enable LSTM to modify its state was

established in order to overcome a constraint in the standard structure of LSTM [3].
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Although the input and output gates regulate the reading of inputs from the feature vector x; and
writing of output to ht respectively the "forget gate" ft resets the cell variable making the stored
input ct "forgotten”. The gates control the memory blocks activity while the "forget gate" balances
the data within the cells so that it will reset the states of the various cells once previously stored
information is no longer relevant for some of them. By forcing cells to forget their prior states
"forget gates" also allow for continuous prediction while limiting prediction biases. An LSTM
block computing procedure operates as follows Only when allowed by the input gate are input
values kept in the cell state. The following formula is used to determine the value of the input gate

and the candidate value for the memory cell ¢; at time step t is calculated as follows.

f, = o(wg[hy —1,%¢] + by) (D)
i = o(wilhy — 1,%¢] + bj) (2)
¢ = tanh (w.[h; — 1,%x¢]) + b, (3)
ce =fr*xce— 1+ i *C (4)
oy = o(wplhy — 1, %] + byg) (5
h, = o, * tan h(c,) (6)
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2.7.2.2. Bi-directional Long Short-term Memory (BILSTM)

By taking into account both past and future context in sequence modeling tasks, Bidirectional Long
Short-Term Memory (BILSTM), an extension of the LSTM architecture, overcomes the drawbacks
of conventional LSTM models. BILSTM gets around this restriction by training the model in both
forward and backward directions, whereas conventional LSTM models only process input data in

the forward direction [43].

Bidirectional Long Short-Term Memory (BILSTM) is a modified version of the conventional
LSTM design and is commonly applied in speech recognition assignments. BILSTM is very
effective for capturing extended dependencies in speech signals by analyzing the input sequence

in both forward and backward directions.

In classic LSTM, the input features' sequence is handled in a unidirectional manner, either from
past to future or from future to past. Nevertheless, this one-way processing might overlook crucial
data that is found in the reverse direction. BILSTM tackles this problem by handling the input

sequence in two directions, allowing it to capture long-term dependencies in both directions. The
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basic architecture of a BILSTM cell consists of two LSTM layers, one processing the sequence in
the forward direction and the other processing it in the backward direction. The output of each
Multiple layers is joined together to create the ultimate result of the BILSTM cell. The weights of
both LSTM layers are acquired through backpropagation during the training process. BILSTM has
been proven to enhance the precision of speech recognition assignments by capturing long-range
dependencies in forward and backward directions. BILSTM can enhance phoneme and word
recognition accuracy by analyzing the input sequence in forward and backward directions,

allowing for better context understanding in the speech signal.

BILSTM has demonstrated superior performance over conventional unidirectional LSTM and
HMM models in phoneme recognition tasks. BILSTM can improve its ability to understand the
variations in speech signals due to various speaking styles, accents, and background noise by
considering long-term connections in both directions. BILSTM has been utilized along with
Language Models (LM) in speech-to-text transcription to enhance transcription accuracy. BILSTM
is able to enhance the accuracy of transcribing sentences of varying lengths by capturing long-term
dependencies in both directions and effectively modeling the variability in speech signals. An
obstacle in utilizing BILSTM for speech recognition is the higher computational expense caused
by analyzing the input sequence in two directions. Yet, this issue can be reduced by implementing

methods like batch normalization and dropout.
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2.7.2.3. Gated Recurrent Unit (GRU)

Cho et al. initially suggested GRU as a way to get the recurrent unit to capture the long-term
dependence. The GRU features a gating mechanism to adjust the information flow through the unit
just like the LSTM unit [44]. Compared to LSTM, GRU has a simpler internal structure and
requires fewer calculations making it easier to train. There are two main methods used to
accomplish these simplifications. The update gate is the result of combining the input and forget
gates into one single gate. The concealed state and the internal cell state are combined [45]. The
vanishing gradient issue of a typical recurrent neural network is intended to be resolved by GRUs.
It operates by means of an update gate and a reset gate. For some smaller datasets GRUs perform

better than LSTM. GRUs require less data to generalize and can be trained more quickly [46].

The GRU shields a recurrent neural network from the vanishing gradient issue just like LSTM
does. In certain situations, GRU is a condensed form of the LSTM cell has been demonstrated to

provide outcomes comparable to those of LSTM. However, because GRU does not have an output
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gate it requires less computing power. It has a single memory vector rather than two distinct ones.
Thus, the same location is used to store both short-term and long-term memory. It just has a single

update gate rather than an input and a forget gate [37].

Sequential data is learned using a GRU. GRU, which comprises of two gates the reset gate and the
update gate manages the input weights to solve the vanishing gradient that exists in RNN. The
reset gate is in charge of figuring out how much historical data should be discarded. The update
gate is in charge of deciding how much historical data should be sent to the current memory the
final memory and the future at any given moment [47]. As a result, compared to LSTMs, GRU
contains a few fewer parameters. Because GRUs are easy to employ they save memory or
calculation time and are frequently utilized in sequence learning applications. In certain, the
standard GRU architecture is defined by the following equations, where rt and zt are the vectors

of the reset and update gates respectively, while ht represents the state vector for the current time

frame t.

z¢ = o(w,x; + uhy — 1+ b,) (D
re = o(wyxy + urhy — 14+ b;) (2)
he = tanh (wpx¢ +uy (hy =1 O 1) + by) (3)
he=z O hy =1+ (1 -2) O he ©)

The “(©” function denotes Element-wise multiplications. The activation functions of both gates
are logistic sigmoid c. By this way, z, and rare constrained to take values ranging from 0 and 1.
The candidate state A, is processed with a hyperbolic tangent. The current input vector x; (e.g.
speech features) feeds the network and the matrices, w,, w,., wy, (the feedforward connections) and
u,, U,, uy(the recurrent weights) represents the parameters of the model. Trainable bias vectors,

b,.b, and by, are added before the nonlinearities are applied [48].
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2.7.2.4. Bi-directional Gated Recurrent Unit (BIGRU)

A Bidirectional gated recurrent unit (BIGRU) is a sequence processing model made up of two
gated recurrent unit one processes the input in the forward direction while the other does so in the
backward direction. It functions as a bidirectional recurrent neural network, utilizing only the input
and forget gates. Bidirectional GRUs use both forward and backward hidden layers to process data
in both directions. The number of free parameters doubles in comparison to the unidirectional case.

The output is therefore a concatenation of the results from both directions [49].

The temporal features will be obtained using two layers of the BIGRU. The last layer generates a
character probability for each time step after the first BIGRU layer absorbs the characteristics that
collected [50]. By combining past and future contexts in sequential modeling problems the BIGRU
enhances the traditional GRU architecture. The BIGRU handles input sequences both forward and
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backward unlike the traditional GRU which only handles forward input sequences. This is
accomplished by using two concurrent GRU layers, one of which processes the input data in

reverse and the other forward [43].

jmﬁ'

Hizh revenant features

speach feahars
Inpursz
CHMM layers
] —

Figure 2.6. Bigru Architecture

2.8. Overview Of Guragigna Language

Guragigna has a phonological system that includes seven vowel phonemes and a wide variety of
consonants. The language permits clusters of consonants in both start and ending places as well as
complicated syllable patterns. The penultimate syllable usually receives the most stress, and

intonation is crucial to meaning.

Guragigna has a primarily subject-verb-object word order noun and verb conjugation and adjective

agreement with nouns. Originally written in the Geez script the language is now frequently written
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in the Ethiopian script or abugida. For the Gurage people Guragigna is sociocultural significant

since it is entwined with their identity customs and traditional stories [51].

Cheha is written using the Geez (Ethiopic) script which was initially created for the now-extinct
Geez language and is currently used for Amharic and Tigrinya. Although there are limited texts in
Cheha the script has been adapted with modified characters to represent palatalized consonants
absent in Geez, Amharic and Tigrinya such as the addition of wedges at the tops of letters. This
adaptation originated with the Ethiopian Bible Society's publication of the New Testament and
later extended to the full Bible becoming widely accepted.

The phonetic structure of Cheha is typical for Ethiopian Semitic languages featuring plain
voiceless and voiced consonants as well as the common ejective consonants. However, Cheha
distinguishes itself from many other Ethiopian Semitic languages by having a larger inventory of

palatalized and labialized consonants.

In addition to the standard seven vowels, Cheha includes open-mid front (¢) and back (o) vowels.
Some dialects have nasalized vowels while others exhibit both long and short vowel sounds [52].
The phonetic details of Cheha are complex and while this article uses a modified system for
representing its sounds which is popular among linguists studying Ethiopian Semitic languages it
does diverge slightly from traditional International Phonetic Alphabet (IPA) conventions. Any

variations from the IPA symbols are noted in the accompanying charts.
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Table 2.1 Cheha Consonants

Labial Velar
Dental | Postalveolar | Palatal Glottal
plain | round plain | round
Nasal m mvY n
voiced | b bv d dz (&) g |8 gv
Plosive/ | voiceless | p pv t tf (&) c(kv) |k kv
Affricate
ejective e (1) k) [k kY
(ky | <kv)
voiced z 3 (2)
Fricative
voiceless | f v S J(8) c(x¥) |x XV h
Approximant B, 1 j{y) W
Rhotic r
Table 2.2 Cheha vowel
Front Front Front
Central Central Central
Back Back Back
High i i (9) u
High-mid | e 0
Low-mid | ¢ e (4)
Low a
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2.9. Related Works

End-to-end speech recognition is a technique where the whole pipeline from the acoustic signal to
text output is modeled using a single neural network, without the need for any intermediate feature
extraction or language modeling steps. This approach has gained significant popularity in recent
years due to its simplicity and effectiveness. In this literature review, we have discussed about

speech recognition generally and the recent advances in end-to-end speech recognition research.

2.9.1. ASR for non-Ethiopia language

According to [53]in this research, the authors demonstrate Automatic Speech Recognition (ASR)
for low-resource languages, specifically focusing on Tamil. They present a method to develop a
speech recognition model with minimal resources using the Mozilla Deep Speech architecture.
Their results show that the ASR model achieves an impressive Word Error Rate (WER) of 24.7%,
significantly outperforming Google’s speech-to-text service, which has a WER of 55%.
Additionally, they illustrate a semi-supervised approach to developing a speech corpus using their
trained ASR model, highlighting a cost-effective method for building a large vocabulary corpus
for low-resource languages. Furthermore, the trained Tamil ASR model and the associated training
sets have been released into the public domain and are available on GitHub, promoting

accessibility and further research in this area.

According to [54] presented a novel end-to-end speech recognition model named Conformer,
which combines convolutional neural networks (CNNs) with transformers. This advanced
architecture includes a convolutional layer before the transformer layers, improving the model's
capacity to identify local audio patterns. The Conformer model attained state-of-the-art results on
major benchmarks, such as LibriSpeech and WSJ, showcasing its efficacy in automatic speech

recognition applications.

2.9.2. ASR for Ethiopian language

As mention in [11] In this study, the authors developed a syllable-based speech recognition system
for the very low-resource language, Cheha, exploring the use of CV (consonant-vowel) syllables
as acoustic modeling units. They employed Gaussian Mixture Models (GMM) alongside
unilingual and transfer learning deep neural network (DNN) models. The experimental results
indicate that the syllable-based unilingual DNN and transfer learning DNN models significantly

outperform the corresponding GMM and unilingual DNN models, with absolute performance
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improvements ranging from 2.8% to 3.09% and 1.07% to 4.94%, respectively. The best-
performing syllable-based recognizer utilized a shared hidden layer (SHL) time delay deep neural
network (TDNN) model, achieving a word error rate (WER) of 23.11%. These findings suggest

that CV syllables are effective acoustic units for developing speech recognition systems for Cheha.

A key drawback of the syllable-based approach, compared to end-to-end speech recognition, is its
reliance on more manual intervention in system design. The syllable-based method requires
training separate acoustic models for each syllable in the Guragunga language, which involves
significant effort in creating and labeling training data, as well as designing the system architecture

to accommodate these individual models.

In contrast, end-to-end speech recognition systems are designed to learn directly from the raw
audio waveform, eliminating the need for manual feature extraction or separate models for
different linguistic units, such as syllables. This makes end-to-end systems more flexible and easier
to adapt to various languages or speech tasks. Consequently, while the syllable-based approach
may offer certain advantages in specific contexts, it is often less efficient and more labor-intensive

than end-to-end methods.

According to [12] his paper investigates automatic speech recognition systems for the very low-
resource language Cheha, utilizing multilingual deep neural network (DNN) modeling methods
under sufficient training corpus conditions. The authors explored various basic and rounded phone
unit-based speech recognizers, discovering that all multilingual models significantly outperformed
their unilingual counterparts, with performance improvements ranging from 5.47% to 19.87% for
basic phone units and 5.74% to 16.77% for rounded phone units. Notably, the rounded phone unit-
based multilingual models surpassed the basic phone unit-based models, demonstrating relative
performance gains of 0.95% to 4.98%. These findings suggest that multilingual DNN modeling
methods are effective for developing Cheha speech recognizers, with both basic and rounded
phone acoustic units being viable for constructing the ASR system, although the rounded phone

unit-based models exhibited superior performance and faster recognition speeds.

Despite these advantages, the phone-based approach has limitations, particularly in its potential
inability to adequately capture long-term dependencies and context in speech. In contrast, end-to-
end systems can model the entire input sequence directly, allowing for more accurate context

modeling, which may enhance the overall performance of speech recognition systems.
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According to Azmeraw Dessalegn [32] The research titled "Syllable-Based Speaker Independent
Continuous Speech Recognition for Afan Oromo" focuses on developing a Hidden Markov Model
(HMM)-based automatic speech recognition (ASR) system using the HTK toolkit, incorporating
both phone-based and syllable-based models. The phone system aids in creating a pronunciation
dictionary and voice transcription. HMM-based ASR systems typically demand extensive feature
engineering, which can be labor-intensive and require domain expertise, whereas end-to-end
systems learn relevant features directly from the input data, enhancing efficiency and effectiveness.
HMM systems model the probability distribution of state sequences based on the input, operating
under the assumption of conditional independence, which may limit their ability to capture long-
term dependencies and contextual nuances in speech. In contrast, end-to-end systems can model
the entire input sequence directly, allowing for more accurate context modeling and improved

overall performance in speech recognition tasks.

According to Tsegaye Abebe [22] The study investigated the feasibility of creating an automatic
speech recognition system for the Ge'ez language using the Sphinx 4 trainer and hidden Markov
modeling (HMM). Due to the absence of a prepared Ge'ez corpus, the researchers developed their
own text and speech corpora, selecting audio from seven speakers to create 4,818 training
sentences and 433 testing sentences. To evaluate the system, two experiments were conducted
employing different language models and testing techniques (online and offline). However, the
approach by Tsegaye Abebe has several drawbacks compared to end-to-end speech recognition.
Firstlyy, HMMs for acoustic modeling require manual feature engineering, which is time-
consuming and limits the system's adaptability to new data. Secondly, the lack of a large and
diverse Ge'ez speech corpus could hinder accurate recognition across various contexts, such as
different speakers or environments. Thirdly, using separate language models for each experiment
may not be optimal, as an end-to-end system could simultaneously optimize the language and
acoustic models. Additionally, the reliance on a pronunciation dictionary poses another limitation

that the current research aims to avoid.
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Table 2.3 Summary of Related Works

Citation | Author Title Objectives Tool Dataset | Result Research gaps
[55] Mohamed End-to-End They present a | they use six-layer | they 24.7% WER They use
Hashim Speech method to RNN for deep used 100 public dataset
Changramp | Recognition of | develop speech | speech, CTC for hours rather than
adil, A. Tamil recognition alignment and speech Tamil local
Shahina, M. | Language. model with MFCC feature dataset. dataset and
Badri minimal extraction. they are not
Narayanan resources using used Attention
and A. Mozilla Deep mechanism to
Nayeemulla Speech train and test
Khan architecture. purpose.
(2022).
[17] Yohannes Large Scale To develop an they use RNN, 20 hour | achieving a They are not
Ayana and Speech end-to-end CTC for alignment | read WER of 2%. used encoder
Tesfa Recognition speech and Spectrogram speech decoder with
Tegegne for Low recognition feature extraction, | data. attention.
(2024). Resource model. CNN to select high
Language level features.
Ambharic, an
End-to-End
Approach
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[56] Abdinabi Automatic End-To-End they use RNN, Used Achieved a They use only
Mukhamadi | Speech Deep Neural CTC for alignment | Uzbek word error rate | LSTM from
yev, Ilyos Recognition Network- and Mel- languag | of 14.3% using | RNN models
Khujayarov, | Method Based | Hidden Markov | Spectrogram e corpus | CTC+ what about
Oybek on Deep Model and a feature extraction, | with 207 | Attention. other models to
Djuraev and | Learning hybrid (CTC)- | CNN to select high | hours of compare and
Jinsoo Cho | Approaches for | attention. level features recordin contrast the
(2022). Uzbek gs. result of WER.

Language.

[57] Alsayad, Arabic speech | Investigated They used Mel- 7 hours | CNN-LSTM They use
Abdelaziz, | recognition end-to-end deep | Frequency of with attention | conventional
A. using end-to- learning for Cepstral modern | reduces WER | ASR not fully
Abdelhamid | end deep discretized Coefficients standard | by 5.24% RNN for End-
, Islam learning. Arabic ASR. Conventional ASR | Arabic | End-to-end to-end
Hegazy, and with Kaldi toolkit, | speech. | achieve 5.66 Approaches.
ZakiT. RNN-LM. CER and 28.48
Fayed. WER.

(2021). DNN achieves
33.72 WER.
End-to-end to develop a We have used 15-hour | We have We used RNN

Our proposed work Speech model that used | spectrogram speech achieved model like

Recognition to subscribe feature extraction | corpus. | CNN-BIGRU | Istm, BILSTM,
for Guragigna | Guragigna with CNN to select WER 2.5%. GRU, and
language in language in high level features, BIGRU to
case of Cheha | cheha dialect RNN model with enhance the
using Deep into a computer- | Attention in CTC model with
learning understandable | loss function Attention for
Approaches. text by using architecture. experimental
deep learning analysis.
approaches.

35




2.10. Summary Of Related Work

In conclusion, this review of the literature observed a number of aspects of speech recognition
with an emphasis on both suggested end-to-end models and conventional speech recognition
systems. The majority of the studies under review allocated with various kinds of language ASRs
which usually use traditional pipelines to transcribe spoken language into text. Traditional ASRs
do have some serious disadvantages though such as requiring a lot of human labor taking longer
to process and having a higher chance of mistakes. Many of the problems with classic ASRs like
alignment problems are intended to be addressed by our suggested paradigm. The end-to-end
method increases overall efficiency by reducing time consumption and the need for additional
human resources by allowing spoken words to be converted directly to text without the use of
intermediary processes including Attention/CTC layer for decoding purpose not only CTC loss
function. In the field of NLP this suggested approach exhibits a great deal of promise for raising

the precision and effectiveness of speech recognition systems.
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CHAPTER THREE

3. MATERIALS AND METHODS

3.1. Introduction

In this chapter, we provide a comprehensive overview of the approaches, methods, tools, and
techniques employed in the research on Cheha speech recognition. The study follows a structured
framework to achieve both general and specific objectives, encompassing steps such as data
collection of audio samples and transcripts, conducting a literature review of relevant studies,
implementing specific methodologies tailored for Cheha speech processing, and preparing a
comprehensive annotated corpus. Additionally, the research includes data preprocessing, training
and testing the proposed speech recognition model, developing a working prototype, and
validating the model's effectiveness. This chapter also offers an in-depth analysis of the techniques
and algorithms utilized in constructing the speech recognition model while investigating the
linguistic characteristics of the Cheha language to enhance our understanding of its phonetic and

phonological structures in the realm of speech recognition.

3.2. Proposed Approach

To develop an end-to-end speech recognition model for the guragunga languages in case of cheha
dialect first collect a speech and text corpus from various sources and then it is essential to review
existing literature on automatic speech recognition to know the research gap and to give a solution
for those problems. The next steps involve recording, segmenting, and aligning audio data with
text transcriptions using software tools and custom code. Various data preprocessing techniques,
including data cleaning, feature extraction, normalization, and labeling, should be applied,
followed by converting the preprocessed audio data into waveform format. An end-to-end model
must be designed and built to transcribe input audio signals directly into the corresponding target
text which will then be trained using the prepared dataset. During this training process different
hyperparameters should be experimented with learning hyperparameters such as learning rate,
batch size, number of epochs and training/testing percentages should be evaluated. Finally, the best
model for Cheha speech-to-text transcription will be selected, and results of the training must be

documented.
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3.3. Literature Review

This work does a thorough literature evaluation on speech recognition in several language
domains. The ideas, methods, strategies, tools, and materials they employed are also used to search
various related publications (text documents, books), journals, articles, conferences, and other
literature on speech recognition, including IEE Explore, Science Direct, Spring Link, and others.
Furthermore, a thorough analysis of the different implementation options will be conducted for

Cheha speech recognition.

3.4. Corpus of cheha language

In this section, the text corpus and speech corpora, which we have used in our study the process
followed to prepare them are discussed. Cheha does not have a readily available text corpus.
Besides, it has limited presence on the web, and has limited hardcopy books [11]. We have
compiled a substantial collection of texts from Wolkite FM as well as the Old and New Testaments.
These texts have been merged followed by text cleaning processes that include correcting grammar
and spelling errors expanding abbreviations removing foreign terms transcribing numbers and
separating concatenated words. This process resulted in a text corpus comprising 15,000 sentences
which includes 178,830 tokens and 12,500-word types, and serves as the foundation for training
testing and evaluation of models. Similarly due to the absence of publicly available speech corpora
for Cheha to facilitate speech recognition tasks we created a speech corpus by selecting 15,000
phonetically balanced sentences from the text corpus. We recorded 15 hours of speech in an office
environment using a smartphone recorder involving 27 native speakers (16 male and 11 female)
who read these sentences. Of this 15-hour corpus 12 hours and 40 minutes (12,400 sentences) were
gathered from the same 27 speakers, each reading 460 sentences. This portion is designated as the
training dataset. To prevent overlap between the training and testing datasets regarding speakers
and sentences a separate corpus of 1 hour and 20 minutes (2,600 sentences) was recorded from 5
native speakers (5 male and 5 female), each reading 260 sentences. This testing dataset represents
20 percent of the total 15-hour corpus. However, in comparison to other speech corpora that consist
of 20 hours or more of training data, our corpus is relatively small which may delay the

performance of the models due to insufficient training data.
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3.5. Tools

3.5.1. Hardware Tools
We used the Hardware tools such as dell laptop with Processor: Intel(R) Core (TM) 15-7320M
CPU @ 2.90GHz, 4GB RAM, 1T hard disk, screen size: 15 inches, Wi Fi:4G lite.

3.5.2. Software Tools

Software tools are essential for implementing research, as they enhance efficiency and accuracy in
various tasks. The choice of software tools depends on the subject of study and the type of research
being conducted. Before making our selections, we considered several criteria to ensure the tools
were appropriate. These included the availability of sufficient learning materials, such as free video
tutorials and existing user experiences, as well as compatibility with machines that have limited
resources, like those relying solely on CPU. For our research, we chose Python as the programming
language and utilized TensorFlow and Keras libraries to implement the neural layers. These tools
met all our criteria and were compatible with Python, a language we are familiar with. Additionally,
if we were working with a specific corpus format, we ensured that the functions for reading and

writing that format were organized together for ease of use.

Google Collab: is based in the cloud platform that offers a free environment for Jupiter notebooks
for running Python code. It is a Google has provided that users to run Python code using Google
computational resources including GPUs and TPUs without the requirement for any local
hardware or software installation and Integration with Google Drive Google Collab and Google
Drive are integrated enabling to access notebooks and data from anywhere. While Google Collab
is popular platform for running python code online and provides basic python environment some

commonly used libraries like Tensor flow, Pandas, NumPy and Librosa etc.

TensorFlow: The various network designs in this study are implemented using TensorFlow an
open-source software library developed by the Google Brain Team Launched in 2015 TensorFlow
has quickly gained popularity as one of the leading frameworks for machine learning and neural
networks. The name TensorFlow is derived from tensors which refer to multi-dimensional matrices
that traverse through the various mathematical computations carried out by the layers within a

neural network [37].
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Keras: is a user-friendly high-level Python library designed for deep learning that operates on top
of TensorFlow (as well as Theano or CNTK). It enables developers to concentrate on core deep
learning concepts such as building layers for neural networks while managing the complexities of
tensors their shapes and associated mathematical operations. Keras requires one of these back-end
libraries to function TensorFlow, Theano or CNTK allowing users to engage in deep learning tasks
without needing to research into the more complex aspects of these frameworks. Keras offers two
primary frameworks these are Sequential API and the Functional API. The Sequential API is
centered around a linear stack of layers making it the most commonly used and the simplest aspect
of Keras. This model allows users to create neural networks in a straightforward sequential manner

[58].

Librosa: is a Python tool for music and audio analysis. It provides the essential building blocks

needed to create music information retrieval systems [59].

Diagrams.net: is a no charge online software tool to draw system architecture, flowcharts and
visual representations of information. It includes drag and drop capabilities and various formatting
options to create a professional looking diagram. Diagrams created in the past can still be loaded
and edited in the current version of the application. It also provides various integrations with
popular platforms, such as google drive. In this section we are discuss software tools that used in
this research work particularly tool used in the experiment section. In the following table tools

used are listed.
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Table 3.1 Tools and materials

Tools Purpose

Audacity For data pre-processing such as segmentation and noisy
reduction.

Python Used to text file manipulation and such as text cleaning and
tokenization.

Anaconda with integrated Python | To implement and run model code.

Microsoft office word To write documentation.

Microsoft PowerPoint Prepare presentation PowerPoint.
Zotero For reference Citation.

Google Collab To compile and execute Python code.
Google Drive To upload dataset.

3.6. Data collection and pre-processing

In this research data is collected from different source like bible text book and soon on after that I
recorded each sentence from recorder the segmenting each audio parallel with sentence by using
audacity tools. The first step to prepare speech corpus is selecting the source and scope of text, we
use for preparing speech corpus. In this research, we prepare text corpus to include bibles, Fm
radio and cultural information. This makes our speech recognizer inclusive and can be used for
different purposes. The text corpus contains bibles, Fm radio and cultural information. After text
corpus is prepared, the speakers read the text to prepare the speech corpus. The text corpus is
prepared from chaha dialects. Text corpus is categorized based on the script content of words
relating to these dialects. To record sound speech, we use smart phone recorder. The environment
in which the speech is recorded in a semi open area with less noisy environment. Therefore, the
recoded speech is not resistant from noise. The speakers are asked to read paragraph by paragraph;
if they make mistakes while reading the text, they reread the paragraph again. In general, the
recorded speech data is presented in table. In general, this speech data preparation phase for this

research work is discussed in the following subsection.
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Table 3.2. Source and size of the speech data collected for experiment

Training data Testing data
id | age speech time duration Total Total Male Female
boundary time utterance | numbers | numbers
duration
male | female | male female
1 |[13-20] |5 5 3:01:55 | 2:00:35 | 5:02:30 | 3504 5 5
2 | [21-35] |4 6 3:12:04 | 3:13:32 | 6:25:36 | 4042
3 | [36-50] |3 4 2:33:14 | 1:30:11 | 4:03:25 | 4522
4 | Total 27 10
speaker
5 | Total 15:30:33s 3:30:33s
time
6 | Total 12,068 3000
utterance

3.6.1. Text Data Pre-preprocessing

Data preprocessing the first steps in speech recognition task to easily fetch data for deep learning

model to train and test with the best and robustness of the experimental results. By lowering the

noise in raw textual data text pre-processing has a major impact on the entire mining process and

is an essential stage in many texts cleaning activities. Improper pre-processing execution can result

in inconsistent and confusing outcomes. Thus careful text pre-processing is necessary to guarantee

the dependability and quality of big corpora [60].

3.6.2. Text cleaning

Data cleaning is an important step in data pre-processing where errors and inconsistencies in the

dataset are addressed. It involves tasks like handling missing values by imputing them dealing with
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outliers to remove extreme values correcting inconsistent data formats, removing duplicate entries
and standardizing data formats. By performing data cleaning researchers can improve the quality
and reliability of the dataset ensuring that it is accurate complete and ready for analysis. This
process helps to enhance the integrity of the data and prevents biases or errors that could affect the

outcomes of subsequent analyses and modeling.

3.6.3. Sentences Tokenization
Tokenize sentences We divide a document or paragraph into sentences using the supplied tokenize
() method. The re. split () method can be used to tokenize sentences. By introducing a pattern into

the text, this will divide it into sentences [61].

3.7. Speech Corpus Recording

To record sound speech, we use smart phone recorder. The environment in which the speech is
recorded in a semi open area with less noisy environment. Therefore, the recoded speech is not
resistant from noise. The speakers are asked to read paragraph by paragraph if they make mistakes
while reading the text they reread the paragraph again and labeling parallel with transcription of

text file.

3.8. Speech pre-processing

In speech recognition gathering and analyzing data is the first significant effort. Audio utterances
and their transcriptions make up the speech corpus utilized for training. The initial step in the
speech signal processing technique is pre-processing. This research discusses preprocessing in

speech recognition, which covers normalization, noise reduction and silence removal.

L L T T S

Figure 3.1 Original Audio
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3.8.1. Silence Removal

The technique of eliminating unvoiced or silent speech signals is known as silence removal.
Different people take varying amounts of time between words when speaking. A distinctive trait
that distinguishes one speaker from another is crucial to the speaker recognition process. Silence
is not necessary for recognition because it is a characteristic shared by all speakers [62]. Therefore,
the speech signals should no longer include silence. Because understanding where speech and
silence or unvoiced words belong not only helps the speech processing system handle information
more efficiently but it also improves its accuracy. Software called an audio silence trimmer is used
to eliminate the quiet at the start middle and finish of voice signals. The software was chosen due
to its ease of use and free nature. In this case the duration is shortened by eliminating the silence.
Each speech signal wav file was kept to a minimum in duration, ranging from 10 to 15 seconds,
based on the length of the silence. Using an online audio trimmer 10 seconds of speech have been

cut from each speaker's voice signals to make them all the same length.

Figure 3.2 After silence removal

3.8.2. Noise Reduction

Every speech has background noise since the speech signals are obtained from many
environments and are public utterances. To obtain the speakers precise unique traits these
background noises should be eliminated. Therefore, noise reduction and normalization come next

once the speech signals silence has been eliminated [62].

TIPIY IR TR T T ARVRY N S S

Figure 3.3 After Noise reduction
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3.8.3. Noise Normalization

Applying a fixed amount of gain to an audio recording in order to raise the amplitude to a desired
level (the norm) is known as normalization. because the voice signal's volume is reduced during
noise reduction. Normalization restores the volume to its pre-noise reduction level. Software called
Audacity is used to normalize and cut down on background noise in speech signals. Audacity was

chosen since it is open source and among the top ten (3rd) audio editing programs [63].

R RPN I e

Figure 3.4 After normalization

3.8.4. Segmented Speech Parallel with Text Transcription
After recording and cleaning completed, we are going to segmenting each audio parallel with text

transcription by using audacity software tool.
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Figure 3.5 Audio segmentation techniques

Speech data after segmentation export in to single folder by give file name with extension just like

this

"C:\Users\abdo\Desktop\1-600\segmented.wav\AbeM 00021.wav"
"C:\Users\abdo\Desktop\1-600\segmented.wav\BetF _00051.wav"
"C:\Users\abdo\Desktop\1-600\segmented.wav\DawM_00061.wav"

"C:\Users\abdo\Desktop\1-600\segmented.wav\DawM_00061.wav"
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Every speech recording had a transcription made for it. This required paying close attention to the
audio and turning it into text. The deep learning model can learn the connection between the audio

attributes and the related text by using this text data as the ground truth.

A transcription file is a written document that summarizes the speakers’ words from the audio
recording. The audio file name is followed by the colon for each sentence in the transcript file. The

matching transcription sentence appears after the filename.
Example:

NesF_00001.wav: "¢&Té+ avame AAP° PH4mE 7 a0 HC PFT Ther”

NesF_00002.wav: "PAm.Co° ¢EALI° 04T LRI A7MHC AN HC Dave £1F avl i)

gL
NesF_00003.wav: "¢§7ét NG (det 79 79 aoLC LN L LTC"

NesF_00004.wav: "-tev7hi At ®T09° A0t 07 AAP° CHLmE T919° 20N HC S5F @LC

Fén &L,
For this study 12,000 labelled cheha language sentences were used.

3.9. Feature Extraction
Feature extraction is a crucial step in the speech recognition process. Raw audio data is not directly
used in the model training process due to the presence of noise and other unnecessary parameters

that can affect the models accuracy [64].

3.9.1. The Short-Time Fourier Transform

A signal processing method called the Short-Time Fourier Transform (STFT) is used to examine a
signal's frequency composition over time. STFT divides the signal into overlapping segments and
calculates the Fourier transform for each segment, in contrast to the conventional Fourier
transform, which analyzes the full signal at once. A spectrogram a time-frequency representation
that shows how the signals frequency content changes over time is the end product of this
procedures is crucial in end-to-end speech recognition as it transforms audio signals into
spectrograms which serve as inputs for neural networks. These networks excel at processing

numerical data, and spectrograms provide a compact and informative representation of an audio
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signal's frequency content. By applying STFT we can extract important features relevant to speech
recognition such as formants and pitch. These features can then be utilized to train neural networks
for speech recognition either through direct mapping from spectrogram to text or via more complex
architectures incorporating additional layers such as convolutional or recurrent layers. In summary,
STFT is a vital tool for converting audio signals into spectrograms facilitating their use as inputs
for neural networks in speech recognition tasks. It enables the extraction of relevant features from
audio signals and offers a concise representation that can be efficiently processed by neural

networks.

3.10. Padding

Padding is used to make sure that all input and output sequences are equal in length which mean
that after feature extraction and selection, the next steps are padding values of variable length
makes equal length by adding zeros pre and post of the value that is used to encode neural

networks.

3.11. Encoder

The encoder architecture consists of a CNN-RNN combination. The use of a CNN as the initial
layer enhances ASR performance by applying convolutions across both frequency and time
domains on spectral input features. Additionally, employing RNNs layers in speech recognition
allows for better context utilization by considering information from both past and future
sequences which improves word prediction accuracy. The encoder receives normalized
spectrograms of audio clips as input. Each audio clip is represented as a time series of length T
with a vector of audio features for each time slice. The input vectors V1, V2 ..., V T are generated
through the 2D convolution layers. The capabilities of the encoder are further enhanced using the

CTC loss function [65].

3.12. Decoder

The last stage of the speech recognition pipeline decoding is in charge of translating the anticipated
probabilities into the final output sequence. The Beam Search method is used in this models
decoding process to determine the most likely output sequence given the input sequence [17]. The
CTC loss function trains the model while the beam search maintains a limited number of top

scoring sequences at each step reducing the search space and enhancing decoding speed and
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accuracy. This combination makes the CTC beam search decoder especially when paired with
attention mechanisms an effective approach for speech recognition and other sequence-to-

sequence applications.

3.12.1. Attention Mechanism

This attention mechanism, which can be defined as a selection mechanism for allocating limited
information processing capabilities can be applied to the field of deep learning because the human
brain perceives the world through a process of selective concentration. It facilitates speedy analysis
of the target data and works in tandem with the information screening and weight setting
mechanisms to increase the model’s computational capacity [66]. The attention-based encoder-
decoder (AED) model is another component of E2E ASR models. The encoder network performs
the same function as the encoder network in CTC, converting input feature sequences into high-
level hidden feature sequences. A context vector is formed as a weighted sum of the encoder
outputs after the attention module calculates attention weights between the preceding decoder
output and the encoder output of each frame using attention functions like additive attention or
dot-product attention [67]. An attention-based encoder-decoder network called Listen, Attend, and
Spell (LAS) is frequently used to address mapping issues with variable-length input to variable-
length output. An embedding or higher-level feature representation is taken from the input features
by the encoder (the Listen module). A context vector is then produced when the attention
mechanism (the Attend module) decides which encoder features need to be attended in order to
forecast the subsequent output symbol. Lastly the decoder (the Spell module) creates a prediction
for the subsequent output by using the attention context vector and an embedding of the prior

prediction [68].

3.12.2. Connectionist Temporal Classification (CTC) Loss

The model is trained using Connectionist Temporal Classification (CTC) as the loss function.
Applications such as speech and handwriting recognition use CTC an output and scoring function
that solves sequence problems when the alignment between the input and the output is unknown.
For each time step t and a single input sequence X of length T the encoder gives a distribution over
the vocabulary pt(c|X) then CTC computes the probability for a single sequence C of length T as

follows.
P(C1X) = [Ti=1p (C|X)
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Finding the most likely sequence involves adding up the probabilities of the various sequences that

can represent the same word.

PGSIX) = ) P(CIX)

Lastly, to expedite the computation, the dynamic programming approach is used to compute CTC
loss which is the negative log probability of all valid sequences. Additionally, to compute its
derivative which updates the encoder's parameters by using the backpropagation through time

procedure of CTC loss function.
Lere=-1og P(S1X)

3.13. Optimization Algorithms

A machine’s ability to learn from experience is based on optimization algorithms. In an effort to
decrease the loss function they compute gradients. For our work end-to-end speech recognition,
the Adam optimizer is recommended because of its efficiency in managing complex models and
big datasets. By adjusting the learning rate for every parameter separately it combines the
advantages of the AdaGrad and RMSProp methods. It is appropriate for voice recognition tasks
because of its adaptive learning rate adjustment which facilitates effective optimization and
convergence. The RNN was trained with using the Adam learning rule, End-to-end speech
recognition training data usually comprises of text and audio data in pairs. Regularization and
training hyper-parameters were altered during the experiment run and the experiment was
restricted to training a single network due to the training process slow convergence. Therefore,
rather than an exhaustive evaluation of the suggested model's performance the results should be

regarded as an initial proof of concept validation.

3.14. Performance Measurement Metrics

3.14.1. Accuracy

The accuracy metric is used to monitor the model's performance during training. It gives an
indication of how successfully the model can categorize or predict the right output given the input
data. We also used this measurement of accuracy to assess the quality of the recognition in the

transcription process. It is computed computationally by adding the errors for each sample
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throughout the training set. Each batch of data is used to calculate training loss, which is then

plotted as a curve.

3.14.2. Loss

A loss function is a vital component used to measure the dissimilarity between the predicted output
of a speech recognition model and the ground truth annotations. It quantifies the discrepancy
between the predicted transcriptions and the correct ones in the training data. This function guides
the model in updating its internal parameters to optimize performance during training. Common
loss functions in speech recognition include Connectionist Temporal Classification (CTC) loss and
cross-entropy loss. These functions calculate the difference between predicted probabilities of
phonemes or words and the true labels, encouraging the model to minimize errors and enhance its
accuracy in recognizing speech. By minimizing the loss function, researchers aim to train the
speech recognition model to produce transcriptions that closely align with the ground truth,

enabling it to generalize effectively to unseen audio data and deliver accurate recognition results.

3.14.3. Word Error Rate (WER)

Our end-to-end speech recognition model performance is evaluated in WER and is often described
in terms of speed and accuracy. While speed is measured using the real-time factor accuracy can
be determined using performance accuracy which is often graded using Word Error Rate (WER).
Command Success Rate (CSR) and Single Word Error Rate (SWER) are additional accuracy
metrics [4]. When assessing the effectiveness of machine translation and speech recognition model
one often used statistic is WER. The recognized word sequence may be shorter than the reference
word sequence which presents a significant measurement issue. Working at the word level as
opposed to the phoneme level WER is based on the Levenshtein distance. This problem is solved
by first applying dynamic string alignment algorithms to align the recognized word sequence with

the reference word sequence. This is how the WER can then be computed.

Inserted + Deleted + Substituteded
Total words in Transcript

(WER) =

50



3.15. Regularization techniques

3.15.1. Dropout

The dropout rate parameter can be used to prevent overfitting. Nevertheless, an excessive dropout
rate may result in the network losing significant weight values which would lower the performance
of the final model. But just during the training phase, an excessively low dropout rate can result in
models that are overly intelligent [69]. To ensure that no values are dropped during inference the
Dropout layer only applies when training is set to True in call (). Training will be automatically set
to true when model fit is used. When invoking the layer in other situations you can explicitly set

the argument to True.

3.15.2. Early Stopping
Deep learning models have frequently employed early stop as a regularization strategy to avoid
overfitting. discovered that early stopping worked well to avoid overfitting when compared to

other regularization strategies [70].

3.15.3. L1 and L2 Regularization

In our research we used regularization techniques to prone overfitting and underfitting in training
and testing model Because RNNs are flexible and regularization is essential for optimal
performance. This research employed L2 regularization also known as weight decay plays a crucial

role in enhancing the performance of end-to-end speech recognition model [40].
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CHAPTER FOUR
4. RESEARCH DESIGN

4.1. Introduction

In this chapter, the methods used to develop deep learning-based end-to-end speech recognition
model for the guragunga language in case of cheha dialect is described. Specifically, it covers the
techniques employed to collect and assess the data required for the system, which includes both
text and speech corpus. Moreover, it delves into the proposed speech recognition model for cheha,
that uses deep learning, and details how the training process was conducted, along with the various

testing and evaluation methods used to determine its effectiveness.

4.2. Proposed Model Architecture

The entity framework outlines a comprehensive pipeline for developing a speech recognition
model, beginning with dataset preparation, which includes collecting data from sources like the
Old and New Gurugram Testaments, followed by the Chaha Text Data. Preprocessing steps involve
removing extraneous spaces and punctuation, splitting text into sentences, and recording audio
from the text, ensuring high-quality input for the model. Noise reduction and normalization
enhance audio quality, while feature extraction techniques like MFCC and spectrograms convert
audio signals into usable formats. The data is then split into training and test sets, allowing for
effective model training using architectures such as LSTMs, GRUs, and Bigru. Finally, the model
is evaluated using metrics like Word Error Rate (WER), This structured approach ensures
robustness and reliability in handling the complexities of speech recognition tasks. The general
entity framework of the cheha speech recognition model that I proposed from starting from data
collection, preprocessing, segmenting, labeling and also train and testing phase are illustrated in

the below diagram.
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Figure 4.1 Proposed Architecture of Cheha Speech Recognition
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4.3. Data Collection and Processing

Speech recognition is a growing field in artificial intelligence and machine learning, aiming to
develop algorithms and models that can understand and interpret human speech. The development
of speech recognition systems for under resource languages such as cheha, poses unique
challenges. This thesis describes the process of building a quality deep learning model for cheha
speech recognition, focusing on the importance of good quality data, the sources of data used, and
the steps taken to ensure that the data is representative of the target population. By understanding
the importance of data quality and the steps taken to collect and process the data, we can ensure

that the final model is accurate, efficient, and robust.

Data is collected, processed and then fed to the deep learning algorithm to build the desired model.
So, to build our model we understood that we should prepare good quality data for a quality model.
The data that we have fed for the deep learning algorithm is a speech corpus of having a speech
and its transcriptions. We have recorded speeches of different people in consideration of sex and

age proportion. We have built speech corpus of recording from studio-based area.

4.4. Data Splitting

The training and testing data were should put separately using two folders namely training and
testing for both speech and transcript data. Among the developed corpora, 15,600 sentences with
their audio file for training, the rest 3400 sentences including their audio data were used for testing
purpose and those testing data selected randomly using ten speakers, The dataset is divided as 80%

train and 20%. test set.

4.5. Feature extraction and Engineering

One kind of characteristic parameter that can be seen and accurately captures every aspect of
human speech is a spectrogram. The majority of speech recognition systems use MFCC parameters
although their stability and noise resistance are limited. As a result, this research makes use of
spectrogram-extracted features which provide increased stability and resilience and improve
speech recognition accuracy [71]. High-level spatial information is extracted from the image using
CNN. CNN can be used to capture high level features in the spatial domain since the spectrogram
plot can be viewed as a transformed intensity of frequencies over time that mimics images. CNN

can obtain more robust features by utilizing local filtering and maximum pooling approaches in
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contrast to traditional speech features. One particular kind of CNN that works with 2D input data,
such an image, is called a 2D Convolutional Neural Network (2D-CNN). The convolutional layers
of a 2D-CNN carry out 2D convolutions by scanning the input data and extracting local features
using 2D kernels. 2D-CNNs are well-suited for tasks like object recognition and segmentation
because of the hierarchical representations created by the many convolutional and pooling layers,
which enable them to learn progressively complicated and discriminative features Furthermore,
because 2D-CNNs enable the automatic extraction of pertinent characteristics from an audio
signals spectrogram, they can be an effective tool for speech recognition tasks. End-to-end speech
recognition systems that can handle variable-length inputs and represent the intricate interactions
between speech sounds can be produced by merging 2D-CNNs with other deep learning
architectures such as RNNs [65].
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CHAPTER FIVE

5. EXPERIMENTATION RESULTS AND DISCUSSION

5.1. Introduction

The designed architecture is discussed in the chapter before chapter. Thus, this section provides
detail on corpus source, experimental implementation, detail Explanation how dataset
preprocessed and how it used, Variety each conducted model experiment, parameter selection of
the thesis was done It also discusses how the preprocessing effect training was suggested based on

the selected model.

In this chapter, we present our work on End- to- end speech recognition, including process for
collecting and preprocessing a large dataset, parameter selection and training inputs for our model,

and evaluating its performance on various metrics.

5.2. Dataset Pre-Processing

The analysis of audio length (in seconds) and frequency in the dataset reveals important insights
into the characteristics of the audio samples. Each audio file's duration is measured in seconds,
while its frequency content, analyzed through techniques like the Fourier Transform or
spectrogram, indicates tonal qualities and pitch variations. By summarizing audio lengths
alongside their average frequencies, we can observe trends, such as shorter clips typically having
a limited frequency range compared to longer ones that may encompass a broader spectrum.
visualizations like scatter plots and histograms can further illustrate these relationships, helping to
inform feature extraction and model training for applications in speech recognition and music

classification.
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Figure 5.1 frequency distribution of Audio lengths

5.3. Implementation Environment

For corpus preparation, we drafted the research report on a Dell laptop. Our workflow primarily
took place in Google Colab, starting with dataset preparation in .txt and .wav formats. We uploaded
the dataset to Google Drive for easy access and mounted it in the Colab notebook for proper
retrieval. We selected Python 3.8 as our primary programming language for model development
due to its extensive library support and ease of use. Essential libraries included Keras for deep
learning, TensorFlow 2.12 as the backend, Librosa for audio processing, and NumPy for numerical
tasks. Google Colab was chosen for its access to GPUs with 32GB of RAM, significantly speeding
up training compared to CPU usage. We trained RNN models on GPUs, processing multiple
utterances in parallel to enhance training speed through matrix-matrix multiplication. Within each
group, we padded utterances to match the longest one, excluding padding frames from gradient
computation. To further optimize efficiency, we sorted training utterances by length, minimizing

padding and ensuring similar lengths within groups.
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5.4. Hyperparameter Selection

In our research, we explored various hyperparameters across different model types, including
LSTM, BILSTM, GRU, BIGRU with Attention models. The batch sizes chosen for the models
varied between 32 and 64, allowing us to assess their impact on training efficiency and
performance, while each model utilized a hidden dimension of 256 for consistent comparison. We
experimented with learning rates of 0.01 and 0.001 for LSTM, BILSTM, and GRU models, with
the BIGRU and CTC/Attention models including an additional option of 0.1. All models employed

the Adam optimizer, known for its effectiveness in training deep learning models.

Table 5.1. Hyper-parameters

No | Hyperparameter Model TYPE
LSTM BILSTM | GRU BIGRU
1 | Batch size 64, 32 64, 32 32,64 32,64
2 | Hidden units 1024 1024 1024 1024
3 | Learning rate 0.01,0.001 |0.01,0.01 |0.001,0.01 | 0.01,0.01
Adam Adam Adam Adam
4 | Optimization
optimizer optimizer | optimizer optimizer
5 | Epoch 50,100 50,100 50,100 50,100
6 | Drop rate 0.4,0.5 0.4,0.5 0.4,0.5 0.4,0.5




5.5. Model Implementation
This research describes the distribution of an end-to-end speech recognition model. The solution
uses CNN-RNN layers and dense layers to process the input spectrograms and produce character

or word probabilities based on a TensorFlow/Keras model.

5.5.1. Spectrogram Input and Preprocessing

A variable-length series of spectrograms with input dim frequency bins for each spectrogram is
the models input. The inputs none form indicates that the sequence length is flexible. In order to
give the input spectrograms, the additional dimension needed for the convolutional layers they are
reshaped. The symbol for this additional dimension is 1 which is a singleton dimension. The input
layer receives a 3D tensor as input where the batch size is the first dimension the time steps (which
are set to None to allow sequences of arbitrary length), and the input feature dimension (input dim)
are the second and third dimensions respectively. The input layer's name is set to input. The input
tensor is subsequently reshaped to include an extra dimension of size 1 which is necessary for the
2D convolutional layer. To automatically determine the amount of time steps, the second
dimension is set to -1. A spectrogram with shape (None, input dim), where None denotes the
variable-length time dimension, serves as the model's input. First, an extra channel dimension is
added to the input, giving it the shape (-1, input dim, 1). Applying 2D convolutional layers to the

input spectrogram requires this step.
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0 def encode single sample(wav_file, label):
"""Process a single audio file and its corresponding label."""
file = tf.io.read_file(wav_file)
audio, _ = tf.audio.decode wav(file)
audio = tf.squeeze(audio, axis=-1)
audio = tf.cast(audio, tf.float32)
# Get the spectrogram
spectrogram = tf.signal.stft(audio, frame_length=frame_length,
frame_step=frame_step, fft_length=fft_length)
spectrogram = tf.abs(spectrogram)
spectrogram = tf.math.pow(spectrogram, @.5)
# Normalize the spectrogram
means = tf.math.reduce_mean(spectrogram, axis=1, keepdims=True)
stddevs = tf.math.reduce_std(spectrogram, axis=1, keepdims=True)
spectrogram = (spectrogram - means) / (stddevs + 1e-10)
# Add a channel dimension to the spectrogram
spectrogram = tf.expand dims(spectrogram, axis=-1)
# Process the label
label = tf.strings.unicode_split(label, input_encoding="UTF-8")
label = char_to_num(label)
# Resize spectrogram to fixed height and width
spectrogram = tf.image.resize(spectrogram, [desired height, desired width])
# Permute dimensions to match model input shape
spectrogram = tf.transpose(spectrogram, perm=[1, @, 2])
# Truncate or pad labels to fixed length
label length = tf.shape(label)[@]
if label length > desired label length:
label = label[:desired label length] else:
padding amount = desired label length - label length
label = tf.pad(label, [[@, padding amount]], constant_values=8)
tf.debugging.assert_equal(tf.shape(label)[@], desired label length,
"Label padding mismatch.")
return spectrogram, label

Figure 5.2 Sample code to show Preprocessing
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5.5.2. Convolutional Layers

The customized CNN architecture for speech recognition consists of two convolutional layers that
extract features from the input audio spectrogram, which represents audio signals in a 2D format
with time on the horizontal axis and frequency on the vertical axis. The first convolutional layer
uses a kernel size of 11x41 and a stride of 2x2 to produce 32 feature maps, capturing local patterns.
The second layer, applying a kernel size of 11x21 and a stride of 1x2, extracts additional features
from the first layer's output, also generating 32 feature maps. This design enables the model to
automatically learn relevant features without manual engineering. After feature extraction, the
output is reshaped for input into recurrent layers, which model temporal dependencies in the data.
This combination of convolutional and recurrent layers allows the model to effectively analyze

speech signals and generate accurate transcriptions.

o # Convolutional layers
X = layers.Conv2D(filters=32, kernel size=[11, 41], strides=[2, 2],
padding="same")(x)
X = layers.BatchNormalization()(x)
X = layers.ReLU()(x)

X = layers.Conv2D(filters=32, kernel size=[11, 21], strides=[1, 2],
padding="same")(x)

X = layers.BatchNormalization()(x)

X = layers.ReLU()(x)

Figure 5.3 Sample code for CNN layer

To enhance neural network performance, batch normalization and ReLLU activation functions are
commonly used after convolutional layers. Batch normalization normalizes each batch's output,
reducing internal covariate shift and stabilizing training. ReLU activation introduces non-linearity,

allowing the network to capture more complex features from the input spectrogram.
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5.5.3. RNN Layers

The model incorporates various RNN layers, including LSTM, Bidirectional LSTM (BILSTM),
GRU, and Bidirectional GRU (BIGRU). For each layer, a recurrent neural network is created with
a specified number of units, and dropout regularization is applied after each layer at a rate of 0.5
to prevent overfitting. The input data is reshaped to fit the RNN requirements, and following the
RNN layers, a dense layer is added with twice the number of units, using the ReLU activation
function for non-linearity. Finally, the output layer generates probabilities for each class using the
SoftMax activation function, with the number of units set to the output dimension plus one. This
structure allows the model to effectively learn complex patterns in sequential data while

maintaining generalization capabilities.

o # Reshape for RN
X = layers.Reshape((-1, x.shape[-2] * x.shape[-1]))(x)
# RNN layers with Bidirectional GRU
for 1 in range(1, ran_layers + 1)
recurrent = layers.GRU(units=rnn_units, return sequences=True, name=f'gru {i}")
X = layers.Bidirectional(recurrent)(x)
if 1 < rnn_layers:

X = 1ayers.Dropout(rate=9.5)(xﬂ

Figure 5.4 Sample code for RNN layer
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5.5.4. Dens and Output Layer

The Dense layer is a fully connected layer that transforms outputs from previous layers into final
predictions corresponding to the character vocabulary. It has units set to rnn_units * 2, allowing
for a larger representation space, which aids in learning complex relationships. A ReLU (Rectified
Linear Unit) activation function is applied, introducing non-linearity and enabling the model to
capture intricate patterns. Following this, a Dropout layer with a rate of 0.4 helps prevent
overfitting by randomly setting half of the inputs to zero during training. Finally, the output layer
maps to the character vocabulary size plus one (for the CTC blank token) with Attention and uses
a SoftMax activation function to convert scores into probabilities, indicating the likelihood of each

character or word being predicted.
o # Dense layer
X = layers.Dense(units=rnn_units * 2)(x)
X = layers.ReLU()(x)

# Output layer
output = layers.Dense(units=output dim + 1, activation="softmax")(x)

Figure 5.5. Sample code for dens and output layer
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5.6. RESULT

In this study, the process of speech recognition begins with extracting spectrogram features from
raw audio. These spectrogram features are then fed into a Convolutional Neural Network (CNN)

to extract high-level features, which are essential for building the acoustic model.

To optimize the model's performance, several experiments were conducted by varying
hyperparameters such as batch size, learning rate, and the number of epochs. The CNN used a

filter size of 41 and a kernel size of 11, with 1024 hidden units to enhance feature extraction.

We utilized Google Colab, a cloud-based platform that enables users to write and execute Python
code directly in their browsers, for all training, testing, and evaluation tasks. This environment is

particularly useful for data analysis and machine learning.

The focus of our research was on end-to-end speech recognition using a Connectionist Temporal
Classification (CTC) and attention mechanisms in conjunction with various Recurrent Neural
Network (RNN) algorithms, including LSTM, Bilstm, GRU, and BIGRU. Each model's
performance was evaluated based on different hyperparameter configurations to assess their
effectiveness in sequence modeling tasks. This comprehensive approach allowed us to identify the

most effective configurations for speech recognition in the Cheha dialect.
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Table 5.2. Experimental result of each RNN model

Model | Hidden | Optimizer | Epoch | Drop | Learning | Batch | Accuracy | loss
Type unit rate rate size
0.4 0.01 32 90.99 0.81
LSTM 64 92.84 0.75
0.001 32 89.35 0.19
< g 64 95.29 0.36
N 3 o
=2 Z ‘0 0.5 0.01 32 90.19 | 0.856
64 94.02 0.57
0.001 32 95.45 0.65
64 95.99 0.415
0.4 0.01 32 92.87 0.88
BILSTM 64 93.54 0.26
0.001 32 95.35 0.49
o 64 95.29 0.376
N § o 05 | 001 32 | 9019 | 095
64 94.52 0.62
0.001 32 95.45 0.365
64 96.92 0.328
GRU 0.4 0.01 32 95.99 0.823
64 94.84 0.75
0.001 32 96.25 0.375
3 g > 64 | 9529 | 036
S =] )
- < 0.5 | 0.01 32 93.19 | 0.856
64 94.02 0.57
0.001 32 96.05 0.65
64 95.22 0.27
BIGRU 0.4 0.01 32 91539 0.83
64 91.62 0327
0.001 32 92.39 0.49
N % . 64 95.29 0.523
= 2 ak 0.5 0.01 32 90.19 0.726
64 94.12 0.617
0.001 32 96.35 0.525
64 97.50 0.251
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5.6.1. Experiment in LSTM Model

In our first experiment, we selected Long Short-Term Memory (LSTM) as our model type, utilizing
1024 hidden units and the Adam optimizer. The training process was divided into two sets of
epochs: 50 and 100. For the 50 epochs, we set the drop rate to 0.4 and experimented with learning
rates of 0.01 and 0.001, using batch sizes of 32 and 64 for each learning rate. Implementing a
CNN-LSTM model with a CTC/Attention architecture was essential for our analysis. This model
incorporated LSTM cells on the encoder side and utilized label encoders, ensuring a
comprehensive approach. Consistent parameters were applied across all deep learning models. The
results for the LSTM model showed that various configurations were tested to optimize
performance. Across the experiments, a lower learning rate of 0.001 consistently led to better
accuracy, particularly when combined with a larger batch size of 64. The drop rate also influenced
performance, with a value of 0.5 generally yielding more favorable results. Ultimately, the highest
accuracy achieved was 95.99, indicating that this combination effectively balanced learning and
overfitting prevention. Overall, the findings suggest that careful tuning of the learning rate, drop
rate, and batch size can significantly enhance model performance, with the optimal configuration

demonstrating strong accuracy and reasonable training loss.

Table 5.3. Lstm experimental result with different hyper-parameter

Model Hidden unit | Optimizer | Epoch | Drop | Learning | Batch | Accuracy | loss

Type rate rate size

50 0.4 0.01 32 90.99 0.81
LSTM 64 92.84 0.75
0.001 32 89.35 0.19
64 95.29 0.36
0.5 0.01 32 90.19 | 0.856
64 94.02 0.57
0.001 32 95.45 0.65
64 95.99 | 0.415

1024

Adam
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Figure 5.6. CNN- LSTM model Accuracy and Loss Graph

5.6.2. Experiment in BILSTM Model

In our second experiment, we implemented a Bidirectional Long Short-Term Memory (Bilstm)
model, which leverages two LSTM cells on the encoder side, allowing for enhanced context
understanding but requiring more memory than standard LSTM models. Configured with 1024
hidden units and the Adam optimizer, the model was trained over 50 epochs, maintaining
consistent parameters from our previous LSTM experiment. This model train in a remarkable
accuracy of 96.92%, showcasing the superior performance of the Bilstm architecture in capturing
complex patterns in the data. This high accuracy underscores the effectiveness of our parameter

tuning and the potential of Bilstm models for tasks requiring sequential data analysis.
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Table 5.4. Bilstm experimental result with different hyper-parameter

Model Hidden unit | Optimizer | Epoch | Drop | Learning | Batch | Accuracy | loss
Type rate rate size

0.4 0.01 32 92.87 0.88

BILSTM 64 93.54 0.26

0.001 32 95.35 0.49

< = 64 95.29 0.376

§ § 7 0.5 0.01 32 90.19 0.95

64 94.52 0.62

0.001 32 95.45 0.365

64 96.92 0.328
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Figure 5.7. CNN-BILSTM model Accuracy and Loss Graph
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5.6.3. Experiment in GRU Model
In this phase, we implemented the Gated Recurrent Unit (GRU) model, configured with 1024

hidden units and the Adam optimizer, training for 50 epochs. The model's performance was

influenced by various hyperparameters, including the drop rate, learning rate, and batch size. We

tested drop rates of 0.4 and 0.5, alongside learning rates of 0.01 and 0.001. Our analysis revealed

that the highest accuracy achieved was 96.25% with a batch size of 32 at a learning rate of 0.001,

highlighting the model's effective learning capacity and the significance of careful hyperparameter

tuning.
Table 5.5. Gru experimental result with different hyper-parameter
Model Hidden unit | Optimizer | Epoch | Drop | Learning | Batch | Accuracy | loss
Type rate rate size

GRU 0.4 0.01 32 95.99 |0.823
64 94.84 0.75

0.001 32 96.25 0.375

< = 64 95.29 0.36

e 3 b

— < 0.5 0.01 32 93.19 |0.856

64 94.02 0.57

0.001 32 96.05 0.65

64 95.22 0.27
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Figure 5.8. CNN-GRU model Accuracy and Loss Graph

5.6.4. Experiment in BIGRU Model

In our fourth experiment, we implemented the CNN-Bigru model, which features double GRU
cells on the encoder side, utilizing significantly more memory than a standard GRU. We retained
the same parameters used in our previous GRU experiment to ensure consistency. This approach
yielded remarkable results, achieving an accuracy of 97.50%. Specifically, this accuracy was
attained with the following parameters: 1024 hidden units, Adam optimizer, 50 epochs, a drop rate
of 0.5, a learning rate of 0.001, and a batch size of 64. These findings highlight the effectiveness

of the CNN-Bigru architecture in capturing complex patterns within the data.
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Table 5.6. Bigru experimental result with different hyper-parameter

Model Hidden unit | Optimizer | Epoch | Drop | Learning | Batch | Accuracy | loss
Type rate rate size

BIGRU 0.4 0.01 32 91539 0.83

64 91.62 0327

0.001 32 92.39 0.49

< g 64 95.29 10.523

§ i% 7 0.5 0.01 32 90.19 | 0.726

64 94.12 | 0.617

0.001 32 96.35 | 0.525

64 97.50 0.251
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Word Error Rate (WER) is a key metric for evaluating the performance of RNN model in speech
recognition measuring the accuracy of transcribed text by calculating the ratio of errors insertions,
deletions, and substitutions compared to the total number of words in the actual transcription so
that in our low resource language cheha dialect the WER rate in graph Bigru model is better for

cheha speech recognition purpose for transcribing speech in to text.

A WER of 0.05 is generally considered to be a good result in the field of speech recognition. It
suggests that the system is capable of accurately transcribing spoken words with a high degree of
accuracy, even in the presence of background noise or other audio disturbances. As speech
recognition technology continues to evolve, it is likely that WERs will continue to decrease,

leading to even more accurate transcription of spoken language.

Word Error Rate (WER) for Different RNN Models

Word Error Rate (%)
w
1

B
i B

T
GRU BiGRU LSTM BiLSTM
RMNN Models

N

Figure 5.10. Word error rate comparison

72



5.7. Discussion of the Result

In our experiments, we evaluated four types of recurrent neural network models: LSTM, Bilstm,
GRU, and Bigru, each configured with 1024 hidden units and the Adam optimizer over 50 epochs.
The models were tested across various hyperparameters, including drop rates, learning rates, and
batch sizes. The LSTM model achieved a maximum accuracy of 95.99% with a batch size of 32 at
a learning rate of 0.001 and a drop rate of 0.5. The Bilstm model demonstrated strong performance,
reaching an accuracy of 96.92% with a batch size of 64 at a learning rate of 0.001 and a drop rate
of 0.5, indicating its effectiveness in capturing complex data patterns. The GRU model also
performed well, achieving its highest accuracy of 96.25% with a batch size of 32 at a learning rate
of 0.001 and a drop rate of 0.4. Finally, the Bigru model outperformed the others, achieving an
impressive accuracy of 97.50% with a batch size of 64 at a learning rate of 0.001 and a drop rate
of 0.5. These results underscore the varying strengths of each model architecture, with the Bigru
showing the best overall performance in this set of experiments. Our experiments highlight the
outstanding performance of our end-to-end speech recognition model for the Guragunga language.
The model performs exceptionally well in clean environments achieving low error rates but
demonstrates reduced effectiveness in noisy conditions. In speech recognition modeling, the x-
axis of a plot typically represents the number of training epochs, which indicates how many times
the model sees the entire training dataset. The y-axis usually shows the loss a metric that evaluates
the model’s ability to predict the correct output for a specific input. The loss function quantifies
the discrepancy between the predicted output and the actual output in speech recognition tasks.
Accurate transcription of spoken words is crucial for the effectiveness of speech recognition
technology. One important metric for assessing accuracy is the Word Error Rate (WER) which
measures the frequency of errors in the transcription of spoken words or character. A lower WER
signifies higher accuracy. In our analysis we used WER to evaluate the accuracy of our
transcriptions against the ground truth. Our result indicate that our model has achieved an
impressive transcription accuracy for Cheha speech with a WER of 2.5%. This marks a significant
improvement over previous speech recognition systems for Guragunga which typically exhibited
much higher error rates. The high accuracy of our model is particularly significant as it effectively

tackles one of the main challenges in developing reliable speech recognition systems.
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5.8. Summary

Recurrent Neural Networks (RNNs) are designed to process sequential data by maintaining a
hidden state that captures information from previous time steps, making them suitable for tasks
like time series prediction and natural language processing. Long Short-Term Memory (LSTM)
networks address the vanishing gradient problem, incorporating memory cells and gates that allow
them to learn long-term dependencies effectively. Bidirectional LSTMs (Bilstm) enhance this
capability by processing sequences in both forward and backward directions, improving context
understanding. Gated Recurrent Units (GRUs) simplify LSTMs by combining gates, resulting in
fewer parameters and faster training while still capturing important temporal patterns.
Bidirectional GRUs (Bigru) offer similar advantages as Bilstm but retain the efficiency of GRUs.
The CNN-Bigru architecture combines Convolutional Neural Networks with Bigru, enabling
enhanced feature extraction from spatial and temporal data, making it particularly effective for
speech recognition and achieving a remarkable Word Error Rate (WER) of 2.5%. Additionally,
Connectionist Temporal Classification (CTC) provides a training framework for RNNs in
sequence-to-sequence tasks, allowing the model to handle unaligned input-output pairs, while
attention mechanisms help models focus on relevant parts of the input, further improving
performance in tasks like machine translation and text summarization. Together, these models
represent significant advancements in the ability to handle complex sequential data across various

applications.

5.9. Answering Research Questions

RQ1. Which pre-processing tools and algorithms best in cheha speech and text dataset

preparation for model training, testing and evaluations?

For the preparation dataset some tools are recommended to use. In audio pre-processing, noise
reduction techniques using tools like Audacity and Librosa such as noise reduce can help eliminate
background noise. Normalization of volume levels across recordings ensures consistency while
segmentation Audacity can break long audio files into manageable chunks for easier handling
during training. For text pre-processing methods such as tokenization using libraries like NLTK or

spaCy can split text into sentences or words.

RQ2. Which feature extraction techniques best to extract relevant combination of features

from cheha dialects for model building?
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When it comes to feature extraction from Cheha dialects several techniques be obvious particularly
the use of spectrograms and CNN for spatial feature selection purpose. In speech recognition audio
signals are transformed into spectrograms using techniques like Short-Time Fourier Transform
which captures frequency information over time. These spectrograms enable models to visualize
how frequencies change essential for understanding speech patterns. CNN are then used to extract
features from these spectrograms. CNNs apply convolutional layers with filters that detect
phonemes and other speech characteristics followed by pooling layers that down sample the feature
maps to enhance efficiency and robustness. The high-level features produced by the CNN are

passed to fully connected layers for classification into specific phonemes words or character.
RQ3. Which deep learning Models best performer to build cheha speech recognition model?

In this research we investigate deep learning models for speech recognition highlighting the
effectiveness of BIGRU are used in various sequence-based tasks including speech recognition
natural language processing and time series prediction due to their ability to effectively model
temporal dependencies without the vanishing gradient problem common in standard RNNs which
enhances contextual understanding particularly for the guragunga language. While GRUs provide
simplicity and efficiency they can struggle with managing long-range dependencies. Therefore,
we select the CNN-BIGRU architecture for an effective Cheha speech recognition model. This
architecture combines CNNs for extracting spatial features from spectrograms with BIGRU for
handling sequential data. Additionally, we incorporate Attention layers to focus on relevant parts
of the input with CTC loss function for aligning variable-length sequences. This CNN-Bigru model
significantly enhances performance in speech recognition tasks allowing for better contextual

understanding and enhanced accuracy model in transcribing Cheha speech into text.
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CHAPTER SIX

6. CONCLUSTION AND RECOMENDATION

6.1. Overview

This chapter finalizes the whole work and gives a general conclusion about the study contribution

and findings of the work and suggests some feature works for the upcoming researchers.

6.2. Conclusion

In this study we developed an end-to-end speech recognition model for the low-resource
Guragunga language by combining CNN and RNN architectures with CTC/Attention mechanisms.
For the Cheha dialect we achieved a word error rate of 2.5%. However, due to Cheha being a
purely spoken language without a rigid grammatical structure developing a language model
presented challenges. Overall, the research successfully achieved its objective of creating an
efficient speech recognition system for the Guragunga language especially the Cheha dialect thus
advancing the field and improving communication technologies for diverse linguistic
communities. We chose BIGRU as the ideal deep learning algorithm for creating an end-to-end
voice recognition model for Cheha. This choice was made in light of the finding that Bilstm
necessitated a greater investment of computational resources and needed around twice as much

processing time than BIGRU.

6.3. Contributions

The primary goal of this study, which was to use deep learning to create an end-to-end speech
recognition model for the Guragigna language in the case of Cheha, was accomplished. The model
design to use Attention with CTC loss function and mergers a convolutional neural network (CNN)
and a recurrent neural network (RNN) it leads best achieved and important advances in a number
of fields. This study presents an end-to-end speech recognition model for the Cheha language,
addressing a gap in research using deep learning techniques. The model combines convolutional
neural networks (CNNs) and recurrent neural networks (RNNs) utilizing CTC/Attention
mechanisms. Key contributions include enhanced model performance efficiency and applicability
to low-resource languages achieving automatic phoneme alignment without external tools. We no
longer require alignment tools because we are using the end-to-end approaches for autonomous

phoneme alignment rather than traditional ASR. To the best of our knowledge no end-to-end deep
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learning method has yet been used to address the problem of Cheha speech recognition this work

aims to close that gap.

6.4. Recommendations

Several suggestions might be made to further enhance and investigate end-to-end speech
recognition in the Cheha dialects in light of the research findings. First combining the predictions
of several models through the investigation of joint techniques can greatly improve the overall
accuracy and robustness of end-to-end speech recognition model for guragigna language in case
of cheha dialect. Improved performance across a range of speech inputs may result from utilizing
strategies like model averaging and advancing which capitalize on the distinct advantages of
various model architectures. Second, there can be significant advantages to tailoring the speech
recognition models to certain Cheha dialect domains including legal or medical settings. The
accuracy and relevance of the transcriptions can be greatly increased by using domain specific
datasets to train the models. This focused strategy guarantees that the models are more capable of
managing the distinct lexicon and speech patterns seen in many domains. Thirdly, exploring cross
lingual speech recognition by training the models on multilingual data can facilitate better
communication and understanding across different languages. This approach can enable
applications such as translation services and assist in integrating guragigna language speakers into
broader linguistic contexts thereby enhancing accessibility and usability. It is also critical to
increase the quantity and variety of the guragigna language dataset that is utilized for assessment
and training. The models generalization abilities can be enhanced with a larger and more diverse
dataset which will enable them to function better across a greater variety of speech patterns accents
and subjects. The deep grammatical subtleties of the Cheha dialectal can be better conveyed with
this expansion. Finally, by focusing on these suggestions, researchers and developers can improve
the performance and applicability of end-to-end speech recognition systems in the Cheha dialectal
framework. Using the developed speech recognition models in real-world applications such as
voice-activated assistants transcription services and educational tools can provide practical use
cases that not only validate the model’s effectiveness but also show their usefulness in everyday
scenarios thereby contributing to the advancement of speech recognition technology in the

guragigna language.
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6.5. Future work

Future research can build on the current findings and investigate the following areas when

assessing end-to-end speech recognition for the Guragigna language in the case of Cheha.

R/
A X4

the goal of our research is to develop end-to-end speech recognition for Guragigna
language in case of cheha only for speech recognition, we suggest that additional studies
conduct speech synthesis.

Adding a variety of accents and dialects to the training dataset will enhance the system's
inclusivity and effectiveness. This diversity allows the model to better comprehend a wide
range of speech patterns, improving its ability to recognize and transcribe speech accurately
across different speakers.

Explore integrating visual sign such as lip movements in video alongside speech inputs to

enhance recognition accuracy and robustness particularly in noisy environments.
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APPENDIX
Appendix A

Appendix Table 1. Sample of text Corpus

NesF_OOOO 1l.wav

"P@plAt avMg RAIC PHE.mC 097 PA1 HC PFTHOT"

NesF_OOOOZ.an

"PAM.CI° PEALI° TN PRINTOII® AONC O HC Dave £77
ol e

NesF_OOOOB.an

"PEPLt oG (\ et TP TP v LC LN LTIC"

NesF_00004.wav

"t Tl At BTN AdeT 07 AA° PTEmE TTF19° 0N HC L4t
oLC Fén v &

NesF_OOOOS.wav

"PRAICI° CNLPT LPPAT PAMLAY PN PT4T AR

NesF_00006.wav

"CLAT7 19PN 1 O L+

NesF_00007.wav

"t Alddet RTOI° A9°0 07 WhF PANGhA ££4 ARG
Fen &

NesF_00008.wav

"TATT Mt LFTOLC NovEtavF"

NesF_00009.wav

"CATNCI® O JFHETI 1Al ANCH& 0"

NesF_OOO 10.wav

"R Rree CCTF eNiP PavF(fan "

HawF_OOO 11.wav

"CLASNI° ANlhT PLASN L£T7A9° Féh L&

HawF_OOO 12.wav

"tHI® Ahldht CELASN L7 N

HawF_OOO 13.wav

"0¢0.G PN LASNI® PTI6T° L7AT 4N heG"

HawF_OOO 14.wav

"6 11 OFIE 07D 79C &339° &€& 7179° Ahc"

HawF_OOO 15.wav

"NH aeme AN Jéh € PC (LACT T 14C &L 1"

HawF_OOO 16.wav

"AMHC OFTT TUGO ROMC AAP® 1LmLO Fé W7t LPCAT° 1"

HawF_OOO 17.wav

"AMC 00T RO AT £ 404 0T eETC"

HawF_OOO 18.wav

"aomg, 3~ 7 PRTOF LEFCFE 07 01 134éh hi1PC"

HawF_OOO 19.wav

"R AN FCLEI° PATI P0e- NNlavd Lavi.9° "

HawF_OOOZO.an

"PF LN Mm-S 7D LThht A9HC 1170
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Appendix C

A B (
file name ‘ spectrogram mean mel spectrogram mean

NerF Q0613.wav [0.0445375384576657, 0.047159875661 70311, 0.058154737880.0017L38600815087557,0.006L27681117504835, 0.01805026456 7135765, 0.015980813816185766, 0.05313039571045829, 1 050734654541
NerF 00614.wav  [0.04361718385438225, 0.05266258433065834, 0.086345325600.002453207148895436, 000631072 36340641975, 0 0177658405 15454347, 0 01958 228088515348, 0.06266395002601531, 3 4G9 192504882812
NatF Q0615 wav - 0.04600328207015951, 0.054583250L 7186165, 0.0754646147(0.0032209515235330334, 0.015098252333 00657, 0,04486500133273585 0041358164423 0413 0. 0685S64 7685289383, 1 SB059623 718087
Nerf Q0615.wav  [004138633608818054, 0.0514095239341255, 0.0TL0BAS41583 0, 0026 760024034023, 0.00S289004933638177, 0 Q223136 2888757414, 00152968901 24G7B6L2 0. 4388753811454, 2253003390088,
NerF Q061G.wav [0, 04420646015882492, .0438635935334301, 0053780410438 [0, 002188 26621055459,0.0042835098000407Z2, 0 006LAT0L801576543,0.00524994051 4564514, 0,021 7220312356549, 04895390 78893661
NarF 00615, wav [0, 04B41528832512445, .05858611207127571, 0.08330163353 0, 00382537135038113,0.0110997L7575782009,0.C23626461625095 182, 0.015 85 T78059834L9, 0.035073 28471541405, 1 67595863342085
NarF Q0617wav  [0.03367104008793831, .0463037207248 2105, 0.05888016522 [0, 0025841598706150055, 0.00B3TA937088658345, .023504348ATL76075, 0.03651648759841919, 00328 TASGTTTATTAGH, 11339674 23439005
NarF 00620 way [0.04315200664758582, 0,04534106767177382, 0.06396452570 0. 0025838 74622355872, 0.008S2197501808405,0.0206585 7344031334, 0.0L7B3109395119933, 0.029430 760070681572, 1 A47A00450706481, 2
NerF 00621 wav 00476473 TL54B41423, 0.05623354598927811, 0.076T504B5T6 0. 004T26T08400394539, 0.0L2433850663304329, 0037271 738052368164, 00253 4935093522072, 0 J00TAASE 65126074, 3652 76307133178
NerF Q0622wav 004390756 78386359%4, 0.0563218891520638, .0748260983 0. 00346018 1411335734, 000979873 2585205006, 00253 78346437627, 0. 0402849 T05719947, 0. S6S 190389752388, L. 5015248258645, 12
NarF 00623wav [0041182640935950%4, 0.6 2208354473114, 006831707060, 003034768160432577, 0 00826BA03408628%, 00224 747434258461, .0 18102003750543594, .03 1562833404541, 1 BRABRAM50283977, 3.
NarF 00624 wav - [0.04S04125565290451, .05543386563658714, 0.0125827393 0, 0034613845129527807, 0.012253 138236701488, 0.036264 751108500625, 0.030MB31 712315851, 0.063491 18053913116, 1 8033996804983
NarF Q0625 wav 0. 04216250444135666, 0056367240845 157074, 0064222842 0, 0330926 80889249, 0.010567T73133516312, 0.024G87788055711436, 0 024174B4653890133, 0.06064486222075416, 0 B82230839759063
NerF 00625.wav [0.03479812132004765, .0AG6 7405035072037, 0.06425309397 0, 002425 145544115835, 0 00B54B086503108543, 0.01737264814376831, 0.015760213300585747, 0.034552354353587234, 1.2 7600038051605
NarF 00627.wav - [0.04BS188204578943, 0.056558111307621, 00800651 146640 [0.003301 1464402075382, 0 0100435 E5183877945, 0.029756801202853257, 0 0223953331 75138935, .043056830763816833, 0. 09856833455
NarF Q0628 wav [0.0376L0311061143875, 0048 1816530227661, 0.0608577514 [0, 0020805234119851725, .00 1L71172555261, 0.02406763401965095, 0.0158422 73583215714, 0.03TLAGUTAS4T0L3, L MGDA0TS3609613
NarF 00632wav [0043TEO0%6L766243, 0054281835 TB1076%4, 0.0T3515072747 0,03 363 TE13S3735986, 0 O0B90AT33G95089817, 0021655 75511753559, 0.018753858283160117, .06 O9KL 730108261, 2164366 7221069%
NerF Q0625 wav [0.0M3765630573034286, 0.05475788336018944, 0.06827L10730.0022883105633305843, 0.007A22498427331448, 0.02481432817676339, 003 L2133082747459, 00606e8ACE8 7089702, 1 0536603545142
NetF 0063Lwav - 0.039586104452510016,0.05136385657833034, .0760420784 [0, 003435253196 207252, 0009583 70774565342, 0035860676220, 0004577339643 13957, 0. B3614351 74542, L BT 4TI0ATS, 1
NarF Q0630.wav [0.04715835611196515, 0056328195808 1315, 0.07135164209 0. 0041675653335535007, 00135161 1510164356, 0.47004%792753174, 0 038205882774 29855, 0.064T023354703865, 10229075 06593018, 1
NatF 00635.wav - [0.030072503260588545,0.043636504665054056, 0067714514 [0 003580 74112147033, 0,014165863425195217, 0.C28905453150405.16, 00276085 28615122505, 0.C26830255710550308, 338 28513622283%
NarF 00637wav [0.037330128252506256, ,4554083 740115155, .0649532154 [0, 00285006 25062615, 0.0077B4092333167751, 0.018585604367339134, 0.0L 1883041821420, 003116525 09623055, LTI TGS adsmny
NerF Q0634 wav 004105965 793132782, 0.05230L6450422095, 007334198057 0,036871 46585434573, 0.01144316140562296 0.0256Z8AAG0G44512, 0.168L5025359392165, 0.06700053811073303, 2 S524187085012695
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NerF Q0636wav [0.0446246574170208, 00354522968 1451852, 0.0T0563070476 0,035 25343956415766, 0.014203186146314939,0.C30544TTEAG34G507, 00234 646010974884, 0052453003823 75717, 2 319829750061035
NerF 00633.wav [0.04749775677519388, 0.05761L15538025705, 0.07523944228 0. 036 L30639026342053, 0.01T208334058523178, 0.03T3SAGL086024773, 0.026L58181950449544, 00603598 7998843153, 11690 73581695556
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Appendix Figure 2. sample feature from speech corpus
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Appendix D

Lawer {Typel Cutput Shape Paiaim 8
imgut 1 Logast L) (Moie, Mone, Mone, 13%) ]
expand dim {Reshapa) (Mone, Mone, 139, 1) ]
coeredd 18 ([ConviD) (Monie, Mone, &%, 32) 14 432
batch_norsalization 1E (BatchMorsalization) (Monie, Mone, &5, 32) 128
e lu 27 [RaLl) (Mene, Mone, S5, 32) g
coeredd 1% [Convil) (Mone, Mone, 33, 32) FECR
batch_nordalization 1% [Batchmcraalization) (Mone, Pone, 33, 32) 128
ra_lu_ 26 [Raell) (Mene, Mone, 33, 31) |
racshape % [Aohapa) (Monie, Mone, 1856) ]
bidirectional 45 {Hidirectional) (Mone, Mone, F56) 018, 328
dropout_45 {Dropout] (Mone, Mone, F56) ]
bEdirectional 4& (Bidirectional) (Monie, Mone, X56) 205 44R
dropoul 48 {Drogout] (Mone, Mone, 567 g
bEdirectional 47 (Bidirectional) (Mo, Pone, 1567 FLE
dropoul_47 {Drdpout] (Mone, Pone, 1567 g
bidirectional 45 {Hidirational} (Mene, Mene, 156} 204, 448
diopout 43 {Drogost] (Monie, Mone, F56) ]
bidirectional 4% {Hidirectional) (Mone, Mone, F56) 05 44R
dercie 18 [Dense) (Mone, Mone, 256) L, Tk
ri_lu_ 20 [Ralu) (Monie, Mone, X56) ]
dropoul_4F {Drogout] (Mone, Mone, 567 g
decia_19 [Dansé) (Monie, Mone, 1387 - HF

Total parads: 2,474,315 [9.43 PE}
Trafnahle params: 2,274,188 [3.44 M8)
Hod-tralnable params: 103 (50108 B)

N A R T
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5+ Model: "DeepSpeech 2"

i Layer (type) i Output Shape i Param # i
I Lngut {InputLayer) I {More, None, 129, 129) I 8 I
! reshape 1 {Reshape) ! {Mone, Mone, 129, 129) | 8 !
I convid 1 (ConvaD) I {Mone, None,; 65, 32} | 1,861,768 I
| batch_normelization [Batchorsalization) ! {Hone, HWone, 65, 32} | 128 |
i re_lu (Rell) i {Mone, None,; 65, 32} | a8 i
| convld_2 (Conv2D) ! (Mone, Mone, 33; 32} | 236,576 |
i batch_normalization_1 (BatchWornalization) i (Hone; Hone, 33; 32} | 128 i
& lu 1 [Rell) {Hone, HNone; 33, 32} 8
| reshape 2 (Reshape) | (Mone, Mone, 1856) a |
bidireetional (Bidirectional) {More, None, 256) 918, B4R
! dropout {Dropout) ! {None, Mone, 256) | 8 !
I bidirectional 1 (Bidirectional) I {Mone, Mone, 256) | 296G, 448 I
| dropout_1 {Dropout) ! (Mone, Mone, 256) | B |
I bidirectional 2 (Bidirectional}) I {Mone, Mone, 256) | 296G, 448 I
| dropout_2 {Dropout) ! (Mone, Mone, 256) | B |
i bidirectional 3 (Bidirectional}) i {Mone, Mone, 256) | 296G, 448 i
| dropout_3 (Dropout) ! {Mone, Mone, 256) | B |
i bidirectional 4 (Bidirectional}) i {Mone, Mone, 256) | 296,448 i
dense (Dense) {More, None, 256) 65,792
! re_lu 2 (Rell) ! {Mone, Mone, 256) I| 8 !
I dense 1 (Dense) I {More, None, 236) ] 68,652 I

Total params: 4,321,676 (16.49 MB)
Trainable params: 4,121,548 (16.49 MB)
Non-trainable params: 128 (512.68 8)

Appendix Figure 3. Number of parameters used for training



Appendix E
""""""""""""""""""""" APV 4B RUD

Actual transcription: #+ ndC #P4 Ni A% Afihd 240 mieP

Predicted transcription: 4+ 09C #7402 A% Mkt #4C MP

Actual transcription: nf oHf fandd Thh APGEA FRAAC TR0 ACPR CRAP T NACAATLC
Predicted transcription: mf e fadd Thh APLA TRAAC THh ACTR PRAP T NACAATLC
Actual transcription: n8fm§ 40P fe it N80 EoAS e

Predicted transcription: nA+hG #4pf fC it 050 £OAF HCP

Actual transcription: echiEd +2%1 40mf +4C 00N het &F)
Predicted transcription: mCiiEr #8771 +@mfP H4C 00N HET 873

Average Word Error Rate (WER) over 5 iterations: 8.82

Actual transcription: TR M #4a f} WP 2C K67 Tig henCP B b AP RICER @ i
Predicted transcription: Wf 0t} #4ce 0% K4 3C 47 06 hGnCP K 04 QP

Actual transcription: #25 acet P17 e M MAAHC BF 41
Predicted transcription: R F} AP AP

Actual transcription: AH® CrFh ACF MPIRA P TR KA RGP 0T 40 PP NERY HIC ToHP 03
Predicted transcription: AP fmif ACF MTRA 0P TP SR &GP 1 P AP AGHE HOC TP 0

Actual transcription: K AP KT AP RAHCP ALAP n10IR B3P A
Predicted transcription: A¥P Bt AT hidi0P AOHCR (ALAP ARSI TP A0

Word Error Rate (WER): 8.70
{ b

Appendix Figure 4. sample output for proposed model
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Appendix F

© import os
import numpy as np
import librosa
import matplotlib.pyplot as plt
import tensorflow as tf
from tensorflow.keras.models import Model
from tensorflow.keras.layers import LSTM, Dense, Dropout,
Input, Attention, Conv2D, MaxPocling2D, Reshape, Bidirectional
from sklearn.preprocessing import LabelEncoder
from tensorflow.keras.callbacks import EarlyStopping, ReduceLROnPlateau

# Load audio data and preprocess
def load_audio_files_and_labels{audio_dir, label_file):
audio_data = []
labels = []
audio_files = [f for f in os.listdir(audio_dir) if f.endswith('.wav')]

with open(label_file, 'r') as f:
transcriptions = f.readlines()

for audic_file, transcription in zip(audio_files, transcriptions):
audio_path = os.path.join(audio_dir, audio_file)
transcription = transcription.strip()

if os.path.exists(audic_path):
signal, sr = librosa.load{audio_path, sr=None)
mfccs = librosa.feature.mfcc(y=signal, sr=sr, n_mfcc=13)
audio_data.append(mfccs)
labels.append(transcription)

return audio_data, labels
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© import numpy as np

import tensorflow as tf

from tensorflow.keras impert layers, models, backend as K

# Define the CNN-BiGRU with Attention model

def build_model(input_shape, num_classes):

inputs = layers.Input(shape=input_shape)

CNN layers
layers.Conv2D(22, kernel_size=(3, 3), activation="relu’')(inputs)
layers.MaxPooling2D(pool_size=(2, 2))(x)
layers.Conv2D(54, kernel_size=(3, 3), activation='relu’)(x)
layers.MaxPcoling2D(pool_size=(2, 2))(x)
layers.Reshape(target_shape=(-1, x.shape[-1]))(x) # Reshape for RNN
BiGRU layers
layers.Bidirectional(layers.GRU(128, return_sequences=True))(x)
layers.Bidirectional(layers.GRU(128, return_sequences=True))(x)
Attention mechanism

attention = layers.Attention()([x, x])

X = layers.Concatenate()([x, attention])

# Output layer

outputs = layers.Dense(num_classes, activation="softmax’)(x)

model = models.Model(inputs, outputs)

return model
# CTC loss function
def ctc_loss(y_true, y_pred):

y_true_len = tf.cast{tf.reduce_sum(y_true != -1, axis=1), tf.int32)

y_pred_len = tf.fill(tf.shape(y_true_len), tf.shape(y_pred)[1])

return K.ctc_batch_cost(y_true, y_pred, y_true_len, y_pred_len)
# Build and compile the model
model = build_model(input_shape, num_classes)
lodel.compile@optinizer:'adam', loss=ctc_los$ﬂ
# Print model summary
model.summary()

=
X
X
X
X
X
=
X
X
=
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° # Plot training loss and accuracy with different sizes
def plot_history(history):
# Plot training loss
plt.figure(figsize=(8, 4)) # Larger size for loss plot
smoothed_loss = smooth_curve{history.history[ "loss'])
plt.plot(smoothed_loss, label='Train Loss ', cclor="blue')
plt.xlabel('Epoch')
plt.ylabel('Loss')
plt.legend()
plt.show()

# Plot training accuracy

plt.figure(figsize=(8, 6)) # Smaller size for accuracy plot
smcothed_accuracy = smooth_curve(history.history[ 'accuracy'])
plt.plot(smoothed_accuracy, label="Train Accuracy ', color="blue®)
plt.xlabel('Epcch’)

plt.ylabel('Accuracy”)

plt.legend()

plt.show()

# Call the p}ot function
plot_history(history)

Epoch 44/5@
26/26 [======z=====z===z===z===z==========] - 15 41ms/step - loss: @.1519 - accuracy: ©.9710
Epoch 45/50
26/26 [==============================] - 15 45ms/step - loss: ©.€818 - accuracy: ©.9819
Epoch 46/50
26/26 [=================z==z===========] - 15 49ms/step - loss: @.8757 - accuracy: ©.9782
Epoch 47/50
26/26 [z==========z==z==z===z===z==========] - 15 Sems/step - 1loss: @.8689 - accuracy: @.9867
Epoch 48/5@
26/26 [==================z============] - 15 5@ms/step - loss: ©.@614 - accuracy: ©.9879
Epoch 49/5@
26/26 [==============================] - 15 43ms/step - 1loss: @.8624 - accuracy: @.9891
Epoch 58/5@
26/26 [==============z===z=============] - 15 3éms/step - loss: ©.0383 - accuracy: ©.9879

Appendix Figure 5. sample codes
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