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ABSTRACT 
This study aims to develop an Afaan Oromoo Text Reading model for visually impaired 

individuals by integrating Tesseract Optical Character Recognition (OCR) with Recurrent 

Neural Network based Tacotron2 model using deep neural network approaches. The research 

addresses the challenges faced by visually impaired people in accessing written text and 

proposes a solution to enable them to hear Afaan Oromoo text through synthesized speech. The 

existing Afaan Oromoo Text-To-Speech studies have limitations in terms of intelligibility and 

naturalness. Most of these methods rely on traditional techniques such as concatenative 

synthesis, while the latest study utilizes Griffin-Lim algorithm as a vocoder, which is traditional 

compared to utilization of more advanced flow-based generative models. This study addresses 

the need for improved text-to-speech synthesis for the Afaan Oromoo language. To extract Afaan 

Oromoo text from images, we employ Tesseract OCR engine, which demonstrates accurate text 

extraction capabilities. To convert extracted text into speech, we used a high-quality text-to-

speech synthesis Tacotron2 model. Additionally, we employ WaveGlow and High Fidelity 

Generative Adversarial Network (HIFI-GAN) vocoders to improve the quality and naturalness of 

the synthesized speech. Dataset for model training is collected from various sources, including 

news, religious books, and benchmark dataset is utilized to enhance the Model training with 

9000 sentences and transcribed audio datasets. The developed model was evaluated using 

subjective evaluation mean opinion score (MOS) and objective evaluation Mel Cepstral 

Distortion (MCD) using dynamic range of root mean square error (RMSE) assessments. 

Tacotron2 model with WaveGlow vocoder achieved MOS scores of 4.11 for intelligibility and 

3.87 for naturalness and MCD evaluation scored 5.29%. On the other hand, Tacotron2 model 

with HIFI-GAN vocoder achieved MOS scores of 4.39 for intelligibility and 4.35 for naturalness 

and MCD evaluation scored 3.16%. These results indicate the high quality speech synthesis of 

Afaan Oromoo Text when using Tacotron2 model with flow-based generative vocoders. This 

study contributes to the field of assistive technologies by integrating Tesseract OCR, Tacotron2 

model, and HIFI-GAN vocoder, which allows visually impaired as well as individuals with 

reading difficulties to access Afaan Oromoo written text through synthesized speech. 

 

Keywords: Afaan Oromoo, Visually Impaired, Tesseract OCR, Text to Speech, Tacotron2, 

WaveGlow, HIFI-GAN 
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CHAPTER ONE 

1. INTRODUCTION 

 1.1 Background of the Study 

Blindness is a condition in which an individual loses the ocular perception. According to recent 

studies, Approximately 4 million individuals in Ethiopia experience visual impairment, with 

1.6% of them being blind and 3.7% having low vision. Visual impairment affects women more 

significantly than men. Furthermore, approximately 6% of the blind population comprises 

children(Together Civil Society, 2020). 

Furthermore, visually impaired people face many challenges in their every-day life, and a 

number of these could be relieved to some degree via the use of an aiding device based on 

artificial vision systems(Lara-alvarez & Bayro-corrochano, 2014). The current trend in 

technological development is to take advantage of cameras found in smartphones, portable 

computing devices, and wearable devices that offer several complementing solutions for the user 

(Lara-alvarez & Bayro-corrochano, 2014). 

The issue of equal participation in all aspects of life, particularly education, is a growing global 

concern. While students with disabilities are the most recent marginalized group to achieve equal 

opportunity, students with blindness face far more serious challenges in Ethiopian higher 

education institutions. According to a study conducted at AAU on Academic Challenges of 

Visually Challenged Students in Addis Ababa University Ethiopia, AAU is still a long way from 

satisfying visually challenged students for academic success because it has yet to establish a 

structure to assist them(Mulugeta & Mekuriaw, 2017). Yihun and Belay, in their findings, show 

that even though some opportunities support inclusive education, these opportunities do not 

guarantee their implementation effectively(Yihun & Belay, 2020). 

The study, which aimed to assess students' "Braille Reading (BR) and Braille Writing (BW) 

skills and identify challenges impeding those skills," found that students lacked awareness and 

support in BR and BW activities, the SNE resource center was disorganized, and learners lacked 

experience using their fingers during BR. Other challenges that contributed to students' poor 

Braille skills included a lack of Braille-skilled teachers and principals, as well as a school 

promotion policy(Mitiku, 2020). 
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The study aimed to address the need for reading written texts for visually impaired individuals in 

the Afaan Oromoo language. The study aimed to enhance the reading experience of visually 

impaired individuals and also improve intelligibility and naturalness of Afaan Oromoo text-to-

speech synthesis by leveraging deep learning techniques. This field of study was dependent on 

language, and most efforts had focused on accessible languages, as a result, languages with 

limited resources received less attention. Additionally, existing Afaan Oromoo TTS systems have 

employed various techniques, including Hidden Markov Models (HMMs) and RNN based 

Tacotron2 model using deep learning approach with Griffin-Lim algorithm as a vocoder. 

However, these approaches have certain limitations.  

HMM-based TTS systems struggle to capture the intricate nuances of speech, such as prosody, 

intonation, and timing, resulting in less natural and expressive synthesized speech(Abraham et 

al., 2022). Similarly, the Griffin-Lim algorithm, a traditional vocoder, has limitations in 

generating high-quality speech compared to more advanced flow-based generative models. It 

lacks explicit control over voice characteristics, such as pitch and prosody, and may not capture 

fine-grained details accurately(Masuyama et al., 2019). These limitations highlight the need for 

more advanced techniques in TTS systems to overcome the shortcomings of HMMs and 

traditional vocoders Griffin-Lim by exploring alternative deep learning-based models and flow-

based generative models.  

The proposed solution employed two-step to achieve the objectives. Firstly, it employed 

advanced methods for extracting text from images containing Afaan Oromoo texts, effectively 

separating the textual content and saving it as a separate text file. This process involved image 

pre-processing and utilizing deep learning algorithms using optical character recognition (OCR) 

techniques, Tesseract OCR, to accurately extract the text. Secondly, the study focused on 

converting the extracted text into Afaan Oromo speech, enabling visually impaired individuals to 

listen to the content of the document through synthesized speech. This step involved utilizing 

sophisticated text-to-speech synthesis models, Tacotron2, combined with vocoders WaveGlow 

and HIFI-GAN, to generate high-quality and natural-sounding speech.  

To evaluate the effectiveness of the developed model, the study employed rigorous evaluation 

measures. The performance of the text extraction process using Tesseract OCR was assessed 

with the word error rate as a key evaluation metric. The intelligibility and naturalness of the 
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synthesized speech were evaluated through subjective assessments using the Mean Opinion 

Score (MOS) metric, providing insights into the intelligibility and naturalness of the generated 

speech. The Mean Opinion Score (MOS) is a widely used subjective metric used to evaluate the 

quality of synthesized speech(Leng et al., 2021). It involves multiple human judges who assess 

each speech utterance and provide their subjective ratings. Additionally, objective evaluation 

method Mel Cepstral Distortion (MCD) was utilized to measure the similarity between the 

generated speech and the target speech. The results of this research attempt to bring significant 

implications for the progress of inclusive technology and the creation of text-reading models 

customized to the requirements of visually impaired individuals. Additionally, the findings of 

this study hold promise for individuals facing reading difficulties, such as dyslexia or cognitive 

impairments. Furthermore, the ability to generate audio content from written text shows a range 

of possibilities, including the production of audiobooks, podcasts, voiceovers, and various other 

forms of audio-based media. 

 1.2 Statement of Problem 

Despite significant advancements in assistive technology for the visually impaired, there 

remained a shortage of text reading materials available in regional languages like Afaan 

Oromoo(Mulugeta & Mekuriaw, 2017; Yihun & Belay, 2020). This created a major obstacle for 

visually impaired individuals who relied on written information to participate fully in society and 

access education, employment, and other essential resources. 

Individuals with visual impairments rely on the braille system as their primary method of 

reading. The braille system consists of 63 character codes, each represented by a combination of 

1 to 6 raised dots arranged in specific patterns within cells. Braille characters are embossed onto 

paper, and individuals read them by carefully running their fingertips over the raised dots. 

However, mastering braille can be challenging as it requires dedicated learning. Furthermore, not 

everyone possesses fingertip sensitivity necessary to effectively utilize this physical reading 

system, and also there are limitations to getting books using Braille in the market(Kate Beck, 

2018). It was discovered that the growth, personal dignity, and well-being of Ethiopian visually 

impaired individuals appear to be affected since they live in a setting with a variety of social, 

psychological, and educational issues(Tolla, 2022). 
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The current solutions for this challenge often involved manual transcription of written materials 

into audio format(Brailleworks.com, 2023; Scotland, 2023), which was time-consuming and 

expensive. Additionally, many existing text-to-speech solutions were not tailored to regional 

languages like Afaan Oromoo and existing Afaan Oromoo TTS methods are limited in both their 

intelligibility and naturalness. Most of these methods rely on traditional techniques such as 

concatenative synthesis, which struggle to capture the nuances of the language, while the latest 

study utilizes the traditional Griffin-Lim algorithm as a vocoder, in contrast to the utilization of 

more sophisticated flow-based generative models. These challenges highlighted the need for a 

practical, efficient, and effective solution to the issue of reading written text in the Afaan 

Oromoo language. 

This study aimed to address this issue by proposing the development of a deep learning-based 

text-reading model specifically designed for the Afaan Oromoo language. By using a deep 

learning approach, the model was able to accurately extract and translate extracted Afaan 

Oromoo text into an audio format, which aim to offer visually impaired individuals an audio 

representation of written text that is both understandable and sounds natural.  

1.3 Research Questions 

This study aimed to address the following research questions. 

Q1: How can we improve the quality of speech synthesis? 

Q2: How to develop a model that can efficiently read Afaan Oromoo text? 

Q3: To what extent can the newly developed model improves the quality of speech synthesis? 

1.4 Objectives of the Study 

1.4.1 General Objective   

The general objective of this study is to develop a model for reading Afaan Oromoo Text that 

will help visually challenged individuals understand and listen to the content of written text in 

Afaan Oromoo. 

1.4.2 Specific Objectives  

The Following specific objectives have to be achieved in-order to fulfill the general objective. 

 To Identify and collect the necessary data for the development of the model; 

 To Identify how to extract text from an image; 
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 To Determine the appropriate deep learning approach that will be used to develop the model; 

 To Develop a model that can synthesize Afaan Oromoo text into speech;  

 To Evaluate the performance of the developed model using performance evaluation metrics; 

 1.5 Significance of the Study 

The study "Developing Afaan Oromoo Text Reading Model for Visually Impaired People using 

Deep Learning Approach" was significant in several ways. Firstly, it addressed a pressing need 

for reading text in the Afaan Oromoo language for visually impaired individuals. This was an 

important issue because it helped to increase their accessibility to information, improve their 

educational outcomes and overall quality of life. Additional benefit individuals with reading 

difficulties and to generate audio content from written text. Secondly, the study utilized a deep 

learning approach, which was a cutting-edge technology in the field of assistive technology.  

Additionally, the study was also important for the Afaan Oromoo language and culture. Afaan 

Oromoo is one of the largest indigenous languages spoken in Ethiopia, but it has not received 

much attention in the field of assistive technology. The study also showed that technology can 

play a significant role in preserving language and culture by making it accessible to a wider 

audience, including visually impaired individuals. As such, the study made a valuable 

contribution to the promotion and preservation of the Afaan Oromoo language and culture. 

Potential Applications of Study Findings: 

The findings from our study have the potential to contribute significantly to the development of 

assistive technologies for visually impaired individuals, enhancing their ability to access and 

interact with written text. Moreover, the synthesized speech generated by our model can also 

benefit individuals with reading difficulties, such as dyslexia or cognitive impairments, by 

providing an alternative means to comprehend written content. Additionally, our model's 

capability to generate audio content from written text opens up possibilities for creating 

audiobooks, podcasts, voiceovers, and other forms of audio-based media. Furthermore, by 

enabling the conversion of written Afaan Oromoo text into synthesized speech, our study 

findings can contribute to the preservation and dissemination of social and cultural content, 

making it accessible and engaging for a wider audience. 
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1.6 Scope and Limitations of the Study 

The scope and limitations of the study "Developing Afaan Oromoo Text Reading Model for 

Visually Impaired People using Deep Learning Approach" were as follows: 

Scope: 

 The study employed Optical Character Recognition (OCR) techniques to extract Afaan 

Oromoo text from an image. 

 The model was developed to synthesize Afaan Oromoo text, which is extracted from an 

image containing Afaan Oromoo text. 

 The study aimed to evaluate the efficiency of the model by extracting Afaan Oromoo text 

from the image and converting the text into speech output. 

Limitations: 

 The study focused on the extraction of Afaan Oromoo text from images using Optical 

Character Recognition (OCR) techniques, primarily for printed text. However, 

handwritten text recognition was not specifically addressed in this study. 

 The study relied on a small sample of Afaan Oromoo text which is extracted from an 

image for the evaluation of the model's performance, which may not accurately reflect the 

model's performance on a larger corpus of text. 

 The study also did not consider the potential impact of pronunciation variations, accents, 

or other language-specific issues that may affect the accuracy of the text-to-speech 

conversion. 

 The research did not include the creation and integration of hardware components; it was 

only interested in the implementation of text extraction from an image and development 

of text to speech synthesizer models. 

 

 



7 
 

1.7 Thesis Organization 
This research study is organized into six chapters to provide a structured framework for 

examining and presenting the findings. Chapter 1 serves as the introduction, offering an 

overview of the study's background, objectives, statement of problems, significance, and scope 

and limitations of the study. Chapter 2 presents a comprehensive literature review, summarizing 

existing knowledge and identifying gaps in the field of Afaan Oromoo text reading models. In 

Chapter 3, the research methodology is described, including details on data collection methods 

and preparation, text extraction from an image and speech synthesis. The proposed solution is 

outlined in Chapter 4, which includes the proposed solution and architecture, integrating 

Tesseract OCR, Tacotron2 model, vocoders and Transfer learning. Chapter 5 focuses on the 

implementation of Tesseract OCR and Afaan Oromoo text-to-speech synthesis model training. 

The evaluation and discussion of the model's results are presented in Chapter 6, analyzing results 

and highlighting strengths and limitations. Finally, we concluded the study by summarizing key 

findings, providing recommendations for further improvements, and discussing the broader 

implications and potential future research directions. 
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CHAPTER TWO 

2. LITERATURE REVIEW 

 2.1 Overview  

The development of a text-reading model for visually impaired individuals has been an area of 

research that has received significant attention in recent years(Ganesan et al., 2022; Swain & 

Sahoo, 2021). Many researchers have focused on converting written text into speech output to 

make written materials more accessible for visually impaired individuals. However, before the 

text-to-speech conversion could be performed, the text had to be extracted from the printed 

document through a process known as image-to-text conversion. This process involved using 

optical character recognition (OCR) techniques to extract the text from an image. 

There have been numerous studies and works conducted in the past on image-to-text conversion 

and its application to assistive technology for visually impaired individuals. These studies 

explored various OCR techniques, including deep learning-based approaches, to achieve high 

accuracy in text extraction. Additionally, there have also been studies that integrated OCR and 

text-to-speech synthesis to create comprehensive text-reading models for visually impaired 

individuals. It was important to review the existing literature on image-to-text conversion and its 

application to assistive technology for visually impaired individuals to gain a deeper 

understanding of the field and the techniques that were developed. This information was valuable 

in guiding the development of the proposed text reading model for the Afaan Oromoo language, 

taking into account the unique challenges faced by visually impaired individuals. 

 2.2 Visual Impairment and Blindness 

Visual impairment and blindness are conditions that can greatly impact an individual's quality of 

life. According to World Health Organization (WHO) report on October 2019, “Currently, 

approximately 2.2 billion individuals globally are affected by vision impairment, with around 1 

billion of them experiencing preventable or unresolved vision impairments”(World Health 

Organization, 2019). Visual impairment can result from a variety of causes, including eye 

diseases, eye injuries, and congenital conditions. Blindness and visual impairment can lead to a 

range of difficulties, including difficulty with daily activities such as reading, navigating, and 

performing household tasks. In addition, visually impaired individuals may experience social 
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isolation, reduced employability, and limited access to information and education(Rokach et al., 

2021). 

A study was conducted to investigate the prevalence of visual impairment and identify related 

factors among school-aged children in Ethiopia. The study involved 718 students, resulting in a 

response rate of 89.3%. The results showed that 7.24% of the school-age children had visual 

impairment, with 3.9% being classified as having low vision and 3.34% having severe visual 

impairment. Some factors that were found to be associated with a visual impairment include: 

being female (with an adjusted odds ratio of 2.28), being between the ages of 10 and 13 years 

(AOR of 2.94) or 14 to 18 years (AOR of 4.06), being a student in a private school (AOR of 

2.61), watching television for 2 to 4 hours per day (AOR of 3.56), watching television at a 

distance of less than 1 meter (AOR of 7.65), mobile exposure for 2 to 4 hours per day (AOR of 

2.61), and medical visits while experiencing symptoms (AOR of 11.32). On the other hand, not 

having a medical visit experience was also found to be associated with visual impairment (AOR 

of 3.84) (Bezabih et al., 2017). 

Another study conducted at Ambo Town aimed to determine the extent of visual impairment and 

its associated factors among primary school children. Out of the 838 students enrolled in the 

study, 93.07% participated, giving a total of 838 students. The results showed that 69 students, 

which is 8.8% (95%CI: 6.81-10.79) had visual impairment. The main cause of the impairment 

was found to be a refractive error in 46 (54.76%) students. The study identified several factors 

that were significantly associated with visual impairment among primary school children, such 

as grade level (AOR=2.375 95%CI: 1.079-5.226), exposure to mobile devices (AOR=2.44 

95%CI: 1.401-5.01), awareness of child's eye problems (AOR=4.503 95%CI; 2.12-9.55), and a 

family history of visual impairment (AOR=2.41 95%CI: 1.071-5.42) (Legese et al., 2023). 

2.3 Challenges of Visually Impaired People 

Among the various educational strategies, inclusive education enables all students to learn in 

formal educational settings. This approach offers tailored teaching within suitable classes, 

addressing the educational requirements of typical students as well as those with special needs in 

an age-appropriate manner (Yihun & Belay, 2020). The results of the authors' research suggest 

that a small portion of the Ethiopian population takes advantage of government and non-
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government services, as indicated by prior studies. Additionally, there is a relatively low 

provision of education for children with disabilities of school age. 

In Ethiopia, a school has few opportunities and had a difficult time implementing inclusive 

education(Mulugeta & Mekuriaw, 2017). Lack of instructional resources and a skilled workforce 

are two issues that school faces in implementing inclusive education. Furthermore, the school 

lacks a systematic approach to conducting regular and scientifically-based assessments to 

identify the specific needs and extent of visual impairment among students. The library and 

resource room suffer from a significant scarcity of Braille materials, including handouts, 

modules, and reference books, along with other essential educational resources(Mulugeta & 

Mekuriaw, 2017). On another study, which aimed to assess students' "Braille Reading (BR) and 

Braille Writing (BW) skills and identify challenges impeding those skills," The study revealed 

that students were deficient in their understanding and support for Braille (BR) and raised-dot 

writing (BW) activities. Additionally, the special needs education (SNE) resource center was 

found to be disorganized, and learners lacked proficiency in using their fingers during Braille 

reading (BR). The findings indicated that students' Braille (BR) and Braille writing (BW) skills 

were significantly lacking, and their reading speed was notably slow. Furthermore, students 

demonstrated poor skills in both Afaan Oromo and English in relation to braille writing 

(BW)(Mitiku, 2020). 

The study findings focused on exploring the experiences and difficulties encountered by students 

with visual impairments (SVI) in higher education institutions (HEIs), revealed several major 

challenges faced by SVI in HEIs. Firstly, the students frequently faced departmental assignments 

not aligned with their interests, and secondly, HEI curricula were inflexible and failed to 

accommodate the needs of SVI students. Access to accessible curricular materials was limited, 

along with a lack of utilization of assistive technology (Gebrehiwot, 2015). Additionally, 

assessment practices were deemed unfair towards SVI students, and the learning environment 

was not conducive to their needs. The support provided by institutions for SVI students were 

inadequate and disorganized, while instructors showed minimal effort in accommodating the 

learning needs of SVI students during classroom instruction. It should be noted that the findings 

showed no significant differences in perceptions among SVI of the two institutions 

studied(Gebrehiwot, 2015). Overall, the study highlights the need for HEIs to take a more 

proactive and inclusive approach toward supporting SVI in their academic pursuits. 
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(Omede, 2015)This study highlights the importance of addressing the specific educational needs 

of visually impaired students. The findings suggest that access to computer applications, optical 

aids, Braille writing materials, and physical facilities are essential to support their learning. 

Additionally, the availability of qualified personnel, funding, and library resources plays a 

crucial role in ensuring that visually impaired students receive a quality education. These 

findings underline the need for institutions to prioritize the support and resources needed to 

provide a fully inclusive education experience for visually impaired students. 

According to a study conducted by the International Labour Organization (ILO) in Ethiopia, it 

was revealed that a significant proportion of individuals with disabilities, approximately 95%, 

live in poverty. These individuals heavily rely on family assistance and resort to begging as a 

means of livelihood. Another study conducted in the Oromia region found that 55% of the 

surveyed individuals with disabilities depend on their families, neighbors, and friends for their 

sustenance. These findings highlight the challenging socio-economic conditions faced by people 

with disabilities in Ethiopia, emphasizing the need for inclusive policies and support systems to 

improve their quality of life.1 

Summary of Visual Impairments and Challenges 
The study found that the prevalence of visual impairment among primary school children in 

Ambo Town was 8.8%, with refractive error being the main cause. High school grade level, 

mobile exposure, family history, and lack of awareness about eye problems were significant 

factors associated with visual impairment. To address this issue, regular monitoring and 

screening of schoolchildren is crucial, as well as increasing community awareness and access to 

eye health services (Legese et al., 2023). In a separate study, the result showed that 7.24% of 

school-age children in Ethiopia had visual impairment, with low vision being more prevalent. 

The study identified female gender, age (10-13 years and 14-18 years), being a private school 

student, television exposure, mobile exposure, and lack of medical visits as associated factors 

with visual impairment. To reduce the prevalence of visual impairment, community awareness 

and access to affordable eye health services are important (Bezabih et al., 2017). 

The studies reviewed suggest that inclusive education has the potential to benefit all students, 

including those with special needs. However, the implementation of inclusive education in 

                                                           
1 International Labour Organization, 
https://www.ilo.org/wcmsp5/groups/public/@ed_emp/@ifp_skills/documents/publication/wcms_112299.pdf 
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Ethiopia faces several challenges, including a shortage of instructional resources, a lack of 

qualified professionals, and a lack of professional growth and development opportunities. The 

study results indicate that students with visual impairments face particular challenges in 

accessing education, including limited access to curricular materials in accessible formats and 

limited use of assistive technology. Additionally, the study results show that the assessment 

practices in higher education institutions are often unfair to visually impaired students and the 

learning environment is not friendly to them. The support received by visually impaired students 

from their institutions was found to be inadequate and disorganized, and instructors made little 

effort to accommodate their learning needs. Another finding highlight the need for higher 

education institutions to prioritize the support and resources needed to provide a fully inclusive 

education experience for visually impaired students.  

 2.4 Artificial Neural Networks 

Artificial Neural Networks (ANNs) mimic the structure and functioning of the human brain and 

are a type of artificial intelligence. They comprise interconnected nodes known as artificial 

neurons, which collaborate to process and analyze data. ANNs can be used to solve complex 

problems and perform tasks that were previously only possible through human efforts, such as 

recognizing patterns and making predictions(Gourav, 2021). 

One of the key applications of ANNs is in the field of Optical Character Recognition (OCR) and 

Text-to-Speech (TTS) systems(Pancholi & Patel, 2021). In OCR systems, ANNs are used to 

recognize and transcribe text from images and scanned documents. The system analyzes the 

image, breaking it down into individual characters, and then uses ANNs to identify and classify 

each character based on patterns and shapes. This allows the system to accurately transcribe text 

from any image or document, even if the text is distorted or written in a different font. Similarly, 

TTS systems use ANNs to convert text into spoken words. The system first processes the text 

input to understand its structure, such as the words, sentences, and prosody (the rhythm and 

melody of speech)(Alam et al., 2020; Tan et al., 2021). The processed text is then used to train an 

ANN, which generates an audio output that mimics the natural rhythm and tone of human 

speech. This allows the TTS system to produce a synthetic voice that sounds similar to a human 

voice, making it easier for visually impaired individuals to understand written text. 
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2.5 Convolutional Neural Network 

A Convolutional Neural Network (CNN) is a specialized type of Artificial Neural Network 

primarily used for analyzing grid-structured data, such as images or audio. CNNs are specifically 

designed to process and extract meaningful features from these types of data. It is used in 

computer vision and natural language processing tasks and works by passing a filter over the 

data, called convolution, and producing a feature map that can be used to classify or recognize 

patterns in the data(O’Shea & Nash, 2015). A convolutional neural network (CNN or ConvNet) 

is one of the earliest models of hierarchy, known for its ability to learn intricate patterns in 

images across multiple layers using a series of two-dimensional convolutional operations. CNNs 

are specifically created to handle multi-dimensional data that is organized as several arrays or 

tensors(Alam et al., 2020). 

 

Figure 1: Architecture of Convolutional Neural Network(Alam et al., 2020) 

The above architecture of CNN shows that the input layer receives the raw input data, followed 

by a series of convolutional layers and max pooling layers that extract and down-sample 

features. This process is repeated in multiple blocks to learn more complex features. The fully 

connected layers then process these features and perform the final classification based on the 

learned representations. The output layer produces the probabilities for each class, indicating the 

predicted class for the input. 

 For Optical Character Recognition (OCR) systems, CNNs are often used to identify and extract 

text from an image. The network is trained on large datasets of images with text to learn the 

patterns of text and how to recognize it. The CNN processes the input image and uses pooling 

layers to reduce the dimensionality and simplify the feature map. Finally, the feature map is fed 

into a fully connected layer that uses the learned patterns to predict the text in the image(Alkaddo 
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& Albaqal, 2022). For Text-to-Speech (TTS) systems, CNNs can also be used to generate speech 

from text. The network is trained on large datasets of text and speech pairs to learn how to 

generate speech from text. The input text is processed through an encoder network that converts 

the text into a compact representation, which is then processed by a decoder network to generate 

an audio signal. The CNN approach is proven to be effective in synthesizing speech with high 

quality and naturalness, making it an attractive choice for TTS systems(Ping et al., 2017). 

 2.6 Recurrent Neural Network 

A Recurrent Neural Network (RNN) is a type of artificial neural network that is designed to 

process sequential data. It is a network of artificial neurons that are designed to recognize 

patterns in sequences of data, such as time series data, speech, text, or any other type of 

sequential data(Aishwarya.27, 2023).  

RNNs leverage sequential information, unlike traditional neural networks that assume inputs and 

outputs are independent. They consider prior information to enhance their processing 

capabilities. They are referred to as recurrent because they repeat the same computation for every 

element in a sequence and the output depends on previous computations. RNNs can be viewed as 

having a memory that keeps track of what has been computed thus far. Although, in theory, 

RNNs are capable of utilizing information from very long sequences, in reality, they are 

restricted to only considering a few previous steps(Britz A., 2017). A typical RNN can be 

depicted as follows. 

 

Figure 2: A recurrent neural network and the unfolding in time of the computation involved in its 

forward computation(Liu et al., 2015) 

Figure 2 above demonstrates how a feed-forward network can be created by unfolding an RNN 

over time. xt is the input at time step t, such as a one-hot vector encoding a word in a sentence, 

and st is the hidden state at time step t. This is also known as the network's memory, and it is 
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dependent on the input and previous concealed state at time step t. where ot represents the output 

at time step t in the equation ot=softmax(Vst)(Rajaram et al., 2018). An important characteristic 

of RNNs is their hidden state, serving as a memory to retain information from previous time 

steps and use it for future predictions. The hidden state is updated at each time step using the 

input and the previous hidden state. This allows the network to maintain context and capture 

patterns in the sequential data over time(DiPietro & Hager, 2020). RNNs have been widely used 

in a variety of applications, including natural language processing, speech recognition, and 

optical character recognition (Iryna, 2021). In OCR, RNNs can be used to recognize text in an 

image by processing the image pixel by pixel, while maintaining the context of the surrounding 

pixels. This allows the network to recognize patterns in the image and make predictions about 

the characters that are present. 

Similarly, RNNs have been used in Text-to-Speech (TTS) systems to generate speech from text. 

In TTS, the input is a sequence of characters or words, and the network generates speech by 

predicting the spectral parameters of the speech waveform at each time step(Karita et al., 2019). 

The hidden state of the network allows it to capture the context of the words and the 

relationships between them, which is crucial in generating natural-sounding speech. 

2.7 Image-to-Text Conversion 

Image-to-text conversion using OCR (Optical Character Recognition) refers to the process of 

converting images of text into editable text documents. Tesseract OCR is an open-source OCR 

engine that has become one of the most popular OCR technologies for image-to-text conversion. 

The system works by first preprocessing the image to make it more suitable for text recognition. 

This involves processes such as noise reduction, removing any noise or blur, and enhancing the 

image for better text recognition(Patel et al., 2012; Smith, 2005). Once the image has been 

preprocessed, OCR Tesseract uses its deep learning algorithms to recognize the text in the image. 

It divides the image into small segments and identifies each segment as either text or non-text. 

The recognized text is then processed to remove any errors or inaccuracies. The final output is a 

text document that can be edited and saved for further use. Tesseract OCR is highly accurate and 

supports multiple languages, making it an ideal solution for image-to-text conversion. 

Additionally, it is constantly evolving and improving, making it a reliable technology for image-

to-text conversion in various applications. 
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A recent research paper introduces an Android app that combines the Tesseract OCR engine, the 

Bing translator, and the phone's native speech output feature. The application has been tested 

with users from different language backgrounds, and the results indicate that it has a wide range 

of applications, including travel and accessibility for visually impaired individuals. With this 

application, travelers visiting foreign countries can understand messages in different languages, 

and visually impaired users can access important messages from printed texts through the speech 

output feature(Ramiah et al., 2015). 

In the field of OCR, digital cameras have emerged as a popular choice for image acquisition due 

to their speed, versatility, mobility, non-intrusive nature, and affordability. However, their use in 

OCR applications is limited by certain factors such as geometrical distortions. This study focuses 

on the preprocessing step involved in OCR, specifically with images captured using digital 

cameras. The effectiveness of the proposed preprocessing technique was evaluated through 

experiments using FineReader 7.0 as the OCR tool. The results of the experiments demonstrated 

the significance of image preprocessing in enhancing the performance of OCR 

applications(Bieniecki et al., 2007). The goal of the study was to evaluate the impact of different 

factors on the accuracy of OCR recognition using FineReader 7.0 software. The factors 

considered were uneven lighting, noise, resolution, and geometric deformations.  

The results showed that noise was the most detrimental factor but with 10% noise and a high 

resolution of 600 dpi, the accuracy was still acceptable. The median filter was found to be 

inappropriate for this scenario and resulted in further accuracy loss. The accuracy was most 

sensitive to geometric deformations and a rotation of even 10 degrees could result in total OCR 

processing failure. However, the results also showed that upsampling a low-resolution image 

could result in significant accuracy improvement. The conclusion drawn from these experiments 

was the importance of image preprocessing in OCR applications and the sensitivity of OCR 

recognition to geometric deformations(Bieniecki et al., 2007). 

(Pawar et al., 2018)In this paper, the utilization of Optical Character Recognition (OCR) and the 

Tesseract OCR Engine is studied to extract textual information from images. The authors aim to 

explore the viability of this technology for converting images into editable or digitally stored 

data. Additionally, the authors also examine the ability of OCR to convert the recognized text 

into audio format for the benefit of visually impaired individuals. Experiments and studies were 
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conducted to evaluate the performance of the Tesseract OCR Engine in recognizing text from 

images and converting it into audio. The results indicate that the system is capable of accurately 

extracting textual information from images and converting it into audio format. The authors 

conclude that this system provides a valuable solution for digitizing text from images and 

making it accessible to visually impaired individuals. The study highlights the importance of 

OCR technology in modern society and the role it plays in bridging the gap between image-

based information and digital data(Pawar et al., 2018). 

The authors conducted an investigation titled "Optical Character Recognition by Open Source 

OCR Tool Tesseract," where they offer a thorough examination of Optical Character Recognition 

(OCR) and its practical application utilizing the open-source OCR tool, Tesseract. The paper 

begins by introducing the concept of OCR and its importance in the digitalization of text data. 

The authors then delve into the history of Tesseract, an open-source OCR tool that has been 

widely adopted by the OCR community. The architecture of Tesseract is also discussed in detail, 

including its experiment results on various types of images(Patel et al., 2012). The authors 

conclude the paper by performing a comparative study between Tesseract and a commercial 

OCR tool, Transym OCR. The study focuses on the extraction of vehicle number plates and 

compares the two tools based on various parameters, including accuracy and efficiency. The 

results of this comparative study provide valuable insights into the strengths and weaknesses of 

both Tesseract and Transym OCR, helping users to make informed decisions about which tool to 

use for specific OCR tasks. Overall, the paper provides a comprehensive review of OCR and its 

implementation using Tesseract, making it a valuable resource for researchers and practitioners 

in the field(Patel et al., 2012). 

Another study conducted by(V. S & A, 2015), the focus is on the comparison of various Optical 

Character Recognition (OCR) tools in terms of accuracy and error rate. OCR technology is used 

to convert scanned images into editable text format, which is a useful and popular method in 

different applications. The effectiveness of OCR is dependent on the pre-processing and 

segmentation algorithms used, as well as the quality of the input image(V. S & A, 2015). The 

primary objective of the study was to determine the accuracy and error rate of various OCR 

tools.  To measure these parameters, the Character Accuracy (CA) and Character Error Rate 

(CER) were calculated using a specific formula. The formula takes into consideration the number 

of characters in the input image and the number of characters in the resultant text document. 
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Table 1: Tesseract and Transym OCR Comparison(Patel et al., 2012) 

Feature Tesseract OCR Transym OCR 

Free  Yes  
No (Trial Version is 

available) 

Open Source  Yes  No 

License  Apache  Proprietary 

Online  No  No 

Operating System  Window, MAC, 

Linux 
Windows 

Latest Stable version  3.01  3 

Release Year  2010  2008 

DLL Available  Yes  No 

Accuracy (For extracting 

character from vehicle 

number plate) 

61% (color images) 

70% (gray scale images) 
47% 

Average Time  

1 second ( color images) 

0.82 Seconds gray scale 

images) 

6.75 seconds 

C  

34.21(For color Images) 

24.64(For Gray Scale 

Images) 

40 

T  0.63 (For color images) 

0.61(For gray scale images)  

C = Standard deviation of Accuracy 

T = Standard deviation of Time taken to perform OCR 
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 2.8 Deep Learning Approaches for Image-to-Text Conversion 

Deep learning is a field of artificial intelligence that has recently been applied to the problem of 

image-to-text conversion. This involves using neural networks to analyze images and generate 

corresponding text(Iryna, 2021). The advantage of using deep learning is that it can handle more 

complex images, recognize patterns in images more accurately, and produce more human-like 

text. As a result, deep learning approaches have proven to be very effective for image-to-text 

conversion and have become increasingly popular in recent years. This field is still rapidly 

evolving, and there is a lot of room for growth and innovation. Nevertheless, deep learning 

approaches are already delivering remarkable results and have the potential to revolutionize the 

field of image-to-text conversion(He & Deng, 2017). Some of the popular Deep Learning 

approaches used in Image to Text Conversion are: 

2.8.1 Convolutional Neural Networks (CNN)  

CNNs are deep neural networks used for image recognition tasks. They are trained to identify 

patterns and features in an image and extract information from it. They can be used to extract 

text information from an image by training them on a large dataset of text images and 

recognizing the features that are common to all the images(He & Deng, 2017). 

2.8.2 Recurrent Neural Networks (RNN) 

 RNNs are another type of deep neural network that is used for image-to-text conversion. They 

are trained to recognize sequences of characters in an image and extract the text information 

from it. The network uses a hidden state to keep track of the previous characters in the sequence 

and can identify patterns in the image that are common to all the characters(Abhishek, 2020). 

2.9 Basic Architecture of Optical Character Recognition System 

The architecture of an Optical Character Recognition (OCR) system typically consists of several 

stages, each of which is responsible for a different aspect of the text recognition process. The 

main stages in an OCR system (A. S. & G, 2015) include: 

Pre-processing: This stage is responsible for preparing the input image for text recognition. The 

pre-processing stage typically involves image normalization, color correction, noise reduction, 

and the segmentation of the image into individual text regions. 

Feature extraction: In this stage, the OCR system extracts relevant features from the pre-

processed image, such as the shapes, edges, and contours of the characters. These features are 
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used to identify the different characters in the image and to determine the relationships between 

them. 

Character recognition: This stage is responsible for recognizing the individual characters in the 

image. The OCR system uses the features extracted in the previous stage to match the characters 

with an artificial neural network trained to recognize characters. 

Text recognition: In this stage, the OCR system uses the recognized characters to form words 

and sentences, and to produce the final text output. The text recognition stage may also involve 

the correction of errors, such as missing characters or misspelled words, and the improvement of 

the overall text quality. The final stage of an OCR system is responsible for post-processing the 

output text, such as converting it into a specific format, or saving it to a separate file. the basic 

stages described above are typically present in most OCR systems(A. S. & G, 2015). 

 

Figure 3: Architecture of OCR System (A. S. & G, 2015) 

The figure above show that systematic flow of OCR system, starting with preprocessing to 

enhance image quality, followed by feature extraction to capture important characteristics, 

classification using an ANN to identify characters, and finally post-processing to present the 

results in a modern and accessible format. 

2.10 Text-to-Speech Synthesis 

Text-to-Speech (TTS) synthesis is a process of generating spoken language from written text 

inputs. TTS systems are widely used in various applications such as voice-enabled devices, 

speech-based navigation systems, and screen readers for visually impaired individuals. The basic 
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process of TTS synthesis involves several steps, including text processing, acoustic modeling, 

and speech synthesis(Eric et al., 2023). 

Text processing is the first step, where the text input is preprocessed and converted into a 

machine-readable format. This includes tasks such as text cleaning, normalization, and 

tokenization. The processed text is then used to generate the acoustic features, which are 

statistical models that map text to speech parameters such as pitch, duration, and energy. The 

final step is speech synthesis, where the acoustic features are used to generate speech signals that 

are then played back to the user as speech(Reichel & Ptzinger, 2006). 

In the paper "Natural TTS Synthesis by Conditioning WaveNet on Mel Spectrogram 

Predictions", the authors aimed to present a state-of-the-art TTS system called Tacotron 2(Shen 

et al., 2018). The objective was to improve upon previous TTS systems, such as Tacotron and 

WaveNet, by incorporating new advancements and generating natural-sounding speech from text 

using neural networks. The authors explained that the system maps a sequence of letters to a 

sequence of audio features using a sequence-to-sequence model optimized for TTS. These audio 

features represented as an 80-dimensional spectrogram, capture pronunciation, volume, speed, 

and intonation and are computed every 12.5 milliseconds. The spectrogram is then converted to a 

24 kHz waveform using a WaveNet Vocoder. The paper presents Tacotron 2 as a major 

advancement in TTS research. The authors showed that their system could generate natural-

sounding speech from text using neural networks trained with only speech examples and text 

transcripts. Despite its achievements, the authors acknowledged that there are still limitations and 

opportunities for further improvement such as improving pronunciation and real-time generation, 

as well as incorporating the ability to control the generated speech. 

The authors of the paper “Towards End-to-End Prosody Transfer for Expressive Speech 

Synthesis with Tacotron” aimed to improve upon the existing Tacotron architecture by 

incorporating prosody transfer capabilities. To achieve this, they introduced a prosody encoder, 

which is an additional component in the Tacotron architecture. The prosody encoder computes a 

low-dimensional embedding from a clip of human speech that captures the prosody, or the 

rhythm and melody of the speech(Skerry-Ryan et al., 2018). During inference, the prosody 

embedding is used to transfer the prosody of the reference speech to the generated speech, even 

if the voice of the reference speaker is not present in the training data of Tacotron. The authors 
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demonstrated that the prosody transfer was successful and that the generated speech exhibited 

the prosody of the reference speech, even for speakers whose voice was not in the Tacotron 

training data(Skerry-Ryan et al., 2018). 

The authors of the paper, "Style Tokens: Unsupervised Style Modeling, Control, and Transfer in 

End-to-End Speech Synthesis"(Y. Wang et al., 2018), introduced a novel approach to modeling 

the variations in speech styles. They proposed the use of Global Style Tokens (GSTs) to represent 

the prosody of a speech clip as a linear combination of basis embeddings. This approach allows 

for the unsupervised learning of text-independent variations in a speaker's style without the need 

for explicit style labels. During inference, the combination weights for the GSTs can be selected 

or modified, giving the ability to control and transfer the speech style without relying on 

reference audio clips. 

The authors demonstrated the effectiveness of their method through a series of experiments that 

showed that the GSTs can effectively capture variations in speaking styles, including accent, 

speed, intonation, and more. They also showed that the model can generate speech in the style of 

different speakers and control the style of the generated speech by modifying the combination 

weights for the GSTs(Y. Wang et al., 2018). Overall, the paper presents a valuable contribution to 

the field of speech synthesis by introducing a new and effective approach to unsupervised style 

modeling and transfer in end-to-end speech synthesis systems. 

(Sun et al., 2020)The paper describes a new approach to model and control prosody attributes in 

speech synthesis. The authors add a hierarchical latent representation of prosody attributes to the 

Tacotron 2 framework, which enables them to control and interpret the prosody of the generated 

speech at each level. The conditioning between levels and across dimensions is imposed through 

auto-regressive factorization. Experiments are conducted to evaluate the effectiveness of the 

proposed method, with results showing improved reconstruction performance, qualitative 

interpretation, and disentanglement of nominated prosody attributes. The experiments also 

demonstrate the effectiveness of phone and word-level prosody control and sampling, including 

energy, duration, and $F_0$ control and sampling, as well as silence control. The results are 

presented for three speakers (one male and two female) and show the effectiveness of the 

proposed approach in the Tacotron 2 framework. 
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In the "Generating Natural and Diverse Text-to-Speech Samples Using A Quantized Fine-grained 

VAE and Auto-regressive Prosody Prior"(Vae et al., 2020) paper, an approach was proposed for 

generating natural and diverse audio samples for TTS systems like Tacotron-2. The approach 

uses vector quantization on a fine-grained VAE to extract prosody features at the phoneme level 

and uses an auto-regressive before addressing prosody discontinuity. The approach was 

evaluated on five different models using three different speakers (male and female) and different 

text samples and scales (1.0, 0.2, and 0.0). The paper presents the audio files and results of the 

experiments, which show the effectiveness of the proposed approach in generating natural and 

diverse TTS samples. 

 2.10.1 Deep Learning Approaches for Text-to-Speech Synthesis 

Text-to-Speech (TTS) synthesis is the process of generating speech from text. Deep learning 

approaches for TTS synthesis use neural networks to convert text input into speech output. The 

main architecture for TTS synthesis using deep learning consists of two main components: 

There are two main deep-learning approaches for TTS synthesis: 

1. Sequence-to-Sequence (Seq2Seq) based TTS: This approach uses a Seq2Seq model, which 

consists of an encoder-decoder network, to generate speech from text. The encoder network 

processes the input text to generate a compact representation, while the decoder network 

takes this representation and generates a speech signal(Tomás, 2020). 

2. Autoregressive TTS: This approach is based on auto-regression, where the decoder network 

generates speech samples one-time step at a time. It uses a recurrent neural network (RNN) 

to model the sequential dependencies in speech(Tomás, 2020). 

Both Seq2Seq and Autoregressive TTS approaches have been used in various TTS systems, such 

as Tacotron, Tacotron2, and Deep Voice. They have shown good results in terms of the 

naturalness and fluency of the generated speech. There are several deep learning approaches for 

text-to-speech synthesis(Kumar et al., 2023), including: 

1. Tacotron: It is a sequence-to-sequence model with an attention mechanism that converts text 

into a spectrogram and then waveform. 

2. Tacotron 2: It is an improvement over Tacotron, which uses a modified architecture and a 

multi-speaker model to improve the quality of the generated speech. 
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3. Deep Voice: It is a multi-stage generative model that uses a sequence of models to predict 

various aspects of speech, including phone duration, fundamental frequency, and Mel-

spectrogram. 

4. ClariNet: It is an autoregressive generative model that uses a variant of the WaveNet 

architecture to predict speech waveform. 

5. FastSpeech: It is a recent model that uses a feed-forward network architecture to generate 

high-quality speech in real-time. 

These are some of the popular deep-learning approaches for text-to-speech synthesis. The 

architecture of these models can vary greatly, but most models use a combination of neural 

networks and attention mechanisms to capture the complex relationships between the text and 

the audio features. 

2.10.2 Basic Architecture of Text-to-Speech System 

1. Encoder 

The encoder network in text-to-speech (TTS) synthesis using deep learning is responsible for 

converting the input text into a compact, fixed-dimensional representation. This representation, 

also known as the "embedding" or "encoding," captures the important semantic and linguistic 

information contained in the text, such as the meaning of words, their grammatical relationships, 

and other contextual features(Ajitesh, 2019; Yasuda et al., 2019). 

The encoder network typically consists of several layers of artificial neurons, each of which is 

trained to extract and abstract features from the input text. The first layer typically takes as input 

the one-hot encoding of the input text, which represents the text as a series of binary vectors, one 

for each word or character. This input is then transformed through a series of dense layers, 

activation functions, and attention mechanisms to produce the final encoding(Yasuda et al., 

2019). 

2. Decoder  

The decoder network in TTS synthesis using deep learning is responsible for converting the 

compact representation of text generated by the encoder network into an audio signal. It typically 

consists of one or more fully-connected layers, recurrent neural network (RNN) layers, or a 

combination of both. The decoder network takes the compact representation of the text as input 

and uses it to generate a sequence of parameters that represent the audio signal(Ajitesh, 2019). 
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These parameters are then transformed into a waveform representation of the audio signal using 

a process called synthesis, which can be done using a vocoder. 

The decoder network is typically trained using a dataset of audio samples and their 

corresponding text inputs. During training, the decoder network is updated to minimize the 

difference between the generated audio signal and the target audio signal, which is obtained by 

transforming the ground-truth text input into audio using a process called text-to-

spectrogram(Yasuda et al., 2019). The output of the decoder network is a sequence of audio 

parameters, such as Mel-spectrogram coefficients or audio samples that represent the target audio 

signal. These parameters can be fed into a vocoder to produce the final waveform representation 

of the audio signal(Shen et al., 2018). The choice of vocoder depends on the specific TTS 

system, but common options include the WaveNet vocoder and the Griffin-Lim algorithm. 

3. Attention Mechanisms 

In deep learning, the attention mechanism is used to help the model focus on the most relevant 

parts of the input when making a prediction. It is based on the concept of directing your focus 

and paying greater attention to certain factors when processing the data(Brauwers & Frasincar, 

2021). The attention mechanism is one component of a network’s architecture and is in charge of 

managing and quantifying the interdependence. The attention mechanism, like other neural 

network-based methods, tries to mimic the human brain/vision to process data. Human vision 

does not process the entire image at once; however, it only focuses on specific parts(Valente et 

al., 2021). 

The attention mechanism is a mechanism that was developed to improve the performance of the 

Encoder-Decoder RNN on machine translation(Jason, 2017). 

 

Figure 4: Example of the Attention model(Bahdanau et al., 2014) 

All the vectors h1,h2.., etc., used in their work are the concatenation of forward and backward 

hidden states in the encoder. 
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To put it in simple terms, all the vectors h1, h2, h3…., and hTx are representations of the Tx 

number of words in the input sentence. In the simple encoder and decoder model, only the last 

state of the encoder LSTM was used (hTx in this case) as the context vector. The weights are also 

learned by a feed-forward neural network and which mentioned their mathematical equation 

below. 

 

 The context vector ci for the output word yi is generated using the weighted sum of the 

annotations. The weights αij are computed by a softmax function given by the following 

equation: 

 

eij is the output score of a feed-forward neural network described by the function a that attempts 

to capture the alignment between input at j and output at i. If the encoder produces Tx many 

“annotations” (the hidden state vectors) each having dimension d, then the input dimension of 

the feedforward network is (Tx, 2d) (assuming the previous state of the decoder also 

has d dimensions and these two vectors are concatenated). This input is multiplied with a 

matrix Wa of (2d, 1) dimensions (of course followed by the addition of the bias term) to get 

scores eij (having a dimension (Tx, 1)). On the top of these eij scores, a tan hyperbolic function 

is applied followed by a softmax to get the normalized alignment scores for output j: 

E = I [Tx*2d] * Wa [2d * 1] + B[Tx*1] 

α = softmax(tanh(E)) 

C= IT * α 

So, α is a (Tx, 1) dimensional vector and its elements are the weights corresponding to each 

word in the input sentence(Hore & Chatterjee, 2022). 



27 
 

2.11 Long Short-Term Memory (LSTM) 

LSTM was Introduced by (Hochreiter & Schmidhuber, 1997), which increased the standard 

RNN's capacity for remembering by putting a "gate" into the cell, to address the "long-term 

reliance" problem. LSTM is available in three distinct configurations: LSTM without a forget 

gate, LSTM with a forget gate and LSTM with a peephole connection. 

 

Figure 5: Architecture of LSTM(Singh, 2021) 

The above figure demonstrates the architecture of LSTM. The Learn Gate keeps just the 

knowledge that is necessary for prediction and uses Event (Et) and Prior Short-Term Memory 

(STMt-1) as input. The Forget Gate determines which knowledge should be maintained and 

which to forget using input from the Prior Long Term Memory (LTMt-1), The Remember Gate 

produces output by combining Prior Short Term Memory (STMt-1) and Present Event (Et) and 

The Usage Gate Consolidate significant data from Prior Long Term Memory and Prior Short 

Term Memory to construct STM for the following cell and provide output for the current 

event(Singh, 2021). 

Gated Recurrent Unit 

Long Short-Term Memory (LSTM) networks were retained by (Cho et al. 2014), recurrent unit 

(GRU), a form of recurrent neural network (RNN), in 2014. GRU can analyze sequential data, 

including text, voice, and time-series data, just as LSTM. The fundamental principle of GRU is 

to selectively update the network's hidden state at each time step via gating techniques. 

Information flow into and out of the network is managed by the gating mechanisms. The reset 

gate and the update gate are two of the GRU's two gating systems. The update gate decides how 

much of the new input should be utilized to update the hidden state, while the reset gate defines 
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how much of the prior hidden state should be erased. The updated hidden state is used to 

calculate the GRU's output. 

Bidirectional LSTMs 

A Bidirectional LSTM, or biLSTM, is a sequence processing model that consists of two LSTMs: 

one taking the input in a forward direction, and the other in a backward direction. BiLSTMs 

effectively increase the amount of information available to the network, improving the context 

available to the algorithm(Joseph, 2022) (e.g. knowing what words immediately follow and 

precede a word in a sentence). 

 

Figure 6: Example of knowing what words immediately follow and precede a word in a 

sentence(Cornegruta et al., 2016) 

Making any neural network has the sequence information in both directions—backward (future 

to past) or forward—is known as bidirectional long-short term memory (bi-lstm) (past to future). 

A bidirectional LSTM differs from a conventional LSTM in that our input flows in two ways. We 

may make input flow in one way, either backward or forward, using the standard LSTM. To 

maintain both past and future information, bi-directional input may be made to flow in both 

ways(Yugesh, 2021). 

2.12 Afaan Oromoo Language  

Afaan Oromoo is a Cushitic language spoken in Ethiopia and is part of the larger Afro-Asiatic 

language family. It is one of the largest languages in Ethiopia, with over 25 million 

speakers(Tilahun, 1994). Afaan Oromoo has a complex phonological structure with many 
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phonemes and unique sounds. A five-vowel system, where the letters A, E, I O, and U stand in 

for Afaan Oromo vowels, is one of the main characteristics of Afaan Oromo phonology. The use 

of each vowel is essentially the same throughout all Afaan Oromo dialects. The language uses 

contrastive or phonemic vowel length. These specific letters are repeated in writing to indicate 

vowel length: deemuu (go), and nyaadhu (eat). A large number of consonant phonemes are 

present, along with many glottal and implosive consonants. In addition, Afaan Oromoo has a rich 

tonal system, which is used to distinguish words with different meanings. 

The following rule applies to Afaan Oromo syllabic structures(Yohannes, 2011): 

 A word in Afaan Oromo cannot begin with two or more distinct consonants, and the same 

constraint applies to the beginning of a syllable. Such as "meal," irbaata (i.rbaa.ta). 

 Syllables in Afaan Oromo cannot conclude with two or more distinct consonants. for 

instance, ilma (ilm.a)'son' 

 Syllables in Afaan Oromo cannot begin with two or more consonants that sound the same. 

For instance, tokkummaa (to.kku.mmaa) means "unity." 

 Syllables in Afaan Oromo cannot have two or more consonants that sound the same. such as 

the'smart' haxxee (haxx.ee) 

 In the Afaan Oromo structure, two or more vowels of the same kind cannot coexist. 

The morphological structure of Afaan Oromoo is also complex and diverse, with a rich system of 

inflection and derivation. Afaan Oromoo has a rich set of noun and verb forms, which are used to 

express a wide range of meanings. Nouns in Afaan Oromoo are inflected for case, number, and 

gender, while verbs are inflected for tense, aspect, and mood. In addition, Afaan Oromoo has a 

rich system of derivatives, which are used to create new words by adding prefixes, suffixes, and 

infixes to existing words(Rabbiirra, 2008). These derivatives are used to express a wide range of 

meanings, including cause, manner, instrument, and purpose, among others. 

2.12.1 Language Structure  

English and Afaan Oromo have different sentence structures. Subject-object-verb (SOV) 

language is used by Afaan Oromo. The language that uses the subject, object, and verb in that 

specific order is known as SOV. A sentence construction known as subject-verb-object(SVO) 

places the subject first, the verb second, and the object third. For instance, "Mooneeraan bilisa 

bahe" in Afaan Oromo, The words "Mooneeraa," "bilisa," and "bahe" all refer to different parts 
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of speech. It possesses an SOV structure as a result. The English translation of the SVO 

statement, "Mooneeraa has acquired freedom," is "Mooneeraa has got freedom." The way that 

adjectives are formed in Afaan Oromo and English also differs. Adjectives are often near to the 

nouns they modify in Afan Oromo, whereas in English they are typically placed before the noun. 

For instance, namicha gaarii (good guy), followed by gaarii (adj. ), (noun) (Tesema & Tamirat, 

2017).  

2.13 Related Works 

Numerous research studies have been undertaken to create a system that is capable of 

interpreting and translating written text in languages commonly used in developed countries such 

as English. In their study, A. Karthik and his friends aimed to create a solution for visually 

impaired individuals. They developed a device, known as Voice Assistance, which was designed 

to help these individuals to read various messages. The authors highlight the importance of 

accessible technology for visually impaired people and their efforts to create a system that could 

make a difference in their daily lives(Karthik et al., 2018). In 2020, Bhardwaj and Sharma made 

significant advancements in the field of assistive technology for the visually impaired. They 

created a model for an Image Text Reader, which would enable visually impaired individuals to 

read the text in their desired language with ease. The system, powered by a Raspberry Pi, is 

designed to be user-friendly and highly accessible, making it a valuable tool for those with visual 

impairments(Bhardwaj & Sharma, 2020).   

The researchers from Prince Mohammed Bin Fahd University in Saudi Arabia focused on 

developing a new type of smart glass to help visually impaired students in their education. They 

designed a device that can capture and recognize text from images, then convert it to speech. The 

device is powered by a raspberry pi 3 B+ microcontroller and uses a combination of OpenCV 

software, tesseract OCR tools, and the Efficient and Accurate Scene Text Detector (EAST), 

which is based on deep learning, to detect text in images. Finally, the identified text is processed 

using Google's text-to-speech API to convert it into spoken words(Alsaid et al., 2019).  

Esra Ali and Tong Boon created a system to aid visually impaired students, utilizing smart 

glasses equipped with text recognition technology(Hassan & Tang, 2016). The device aims to 

help users read from hardcopy materials. Another study conducted by Pandya & Goradiya in 

2021 aimed to develop audio-assisted electronic glasses for the blind and visually impaired to 
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read documents. The glasses can distinguish between different bank currencies, text, and human 

objects, utilizing an OCR model combined with a deep neural network method, such as a 

Convolutional Neural Network (CNN)(Pandya & C.Goradiya, 2021).  

The study aimed to create a multi-functional smart glass to assist visually impaired individuals. 

The smart glass was designed with two modes: the seeing mode and the reading mode. In the 

seeing mode, the device was able to recognize 550 different types of objects and their positions 

(left, right, or center). In the reading mode, the device was able to recognize text and then read it 

out loud to the user. Additionally, the device was also able to create a copy of the braille script 

for the text that was recognized. The authors of the paper, Sudharshan, Sowdeshwar, and 

Jagannath, conducted the study to help visually impaired people with their daily 

tasks(Sudharshan et al., 2022).  

(Mathur et al., 2019)The paper presents an AI-based reading system designed to aid visually 

impaired individuals. The system employs OCR (Optical Character Recognition) technology and 

a camera application on smartphones to scan and convert images of written text into machine-

encoded text. The generated output is delivered in speech format through a Text-To-Speech 

module, thus allowing the visually impaired to access information present in written documents. 

This system offers a convenient and accessible solution for individuals with visual impairments, 

demonstrating the potential of AI in improving their daily lives. 

The reviewed paper presents a solution for visually impaired people to increase their confidence 

while walking. The authors propose the use of a Smart Walking Stick equipped with ultrasonic 

sensors to detect obstacles and pits in the environment. The stick is programmed to connect to an 

Android phone for auditory feedback and to determine the best route using GPS technology. The 

use of ultrasonic sensors and GPS integration has the potential to reduce accidents and improve 

mobility for visually impaired individuals(Phadnis et al., 2020). 

(Wahab et al., 2021)This paper proposed an affordable mobile application designed for visually 

impaired individuals. The application was capable of capturing an image of printed material 

using a mobile camera. The captured image was then converted to text through an Optical 

Character Recognition (OCR) framework, which utilized image-to-text conversion. Finally, the 

text was converted to speech format through a Text to Speech (TTS) framework. As a result, 

visually impaired individuals were able to understand printed material that was not written in 
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Braille by listening instead of touching it. The application was user-friendly and provided alert 

sounds to guide users, as well as to inform them of actions taken within the application. 

The paper "Raspberry Pi-Based Reader for Blind People" presents a solution for visually 

impaired individuals to access printed materials. The proposed solution uses a Raspberry Pi and 

integrates Optical Character Recognition (OCR) and Text-to-Speech (TTS) technologies. The 

system captures images of typed, handwritten, or printed text using image-sensing devices and 

converts the images into machine-encoded text using the Tesseract library and Python 

programming. The text files are processed with OpenCV library and Python programming 

language to produce audio output in the form of speech. The paper highlights the implementation 

of this automatic document reader to help visually impaired people access and understand 

printed materials more easily(Rani et al., 2022). 

Another study conducted by (Vaithiyanathan & Muniraj, 2019) proposed the development of an 

assistive device for visually impaired people, a smart reader that captured an image from a 

camera, extracted text from the captured image, and converted it to speech as voice output. The 

image captured by the reader was analyzed using Google Cloud Vision API's Optical Character 

Recognition (OCR). Image preprocessing methods were employed to remove noise or blur, thus 

increasing the accuracy of the extracted text. The text-to-speech conversion was performed using 

software-based TTS technology. The device was implemented using Raspberry Pi interfaced with 

a night vision camera and a speaker, producing the converted text as speech. The use of Google 

Cloud Vision OCR with image enhancement methods resulted in high accuracy levels of the 

extracted text. 

The authors of this paper present a solution for individuals with visual impairments or illiteracy 

to understand Bangla text documents(Rajbongshi et al., 2020). By using a camera-based device, 

the text within an image is extracted and then converted to speech, allowing the user to listen to 

the contents. The device was implemented using Raspberry Pi and a camera module, leveraging 

the Tesseract OCR engine, the Open Source Computer Vision, and the Google Speech 

Application Program Interface. The results show that this solution is effective in helping 

individuals who speak Bangla and are unable to read or have limited visual sight. The paper 

highlights the importance of providing accessible and convenient tools for individuals with 

visual impairments. By using a combination of cutting-edge technologies, the authors were able 
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to develop a device that can make a significant impact on the lives of those who face challenges 

in reading. The device's compact size and ease of use make it an attractive option for individuals 

who are always on the go, and its compatibility with the Bangla language makes it a valuable 

resource for the target demographic. 

Table 2: Summary of Related Works 

No. Authors Methods and Tools Used Gaps 

1. (Alsaid et al., 2019) Raspberry Pi 3 B+, OpenCV, Tesseract 

OCR, EAST (Efficient and Accurate Scene 

Text Detector), Google Text-to-Speech API 

 

 

 

 

 

This field of study 

was dependent on 

language, and most 

efforts had focused 

on accessible 

languages, 

particularly English. 

2. (Pandya & 

C.Goradiya, 2021) 

OCR model, Convolutional Neural 

Network (CNN) 

3. (Mathur et al., 

2019) 

OCR, Camera application, Text-To-Speech 

module 

4. (Wahab et al., 

2021) 

Optical Character Recognition (OCR) 

framework, Text-to-Speech (TTS) 

framework 

5. (Rani et al., 2022) Raspberry Pi, OCR, Text-to-Speech (TTS) 

technologies 

6. (Ragavi et al., 

2016) 

Handheld page scanner, Android phone, 

Image processing, Optical Character 

Recognition (OCR), Text-to-Speech (TTS) 

library 

7. (Vaithiyanathan & 

Muniraj, 2019) 

Raspberry Pi, Google Cloud Vision API, 

Image preprocessing, Text-to-Speech 

(TTS) technology 

8. (Rajbongshi et al., 

2020) 

Raspberry Pi, Camera module, Tesseract 

OCR engine, Open Source Computer 

Vision (OpenCV), Google Speech API 
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2.13.1 Speech Synthesis for Afaan Oromoo Language  
In 2020, Muhidin Kadir conducted research on developing a text-to-speech synthesizer using 

statistical parametric speech synthesis. The author emphasized the importance of text 

preparation, which encompasses tokenization, normalization, phonetic representation of sounds 

by graphemes, and modeling of the prosodic properties of various speaking styles. To tackle 

these challenges, various tactics were explored and employed. The author pointed out that 

existing speech synthesizers, which were based on hidden Markov models (HMM), were not 

suitable for the Afaan Oromoo language as they did not account for the unique characteristics of 

the language. Therefore, statistical parametric speech synthesis based on HMM approaches was 

used in the study and a dataset consisting of 400 sentences and speeches was utilized(Wosho, 

2020). 

In 2021, Chala Sembeta conducted research on a Text-to-Speech synthesizer for the Afaan 

Oromoo language using a deep neural network approach(Tashoma, 2021). The purpose of the 

system was to provide support for individuals with visual impairments and reading disabilities by 

allowing them to listen to written words across various forms of media. To build the synthesizer, 

the author gathered a speech dataset consisting of 8076 text and audio pairs from credible 

sources in the Afaan Oromoo language. The performance of two deep neural network models, 

Tacotron 2 and Deep Voice 3 was compared through a series of trials. Both objective and 

subjective evaluations were carried out to determine the effectiveness of the models, with the 

results showing that the Tacotron 2 model, based on recurrent neural networks, offered the best 

outcome. 

(Beyene, 2022)researched developing a text-to-speech synthesis for the Afaan Oromo language 

using deep learning. In this study, linguistic features were extracted from the normalized text 

using the Festival toolbox for Afaan Oromoo TTS. The labeled texts were generated using the 

parameters of a scheme file and were normalized for phoneme alignment with speech corpora in 

both the training and testing datasets. The main focus of the research was on the TTS approach 

using a deep learning model based on a bidirectional long-short-term memory recurrent neural 

network (BLSTM-RNN) for the Afaan Oromoo language. The RNN model was utilized to 

extract both a duration model and an auditory model from a given input feature sequence. A 

speech corpus of a female speaker was used to create a corpus of 1000 texts, with 700 sentences 
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for training and 300 sentences for testing, along with matching text transcriptions from various 

dataset domains. 

Table 3: Summary of Related Afaan Oromoo Text-to-Speech Synthesis 

Authors Methods Total Dataset Mean Opinion 

Score 

Gaps 

(Wosho, 

2020) 

Hidden 

Markov 

Model 

600 sentences 

and 

transcribed 

audio 

Intelligibility: 4.3 

Naturalness: 4.1 

HMMs face difficulties in 

capturing the intricate 

relationships and subtleties in 

speech, such as prosody, 

intonation, and 

timing(Abraham et al., 2022) 

(Tashoma, 

2021) 

CNN based 

Deep Voice3  

and 

RNN based 

Tacotron2  

8076 

sentences 

And 

transcribed 

audio 

[Deep Voice 3] 

Intelligibility: 3.28 

Naturalness: 3.02 

[Tacotron2] 

Intelligibility: 4.32 

Naturalness: 4.21 

Use of traditional Griffin-Lim 

algorithm for vocoder which 

does not generate high quality 

speech compared to flow-

based generative 

models(Masuyama et al., 

2019). 

Griffin-Lim lacks modeling of 

fine-grained details and does 

not provide explicit control 

over voice characteristics such 

as pitch and prosody and also 

reduced quality in challenging 

scenarios.  

(Beyene, 

2022) 

Festival 

toolkit  

for Feature 

Extraction 

based on 

BLSTM-RNN 

1000 

sentences  

And 

transcribed 

audio 

Intelligibility: 3.77 

Naturalness: 3.76 

Small dataset and lacks 

intelligibility and naturalness. 

Festival toolkit relies on 

manually designed linguistic 

features for feature extraction, 

which may not capture all the 

nuances and complexities of 

the input text. 
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CHAPTER THREE 

3. RESEARCH METHODOLOGY 

The chapter provides an overview of the methods and techniques used to accomplish the research 

objectives. The first section focuses on the data collection and preparation methods utilized in the 

thesis. These methods play a crucial role in ensuring that the data is suitable for analysis and 

evaluation. 

 

Figure 7: Flow of Proposed Solution Methodology 

The second section of the chapter discusses the Tesseract-OCR feature representation and text 

extraction from an image. Tesseract-OCR is a popular open-source optical character recognition 

(OCR) engine used to extract text from images. The section explains how the engine works and 

the features it uses to recognize text. It also discusses the use of other techniques to improve the 

accuracy of Tesseract OCR, such as image processing. The third section of the chapter describes 

the speech feature representation. It explains how features are used to represent the audio signal 

in the proposed model.   
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The fourth portion of the chapter describes the models' organization, structure, and details. The 

most well-known TTS models and their operating principles are described in this section. We 

concentrated on Tacotron 2, a model based on recurrent neural networks (RNNs) that are 

commonly applied in TTS systems. Training the Tacotron2 model from scratch and also fine-

tuning the pre-trained model. The training of WaveGlow and HIFI-GAN vocoders, which are 

used with Tacotron2 to synthesize speech, is also covered in this section. The last part of the 

chapter focuses on the evaluation techniques used in this research work. 

3.1 Data Collection and Data Sources 

The study developed an extensive knowledge of the problems experienced by visually impaired 

people in reading written material by studying several research papers on the difficulty and 

challenges faced by visually impaired people. In Addition to Online Available dataset source, we 

have collected text data for the study from various sources, including news articles from Fana 

Broadcasting Corporate 326 text sentences and from Oromia Broadcasting Network 264 text 

sentences, religious books from Holy-Bible 224 text sentences and from Holy-Quran 110 text 

sentences. These sources were utilized to create a comprehensive dataset of sentences and 

transcribed audio pairs for the development of the TTS system. 

3.1.1 Text Data Collection 

To train a TTS system effectively, it is necessary to have a sizable dataset of human speech 

recorded in natural settings. The LJ Speech Dataset is widely accepted as the benchmark for 

English language DNN-based synthesizers, and most researchers adhere to its standard 

guidelines for dataset collection and preparation. To develop a phonetically rich and well-

balanced Afaan Oromo speech corpus, a large amount of raw text sentences was gathered from 

various sources, resulting in a corpus that incorporated a broad range of domains, including a 

variety of sentence types, structures, and lengths. This approach was expected to enhance the 

TTS system's quality significantly. The study used a Chala Sembeta dataset that was publicly 

available online as a benchmark for the development of the Afaan Oromoo Text-to-Speech 

model. This dataset was created from 8076 Text sentences and transcribed audio pairings from a 

prior study on Text to Speech Synthesis for Afaan Oromo done at Adama Science and 

Technology University. We also prepared a custom dataset of 924 Text sentences and transcribed 
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audio pairs. The benchmark dataset and our custom dataset were combined to create a total 

dataset size of 9000 sentences and transcribed audio pairs for our investigation. 

3.1.3 Audio Recording Process 

We used a Samsung A70 smartphone equipped with a speech-recording app to transcribe 

sentences into an audio data. With a built-in microphone, and numerous recording settings, the 

Samsung A70 smartphone audio recorder was used to capture high-quality audio. A professional 

male speaker from Dilla University Department of Afaan Oromoo was invited to read the 

sentences. The audio data was collected for this study using a Samsung A70 smartphone and then 

pre-processed to the sampling rate of 22050 Hz, with a bit depth of signed 16 bits using Audacity 

software. The audio files are saved in WAV format and represented in PCM format as well as 

pre-processed to mono-channel format. 

 3.2 Data Pre-Processing  

Data preprocessing is a crucial step in transforming raw data, which may contain inconsistencies, 

incompleteness, and errors, into a desirable format that can be used for various purposes. In deep 

learning technology, data preprocessing is an essential step to achieve optimal results(Adam, 

2020). It involves organizing the data in a way that fits the training model in terms of size and 

type. Well-organized data are preferable in any field of artificial intelligence as they simplify the 

learning process. This process involves cleaning the data by removing irrelevant information, 

transforming it into a supported format, and standardizing it(Adam, 2020). It helps in the 

iterative training and testing process.  

3.2.1 Image Pre-Processing 

The popular optical character recognition (OCR) tool Tesseract OCR is used to extract text from 

images. Pre-processing measures are frequently required for OCR-Tesseract to produce the best 

results to enhance the image quality and increase the text's legibility(V. S & A, 2015). 

The image pre-processing steps for Tesseract OCR typically involve the following: 

1. Binarization: The image is converted to a binary format, where each pixel is either black 

or white. This is done to make the text stand out from the background and to remove any 

noise or artifacts in the image. 

2. Deskewing: The image is rotated or skewed to align the text horizontally or vertically. 

This is done to make the text more readable by the OCR engine. 
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3. Noise Removal: Any unwanted noise or artifacts in the image are removed using filters 

or other image processing techniques. This can improve the accuracy of the OCR engine. 

4. Image resizing: This step involves resizing the image to a specific size. A good size to 

work with for OCR is 600 dpi. 

By performing these pre-processing steps, OCR-Tesseract can more accurately extract text from 

images and produce higher-quality results(Mageshwaran, 2021). Other significant image pre-

processing methods utilized by Tesseract OCR to extract text from an image include blurring and 

image Thresholding. Applying a filter to an image to smooth it out is the process of blurring. By 

reducing background noise, this method can help OCR software recognize text more easily. 

Image Thresholding is the technique of using a threshold value to transform a grayscale image 

into a binary image. Text is frequently separated from an image's background using this method. 

3.2.2 Text Pre-Processing 

Before the dataset is fed into the deep-learning models, several textual and audio preprocessing 

processes are used to enhance the quality of the audio and text files. Text pre-processing is an 

essential step for text-to-speech (TTS) synthesis to ensure accurate and natural-sounding voice 

output(Reichel & Ptzinger, 2006). Some common text pre-processing steps for TTS synthesis 

include: 

Text Cleaning: Removing unnecessary characters, punctuation, and other special symbols from 

the text data. 

Tokenization: Breaking down the text into individual words or phrases, can be further analyzed 

and processed. 

Text Normalization: Converting text to a standard format or language, such as converting 

abbreviations to their full form, or converting text in a different language to the target language. 

With the aid of these pre-processing stages, it is possible to make sure that the text input is 

accurately translated by the TTS system and that the speech output that results is precise, audible, 

and understandable. 

3.2.3 Audio Pre-Processing 

To produce high-quality synthesized speech, audio pre-processing is a critical stage in the Text-

to-Speech (TTS) synthesis process. The following are a few typical audio pre-processing steps 

used in TTS: 
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Resampling: Converting the audio to a desired sampling rate to match the requirements of the 

TTS system. We used sampling rates of 22.05 kHz. 

Pre-emphasis: Applying a high-pass filter to amplify the higher frequency components of the 

audio signal, and reduce the lower frequency components(Anuj, 2021). This helps to improve the 

intelligibility of the synthesized speech. 

Silence Trimming: Removing any long periods of silence from the audio signal, as they do not 

contribute to the synthesized speech. 

Normalization: Scaling the audio signal to ensure that the amplitude is within a desired range, 

usually between -1 and 1. 

Windowing: Dividing the audio signal into smaller frames, typically 20-30 milliseconds in 

length, to make it more manageable for the TTS system to process. 

Spectral Analysis: Analyzing the frequency content of each audio frame using Fourier 

transform, and representing the frequency spectrum in a way that is useful for the TTS system. 

3.3 Character Embedding  

When working with low-resource languages that have little training data and few pre-trained 

word embedding like word2vec, character embedding is used. Character embedding may 

perform better in these situations than word-level embedding. This is so that character 

embedding, which can be trained even with minimal datasets, can capture both the semantic and 

syntactic information of the text. OOV words can also be handled by character embedding 

because they can be broken down into individual characters and still have a meaningful 

representation. In contrast, word2vec embedding needs a lot of text input to learn word 

representations, and word-level embedding may perform poorly in the absence of this 

data(Edward, 2019). 

 

Figure 8: Character Embedding(Tashoma, 2021) 

3.4 Image Representation  

The term "image representation" refers to the feature representation of an image as a matrix of 

pixel values. It is a technique for displaying a picture as a two-dimensional array of numerical 
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values, where each value denotes the intensity of a specific pixel in the image(Himanshi, 2021). 

Input for computer vision algorithms like object identification, picture classification, and image 

segmentation is frequently provided through image representation. Images are commonly stored 

in OCR-Tesseract as a matrix of pixel values, where each pixel refers to a specific spot on the 

picture and its value denotes the brightness of that spot. In essence, this matrix is a 2D array that 

can be processed using several image-processing methods to extract characteristics like edges, 

corners, and blobs that may subsequently be used for character recognition.  

Example of a 4x4 grayscale image represented as a matrix of pixel values.  

[[255, 255, 255, 255], 

[128, 128, 128, 128], 

[ 64,  64,  64,  64], 

[  0,   0,   0,   0]] 

The image has 4 rows and 4 columns, and each element in the matrix represents the intensity 

value of a pixel in the image. The values range from 0 (black) to 255 (white), with the middle 

values representing different shades of gray. OCR-Tesseract generates a text output once the 

picture has been analyzed and the characters have been identified. A text-to-speech (TTS) system 

can then take this text output as input, turning it into an audio signal. 

 

Figure 9: Image Representation as a matrix of pixel example 

 3.5 Image Model Architecture 

Tesseract-OCR uses deep neural network architecture to recognize text from an image. The 

architecture consists of several layers of convolutional and recurrent neural networks(Harald, 

2018).  A high-level overview of the OCR-Tesseract neural network architecture is: 

Input Layer: The input is an image of text. 

Convolutional Layers: These layers extract features from the input image by applying 

convolutional filters. 
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Pooling Layers: This layer reduces the size of the feature map obtained from the convolutional 

layers by down-sampling it. 

Recurrent Layers: These layers process the sequence of feature maps obtained from the pooling 

layers and extract contextual information. 

Fully Connected Layers: These layers combine the features obtained from the convolutional 

and recurrent layers and output a sequence of probability distributions over the possible 

characters in the input image. 

Decoding Layer: These layer uses the probability distributions to generate the final output text. 

3.6 Acoustic Feature Representation  

Acoustic feature representation refers to the process of converting audio signals into a sequence 

of features that can be used for further analysis or processing. Acoustic feature representation for 

Text to Speech involves transforming the text input into a series of audible features that may be 

utilized to produce speech(Álvarez et al., 2019). A neural network-based model, like Tacotron2 

or FastSpeech, is often used for this. It takes a text sequence as input and generates a series of 

acoustic characteristics, such as Mel-spectrograms or linear spectrograms. To create the final 

speech waveform, these acoustic data are then sent into a vocoder like WaveGlow or HiFi-GAN. 

To build a representation of the speech signal that captures the pertinent acoustic information 

required for synthesis, acoustic features are generated using a mix of text processing, linguistic 

analysis, and signal processing techniques. 

3.6.1 Linear Spectrogram 

The energy of an audio signal in each frequency band over time is shown by a linear 

spectrogram, sometimes called a frequency spectrogram. They are commonly produced by 

performing the Fourier transform of an audio signal over a brief window, which transforms the 

signal from the time domain to the frequency domain. As a consequence, a 2D matrix with each 

row denoting a frequency band and each column denoting a time step is what is known as a 

spectrogram(Dennis et al., 2011). When examining the spectrum content of an audio stream, 

linear spectrograms can be helpful, but they are not a precise representation of how the human 

ear hears sound. 
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Figure 10: Example of Linear Spectrogram 

3.6.2 Mel-Spectrogram  

Mel-spectrograms are a particular kind of spectrogram that is frequently employed in voice 

synthesis and recognition(Roberts, 2020). They are produced by converting the linear 

spectrogram via a collection of triangle filters that are positioned further apart at higher 

frequencies and closer together at lower frequencies. A Mel-spectrogram uses the Mel scale to 

describe the frequency range of a sound wave visually. The Fast Fourier Transform (FFT) of a 

short-time windowed signal is used to construct it, and the resulting power spectrum is then 

mapped onto the Mel scale. The resultant Mel-spectrogram is a two-dimensional matrix with 

time and frequency represented on the x and y axes, respectively. The energy or intensity of each 

frequency at each respective time is represented by a matching cell in the matrix(Roberts, 2020). 

 

Figure 11: Mel-Spectrogram Example 

 3.7 Acoustic Model Architecture  

Typical acoustic model architecture for TTS based on a neural network consists of three major 

components: text analysis, acoustic models and vocoders. The neural network architecture 

integrates text analysis and acoustic modeling together to simplify the existing pipeline to build a 

neural network-based TTS system and models complex sequential mapping directly from a text 

sequence (e.g. phonemes, syllables or words) to its acoustic trajectory(W. Wang et al., 2016). 
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Depending on the kind of neural network and the particular implementation, the acoustic model's 

unique design may change. For audio modeling in TTS, some frequently used models include: 

1. Convolutional Neural Networks (CNNs): These are often used for modeling spectral 

features, such as Mel-spectrograms or linear spectrograms. The input sequence of spectral 

frames is fed through one or more layers of convolutional filters to extract local features, 

which are then aggregated over time using pooling layers or recurrent connections(Zhang et 

al., 2019). 

2. Recurrent Neural Networks (RNNs): These are often used for modeling temporal 

dependencies in acoustic features, such as the timing and duration of phonemes. RNNs can 

be used in a variety of configurations, including standard recurrent networks (such as vanilla 

RNNs or LSTMs), bi-directional networks (which process the input sequence in both forward 

and backward directions), and attention-based networks (which dynamically weight the input 

sequence based on its relevance to the current output)(Marchi et al., 2017). 

3. Transformer Based Models: These are a more recent development in TTS, and are based on 

the Transformer architecture originally developed for natural language processing tasks. 

Transformer-based models can be used to model both spectral and temporal features, and are 

particularly well-suited for handling long-range dependencies in the input sequence(Ro et al., 

2022). 

3.8 Flow-Based Model Architecture 

Flow-based models and generative models are used as vocoders in text-to-speech systems such 

as WaveGlow and HIFI-GAN. They use a flow-based model to map a distribution of noise to a 

distribution of audio features. The key advantage of flow-based models is that they are invertible, 

meaning that they can be used to synthesize audio from noise or to generate noise from audio 

features(Prenger et al., 2019). 

WaveGlow is a flow-based generative model that uses an invertible 1x1 convolution to generate 

audio samples. It is typically used with a text-to-speech model like Tacotron2, which generates 

Mel-spectrograms that are then converted to audio using WaveGlow(Prenger et al., 2019). 

Similarly, HIFI-GAN is another generative adversarial model used for text-to-speech 

applications, which is used with a text-to-speech model like Tacotron2 and FastSpeech2. HIFI-

GAN uses a multi-scale invertible generator that operates on the Mel-spectrogram domain to 
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generate high-fidelity audio(Aaron, 2021b). In our study, we used WaveGlow with tacotron2 and 

HIFI-GAN with fine-tuned pre-trained Tacotron2 model to generate audio for the Afaan Oromo 

language. Vocoders allow for real-time synthesis of speech and HIFI-GAN can generate high-

fidelity audio with minimal distortion. It is capable of generating audio that is almost 

indistinguishable from real human speech. In the end, we compared the output findings from the 

two models. 

3.9 Transfer Learning  

The paper “A Concise Review of Transfer Learning” by (Farahani et al., 2020), Provides a 

concise review of transfer learning. It explains that transfer learning is a technique in machine 

learning where a model trained on one task is used as the starting point for a model on a second 

task. In the case of speech synthesis, transfer learning can be used to train a model for a new 

language or voice using a pre-trained model that has been trained on a different language or 

voice. It also covers the types of transfer learning, applications of transfer learning, challenges in 

transfer learning, and future directions in transfer learning. We used a pre-trained Tacotron2 

model that was trained on LJSpeech in English and fine-tuned it using our dataset in the Afaan 

Oromo language. By doing so, we were able to leverage the knowledge gained during the pre-

training stage and use it to train a new model that can synthesize speech in the Afaan Oromoo 

language. 

3.10 Model Evaluation Method 

In this study, the performance of OCR-Tesseract was assessed using the word error rate, while 

the Text-to-Speech model was assessed using the Mean Opinion Score (MOS) and Mel Cepstral 

distortion (MCD). 

3.10.1 Word Error Rate (WER)  

The study evaluated the effectiveness of Tesseract OCR by analyzing the word error rate, while 

the performance of the Text-to-Speech model was assessed using the Mean Opinion Score and 

Mel Cepstral distortion (MCD). 

The following procedures were commonly used to calculate WER: 

1. The OCR system generates a transcription of the input image. 

2. The transcription is compared to the ground truth text (i.e., the actual text in the image). 
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3. The number of word errors is calculated, which is the number of words that are 

incorrectly transcribed or missing. 

WER is then calculated by dividing the total number of word errors by the total number of words 

in the ground truth text. 

3.10.2 Mean Opinion Score (MOS)  

Mean Opinion Score (MOS) is a subjective method used to evaluate the quality of speech 

generated by Text-to-Speech (TTS) systems. It is a rating given by a human listener to rate the 

perceived quality of the speech output on a scale of 1 to 5, with 1 being the lowest quality and 5 

being the highest quality(Aaron, 2021a). 

To evaluate the Afaan Oromo TTS system, human listeners are asked to rate the quality of the 

speech generated by the system on a scale of 1 to 5 based on the overall impression of the 

speech, such as naturalness, intelligibility, and similarity to human speech. The listeners are 

usually native speakers of Afaan Oromo to ensure that the evaluation is done by people who are 

familiar with the language. The MOS score is then calculated by taking the average rating of all 

the human listeners. The higher the MOS score, the better the perceived quality of the speech 

generated by the TTS system. 

3.10.3 Mel Cepstral Distortion (MCD)  

Mel Cepstral Distortion (MCD) is a measure of how different two sequences of Mel cepstra are, 

which is widely used to evaluate the performance of speech synthesis models. The MCD metric 

compares k-th (default k=13) Mel Frequency Cepstral Coefficient (MFCC) vectors derived from 

the generated speech and ground truth, respectively2. However, it's important to note that MCD is 

a perceptual metric and may not fully capture the quality of synthesized speech as perceived by 

human listeners(Anumanchipalli et al., 2019). 

The following procedure shows how Mel Cepstral Distortion evaluation works: 

Target and Synthesized Speech: start with a set of target speech and the corresponding 

synthesized speech generated by the TTS system to evaluate. 

Feature Extraction: Extract the MFCC features from both the target and synthesized speech. 

MFCCs capture the spectral envelope of the speech signal and are commonly used for 

representing speech. 
                                                           
2 https://pypi.org/project/pymcd/ 
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Alignment: Align the target and synthesized MFCC features using dynamic time warping 

(DTW). Alignment ensures that the corresponding frames of the target and synthesized speech 

are matched. 

Frame-Wise Comparison: Compare the MFCCs frame-by-frame between the aligned target and 

synthesized speech. Compute the Euclidean distance or another distance measure between the 

MFCC vectors of each frame; in our case we used Root Mean Square Error (RMSE). 

Average Distortion: Calculate the average distance or distortion across all the frames in the 

aligned target and synthesized speech. This average distance is the MCD. 

Interpretation: Lower MCD values indicate better similarity between the target and synthesized 

speech. A smaller MCD suggests that the TTS system produces synthesized speech that closely 

resembles the target speech in terms of spectral characteristics.  
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CHAPTER FOUR 

4. PROPOSED SOLUTION AND DESIGN 

This chapter outlines the deep neural network-based solution that has been suggested for the 

Afaan Oromo text reading model. Three parts make up the suggested solution: the OCR-

Tesseract implementation phase, which extracts text from images, the Text-to-Speech model 

training phase, and voice synthesis. This section discusses the specifics of each of the elements 

that were utilized in the text extraction, model training, and synthesis stages. This section also 

includes a discussion of the conceptual framework design which shows how text is extracted and 

then passed to text-to-speech system to generate corresponding audio of text.  

4.1 The Proposed Solution 

In this study, a plan of action for creating a text-reading model for the Afaan Oromo language 

was put out. The suggested method was using Tesseract-OCR to extract Afaan Oromo text from 

an image. A strong optical character recognition engine called Tesseract-OCR can extract text 

from an image. Because of the structure and quality of the image, image pre-processing is used 

before feeding it to the Tesseract-OCR engine to accurately detect its text. 

The Tacotron2 deep learning model was utilized for speech synthesis after the Afaan Oromo text 

was retrieved from the image. A cutting-edge neural text-to-speech model called Tacotron2 can 

produce speech that sounds natural from text input. A predefined Afaan Oromo dataset with text-

audio pairings was utilized to train the model since Tacotron2 needs a lot of training data to 

function successfully. We have trained the Tacotron2 model from scratch on the Afaan Oromo 

dataset corpus and also using a pre-trained model on the LJSpeech dataset corpus we fine-tuned 

the model with the Afaan Oromoo dataset. Lastly, the speech was synthesized using the 

WaveGlow neural vocoder, which we used for the model that was trained from scratch, and the 

HIFI-GAN neural vocoder, which we used for the model that was fine-tuned. WaveGlow and 

HIFI-GAN models, a flow-based generative model, were used with Tacotron2's output to 

produce high-quality speech, and the output of both models was compared using unseen data. 

Image containing Afaan Oromo text were used to test the suggested solution, and the quality of 

the synthesized speech that was produced was assessed using the Mean Opinion Score (MOS). 

The evaluation's findings revealed that the suggested method was capable of properly extracting 
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Afaan Oromo text from images and producing speech that sounded natural. Afaan Oromo 

speakers, especially those with visual impairments, can benefit from improved accessibility and 

communication according to this research's major contribution to the development of technology 

for the Afaan Oromo language. The figure below shows the general architecture of the proposed 

solution and how we can generate audio speech from image containing Afaan Oromoo text. 

 

Figure 12: Text-to-speech Model Training Architecture 

The above figure shows the architecture of proposed solution how to train text-to-speech 

synthesis model. The first step is to pre-process the collected raw data as we explained in the 

previous chapter which is the text and audio dataset. After we pre-processed both text and audio 

dataset, we split the data into training set which is used to train our model and validation set 

which is used to validate our model. By using model optimization technique, we minimize the 

error between training and validation loss of the model. The above architecture is used for 

Tacotron2 model training which is acoustic feature prediction model and training flow-based 

generative vocoders WaveGlow model as well as high fidelity generative adversarial network 

(HIFI-GAN) model. After the model is trained successfully, text input is given to test the model 

performance. The input text is passed through Tacotron2 model to predict acoustic feature of the 

input text. The predicted Mel-spectrogram is then given to vocoder to generate the final audio 

output from the predicted Mel-Spectrogram.  
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Figure 13: Architecture of Speech Synthesizing  

Figure 13 of above shows the architecture of how we can synthesize speech directly from an 

image containing Afaan Oromoo text. The input image of first pre-processed as explained in 

previous chapter then passed to Tesseract OCR Engine to extract text from an image. The 

extracted text then pre-processed and passed to Tacotron2 model to predict acoustic feature of 

input which is Mel-Spectrogram. The predicted Mel-Spectrogram from Tacotron2 model is 

forward to vocoder (WaveGlow or HIFI-GAN) to generate the audio from Mel-Spectrogram. 

4.2 Tesseract-OCR Implementation 

To implement the Tesseract-OCR engine, we used the Python programming language and its 

pytesseract library, which provides an interface for using the Tesseract-OCR engine in Python. 

We created a script that reads the image file, preprocesses the image, and extracts the text from 

the image using the Tesseract-OCR engine. The extracted text is then saved to a text file for 

further processing. To evaluate the performance of our Tesseract-OCR implementation, we used 

the Word Error Rate (WER) metrics, which measures the difference between the recognized text 

and the ground truth text. Tesseract-OCR implementation achieved an accuracy of more than 

95% depending on the image quality and low word error rate, as measured by the Accuracy 

metric. 

Image Analysis: Tesseract-OCR is used to analyze image and extract Afaan Oromo text from 

them as part of our suggested solution for the "Text Reading Model for Afaan Oromo Language". 

To handle less data, the input picture is first made grayscale as part of the image analysis 
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process. After that, the image is preprocessed to improve its quality and get rid of any noise or 

distortions. The Tesseract-OCR engine receives the image after preprocessing to extract the 

Afaan Oromo text. Open-source software called Tesseract-OCR employs optical character 

recognition (OCR) to identify text contained inside a picture. It operates by breaking the image 

into smaller pieces and searching for text in each piece. The extracted text is then saved in a text 

file after being identified(Smith, 2005). The WER meter and overall Accuracy are trustworthy 

indicators of how well our implementation performed. The figure below shows the Architecture 

of the Tesseract-OCR System. 

 

Figure 14: Architecture of Tesseract-OCR System(A. S. & G, 2015) 

The figure above show that systematic flow of Tesseract OCR system, starting with 

preprocessing to enhance image quality, followed by feature extraction to capture important 

characteristics, classification using an ANN to identify characters, and finally post-processing to 

present the results in a modern and accessible format. 

4.3 TTS Model Training 

During the training phase, based on the NVIDIA Github source3, we used RNN-based Tacotron2 

parameter prediction models and trained them from scratch. And also using our own Afaan 

Oromoo corpus along with the pre-trained model for the English language on the LJSpeech 

dataset, we fine-tuned it for the Afaan Oromoo language. These models are designed to optimize 

the processing of the text and audio data being used. However, to effectively train the acoustic 

model, it is important to analyze the incoming data before feeding it into the model. This analysis 

                                                           
3 https://github.com/NVIDIA/DeepLearningExamples/tree/master/PyTorch/SpeechSynthesis/Tacotron2 
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ensures that the model can accurately capture the degrees of the Afaan Oromo language and 

produce high-quality speech output. Before training the Tacotron 2 model, it is essential to 

preprocess the input data for optimal training. This preprocessing includes text analysis, 

character embedding, and audio analysis. The detailed text and audio analysis are explained in 

the previous Research methodology section. 

Text Analysis: In the text analysis phase, we preprocess the input text by performing various 

linguistic analyses such as tokenization, text cleaning, and normalization. These analyses help to 

extract the necessary linguistic features from the input text, which are then fed into the Tacotron 

2 model. 

Character Embedding: Once the linguistic features have been extracted from the input text, we 

need to convert them into numerical vectors. To achieve this, we used character embedding 

techniques, which map each character to a high-dimensional vector space. By doing this, we can 

preserve the semantic relationships between characters, which are essential for accurate speech 

synthesis. Character embedding, as opposed to word2vec embedding, was chosen because it can 

handle uncommon words better and minimizes model complexity by employing a limited 

number of vectors. It resolved some word embedding. The difference between Character 

Embedding and Word Embedding is that Character Embedding can build any word as long as 

those characters are included(Edward, 2018). 

Audio Analysis: In the audio analysis phase, we preprocess the input audio data by performing 

feature extraction, such as spectral analysis, to extract the relevant audio features. These features 

are then used to train the Tacotron 2 model to synthesize speech that accurately reflects the input 

audio. By performing text analysis, character embedding, and audio analysis, we can preprocess 

the input data in a way that maximizes the performance of the Tacotron 2 model during training. 

4.4 Acoustic Model 

Our proposed solution for acoustic modeling is based on Recurrent Neural Network (RNN). 

Specifically, we utilized the RNN-based Tacotron 2 model for our Afaan Oromo TTS system. 

During the training phase, we trained Tacotron 2 parameter prediction models from scratch as 

well as using a pre-trained model by fine-tuning it. 
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4.4.1 Recurrent Neural Network Based Model 

The RNN-based Tacotron 2 model is a deep learning-based architecture that can generate Mel 

spectrograms, which represent the speech acoustic features. The model is composed of two main 

parts: the text encoder and the decoder. The text encoder uses an RNN to encode the input text, 

while the decoder uses another RNN to generate the Mel spectrogram(Shen et al., 2018). 

The Tacotron 2 model predicts Mel-spectrograms from text and is a recurrent sequence-to-

sequence model with attention. The encoder converts the entire text into a fixed-size hidden 

feature representation (blue blocks in the diagram below). The autoregressive decoder (orange 

blocks), which generates one spectrogram frame at a time, then consumes this feature 

representation. The flow-based generative WaveGlow replaces the autoregressive WaveNet 

(green block) in NVIDIA implementation(Shen et al., 2018). 

 

Figure 15: Architecture of Tacotron 2(Shen et al., 2018) 

The sequence-to-sequence network consists of several layers: 

The Embedding Layer converts each character into a 512-dimensional vector that represents its 

semantic and syntactic features. This helps the model learn the relationship between different 

characters and words(Shen et al., 2018). 

The Pre-net Layer applies two fully connected layers with ReLU activation and uses Dropout 

instead of Zoneout to regularize the LSTM layers to the embedded characters. This helps the 

model reduce overfitting and learn more robust features(Shen et al., 2018). 
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The Encoder Layer applies a convolutional neural network (CNN) with 3 layers, each with 512 

filters and kernel size 5, followed by a bidirectional LSTM with 512 units in each direction to the 

output of the pre-net layer. The CNN captures local dependencies and context information in the 

input sequence, while the LSTM captures long-term dependencies and global information(Shen 

et al., 2018). 

The Attention Layer uses a location-sensitive attention mechanism to learn alignments between 

the encoder and decoder outputs. The attention mechanism computes a context vector for each 

decoder time step by taking a weighted sum of the encoder outputs, where the weights are 

determined by an alignment score function that considers both the previous alignment and the 

current decoder state. The location-sensitive attention helps the model avoid repeating or 

skipping words by using a cumulative alignment vector that tracks how much attention has been 

paid to each encoder time step(Shen et al., 2018). 

The Decoder Layer applies two LSTM layers with 1024 units each, followed by a linear 

projection layer that predicts a Mel spectrogram frame at each time step. The decoder takes as 

input the previous predicted frame, the context vector from the attention layer, and a speaker 

embedding vector (if the multi-speaker mode is enabled). The decoder generates a sequence of 

Mel spectrogram frames that represent the acoustic features of the speech signal(Shen et al., 

2018). 

The Post-net Layer applies a CNN with 5 layers, each with 512 filters and kernel size 5, 

followed by a linear projection layer that adds a residual to the decoder output. The post-net 

improves the quality of the Mel spectrogram by refining its details and smoothing its 

artifacts.(Shen et al., 2018) 

Overall, our proposed solution for acoustic modeling using RNN-based Tacotron 2 provides an 

effective and efficient method for generating high-quality Afaan Oromo speech from text. 

4.5 Flow-Based Generative Model 

Our proposed solution uses a flow-based generative model as a Vocoder.  Specifically, we 

utilized WaveGlow and HIFI-GAN model with Tacotron 2 model for our Afaan Oromo TTS 

system 
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4.5.1 WaveGlow Model 

The WaveGlow model is a flow-based generative model that generates audio samples from 

Gaussian distribution using Mel-spectrogram conditioning (Figure below). 

 

Figure 16:  Architecture of WaveGlow (Prenger et al., 2019) 

WaveGlow consists of the following layers(Prenger et al., 2019): 

The Squeeze Layer takes an input audio waveform of shape (B, T), where B is the batch size 

and T is the number of time steps and reshapes it into (B, C, T’), where C is the number of 

channels and T’ is the reduced number of time steps. For example, if C=4, then T’=T/4. This 

means that each time step in the output contains 4 samples from the input. The squeeze layer 

helps to reduce the dimensionality of the input and makes it easier for the model to process. 

The Coupling Layer splits the input into two parts along the channel dimension: x1 and x2. 

Then it applies a neural network called WaveNet (WN) to x1 and adds the output to x2. The 

output of the coupling layer is the concatenation of x1 and x2. The coupling layer learns to 

transform the input distribution into a simpler one that can be easily sampled. The WaveNet 

network consists of several layers of dilated convolutions that capture long-range dependencies 

in the input. 

The Invertible 1x1 Convolution Layer applies a linear transformation to the input that 

permutes the order of the channels. The transformation matrix is initialized randomly and learned 

during training. The invertible 1x1 convolution layer helps to mix the information across 
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different channels and avoid unwanted correlations. The transformation is invertible, meaning 

that it can be reversed by applying its inverse matrix. 

The Split Layer outputs some of the channels as latent variables and passes the rest to the next 

layer. The latent variables are used to condition the generation process on the Mel spectrogram. 

The split layer reduces the dimensionality of the input and makes it easier for the model to 

sample from a simple distribution(Prenger et al., 2019).  

During training, the model learns to transform the dataset distribution into spherical Gaussian 

distribution through a series of flows. One step of a flow consists of an invertible convolution, 

followed by a modified WaveNet architecture that serves as an affine coupling layer. During 

inference, the network is inverted and audio samples are generated from the Gaussian 

distribution. NVIDIA4 implementation uses 512 residual channels in the coupling layer(Prenger 

et al., 2019). 

4.5.2 HIFI-GAN 

HiFi-GAN is a generative adversarial network-based model. Specifically, it is a type of 

autoregressive model that generates high-fidelity audio waveforms by transforming a noise 

source using a series of invertible transformations or "flows". Generative adversarial networks 

(GANs) to produce raw waveforms. The HiFi-GAN model achieves high-fidelity speech 

synthesis while also being effective. Because speech audio is made up of sinusoidal signals with 

different periods, the authors show how modeling periodic patterns in audio is essential for 

improving sample quality(Kong et al., 2020). 

The HiFi-GAN model takes in a sequence of audio features, typically Mel-spectrogram or 

MFCC coefficients, and generates a corresponding waveform. It consists of two main 

components: a generator and a discriminator(Kong et al., 2020). 

The generator is a flow-based model that learns to map a simple, known distribution (e.g., 

Gaussian noise) to a more complex distribution that captures the underlying structure of the 

audio data. It consists of multiple invertible blocks, each of which contains several coupling 

layers that transform the input noise into a more complex signal. These coupling layers learn to 

                                                           
4 https://github.com/NVIDIA/DeepLearningExamples/tree/master/PyTorch/SpeechSynthesis/Tacotron2/waveglow 
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split the input signal into two parts and transform one part while leaving the other 

unchanged(Kong et al., 2020). 

 

Figure 17: the architecture of generator(Mathieu et al., 2015) 

The generator upsamples Mel-spectrograms up to |ku| times to match the temporal resolution of 

raw waveforms. An MRF module adds features from |kr| residual blocks of different kernel sizes 

and dilation rates. Lastly, the n-th residual block with kernel size kr[n] and dilation rates Dr[n] in 

an MRF module is depicted(Kong et al., 2020). The discriminator is a convolutional neural 

network that takes in an audio waveform and outputs a probability indicating whether the 

waveform is real or fake. The discriminator is trained to distinguish between real audio 

waveforms and waveforms generated by the generator(Kong et al., 2020). 

 

Figure 18: (a) The second sub-discriminator of MSD(Rithesh, 2019).  (b) The second sub-discriminator of 

MPD with period 3(Kong et al., 2020) 

The authors propose a multi-period discriminator (MPD) and a multi-scale discriminator (MSD) 

to achieve high-fidelity speech synthesis. MPD consists of several sub-discriminators that 

capture different implicit structures by looking at different parts of the input audio. Each sub-

discriminator only accepts equally spaced samples of the audio with a period of [2, 3, 5, 7, 11]. 

The 1D raw audio of length T is first reshaped into 2D data of height T/p and width p, and 2D 

convolutions are applied to the reshaped data in every convolutional layer of MPD. Each sub-
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discriminator is a stack of stridden convolutional layers with leaky rectified linear unit (ReLU) 

activation. Weight normalization is applied to MPD. The MSD evaluates audio samples at 

different levels consecutively to capture consecutive patterns and long-term dependencies. The 

MPD and MSD are used to capture the periodic signals and long-term dependencies of the input 

audio, respectively, to achieve high-fidelity speech synthesis(Kong et al., 2020).  

The HiFi-GAN model is trained using adversarial training, where the generator and discriminator 

are trained simultaneously. The generator is trained to generate realistic audio waveforms that 

can fool the discriminator, while the discriminator is trained to correctly distinguish between real 

and fake waveforms. The HiFi-GAN model has several advantages over traditional vocoders. It 

can generate high-quality audio waveforms with a wide range of frequency content, including 

high-frequency harmonics(Kong et al., 2020).  

4.6 Speech Synthesis Phase 

The Mel spectrogram is a 2D array of numbers that represents the frequency and intensity of 

sound over time. Each row corresponds to a frequency bin and each column corresponds to a 

time step(Roberts, 2020). The value at each cell indicates how loud the sound is at that frequency 

and time. To feed the Mel spectrogram to WaveGlow or HIFI-GAN, we need to reshape it into a 

1D vector of numbers. We can do this by flattening the 2D array into a 1D array(Roberts, 2020). 

For example, if the Mel spectrogram has shape (M, N), where M is the number of frequency bins 

and N is the number of time steps, we can flatten it into a 1D array of shapes (M*N). 

Then, we can concatenate the flattened Mel spectrogram with a random noise vector of the same 

length. The random noise vector is sampled from a Gaussian distribution with a mean zero and 

standard deviation of one. This helps to add some variation and diversity to the generated speech. 

4.7 Conceptual Design 

Conceptual design has the root word “concept,” which describes the idea and intention behind 

the design. This is contrasted by “execution”, which is the implementation and shape that a 

design ultimately takes(Levanier, 2020). The purpose of conceptual design is to give visual shape 

to an idea. It gives a clear idea of what the product can do, and its intended use and considers the 

user's points of view hence actual results are easier to achieve. 
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4.7.1 Proposed Conceptual Framework 

We performed a lot of image filtering and preprocessing before the actual text recognition was 

performed. This was to make both our Tesseract-OCR algorithm and TTS work as efficiently and 

effectively as possible. The figure below provides a flow of the software designed. 

 

Figure 19: proposed conceptual framework 

If the user clicked the button to read text According to our conceptual design of the device, we 

fed each captured image text block region into a section of code that formatted the region 

properly for Tesseract-OCR. After filtering and preprocessing, we executed the Tesseract-OCR 

algorithm using provided text block image and extracted the text from image. Upon determining 

the text within each region, we performed text preprocessing as the first step in the text-to-speech 

pipeline. The preprocessed text is then fed into the Tacotron2 model to generate a Mel-

spectrogram which is then converted into audio using vocoders to notify the user about the 

content of the text through audio. 
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CHAPTER FIVE 

5. IMPLEMENTATION OF TESSERACT-OCR AND AFAAN OROMO 

TEXT TO SPEECH 

In this section, we provide a detailed explanation of the implementation process, including the 

tools used for implementation, data preparation, data preprocessing, feature extraction, and 

model training. Before training the model, we first prepared, preprocessed, and extracted features 

from our dataset. Finally, we trained the acoustic feature prediction models and presented the 

training progress for each model. 

5.1 General Purpose Used Tools 

5.1.1 Software Tools 

Python 3.9: is the latest version of the Python programming language released in 2020. It comes 

with various new features, improvements, and bug fixes. In our study, we used Python 

programming language for implementing the data pre-processing, Tesseract-OCR, Tacotron2, 

WaveGlow, and HiFi-GAN models. Python is a widely used language in the field of deep 

learning and has a large number of libraries and frameworks available for machine learning 

tasks. 

Anaconda Navigator: Anaconda Navigator was the platform we used in our study to manage 

our Python environment and packages. To construct and manage virtual environments, install 

packages, and launch Jupyter notebooks, Anaconda Navigator offers a user-friendly interface. 

Additionally, it contains several helpful software programs and tools for data science and 

machine learning, including NumPy, pandas, TensorFlow, and PyTorch. Setting up and 

administering a Python environment for use in data analysis and machine learning is made 

simpler by Anaconda Navigator. 

Google Colaboratory: Google Colaboratory, a free cloud-based platform for executing and 

creating machine learning models, was employed in our work. This platform enables 

collaboration and notebook sharing with others, as well as access to a GPU for training deep 

learning models. Popular machine learning libraries like PyTorch, TensorFlow, and scikit-learn 

are also pre-installed, making it simple to use machine learning algorithms without the 

requirement for local installation. 
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Matplotlib3.1.3: Matplotlib was used for creating visualizations of the training progress of our 

deep learning models. Specifically, it was used to generate plots of the loss and accuracy values 

during training, which helped us to monitor the performance of the models and identify any 

potential issues that needed to be addressed. Matplotlib is a widely-used Python library for 

creating high-quality 2D plots and graphs, and it provides a range of tools for customizing 

visualizations and making them more informative. 

5.1.2 Hardware Tools 

Personal Computer: The personal computer used in our study served as the primary 

development and experimentation environment for the implementation of the models and 

algorithms. It was used for coding, data preparation and analysis, model training and evaluation, 

and result visualization. The computer's hardware specifications and software tools allowed us to 

efficiently conduct our research tasks while meeting the system requirements of the deep 

learning frameworks used. 

Graphics Processing Unit (GPU) NVIDIA Tesla T4: In this study, we accelerated the training of 

deep learning models using a graphics processing unit (GPU). Due to their parallel computing 

capabilities, GPUs are particularly well suited for deep learning matrix calculations. We were 

able to dramatically shorten the time required to train our models by using a GPU, which made it 

easier for us to test out various architectures and hyperparameters. 

Power Supply: The power supply for the graphics processing unit (GPU) is an essential 

component in our study as it provides the necessary power to run the GPU. Since the GPU is a 

high-performance computing component that requires a significant amount of power, a power 

supply unit (PSU) with sufficient wattage and efficiency is necessary. 

5.2 Data Collection Tools 

Microsoft Office2016: Microsoft Office is a collection of productivity software tools used for a 

variety of tasks, including word processing, spreadsheet creation, presentation creation, and 

database management. In our work, we created a speech corpus using Microsoft Excel, a 

program that is a part of the Microsoft Office suite. To make it simple to handle and analyze the 

data, we utilized Excel to store the audio path and transcription pairs for each speech sample in a 

structured way. 
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Samsung A70 Samsung A70 is a smartphone used for audio recording purposes in our study. 

The phone is equipped with high-quality microphones that can capture clear and high-fidelity 

audio recordings 

5.3 Data Pre-Processing Tools 

Data pre-processing is the collection of procedures and methods used to modify raw data into a 

more useful and effective form.  A variety of tasks, including data cleaning and formatting, the 

elimination of superfluous or irrelevant data, the handling of missing values, scaling or 

normalizing the data, and others, may be involved in this. 

5.3.1 Image Pre-processing Tools and Libraries 

OpenCV4.5.3:  OpenCV is an open-source computer vision library that we have used for image 

processing tasks such as cropping, resizing, and color-space conversion. 

PIL8.4.0 (Python Imaging Library): PIL is a library that adds support for opening, manipulating, 

and saving many different image file formats. We have used it for image resizing and format 

conversion. 

5.3.2 Text Pre-Processing Tools and Libraries 

NLTK: NLTK (Natural Language Toolkit): It is a popular library used for natural language 

processing tasks such as tokenization, stemming, and lemmatization. 

5.3.3 Audio Pre-Processing Tools and Libraries 

Audacity3.2.5: Audacity is a free and open-source digital audio editor that we used to clean and 

edit our audio recordings. We used it to remove background noise, adjust volume levels, and 

remove unwanted parts of the recordings.  

Librosa0.10.0:  Librosa is a Python library for analyzing and processing audio signals. We used it 

to extract features such as the Mel Spectrogram, Mel Frequency Cepstral Coefficients (MFCCs), 

and pitch from our audio files. 

Resampy0.3.1: Resampy is a Python library for efficient sample rate conversion of audio signals. 

SciPy1.8.0: SciPy is a scientific computing library for Python. We used it for various audio signal 

processing tasks such as filtering, resampling, and segmenting audio files. 
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NumPy1.24.2: NumPy is a Python library for numerical computing. We used it for efficient 

manipulation of arrays and matrices, which is particularly useful for working with audio data. 

5.4 Implementation of Tesseract-OCR 

5.4.1 Libraries and Package Used 

Tesseract-OCR4.1.1: Tesseract OCR engine which is capable of recognizing various image 

formats and extracting text from them. 

Libtesseract-dev4.1.1: It is the development files of Tesseract-OCR which contains libraries, 

headers, and documentation. 

Pytesseract0.3.10: It is a Python wrapper for Tesseract-OCR that allows the user to easily 

integrate OCR functionality into their Python scripts. 

Pillow8.4.0: It is a Python Imaging Library that is used to open, manipulate, and save many 

different image file formats. 

Tesseract0.1.3: It is a command-line tool for Tesseract-OCR that allows the user to process 

images and output recognized text from the command line. 

Levenshtein0.21.0: It is a Python library that implements the Levenshtein distance algorithm, 

which is used to measure the difference between two sequences of strings. In the context of 

OCR, it can be used to correct OCR errors and improve the accuracy of recognized text. 

NumPy: NumPy can be used to resize, reshape, or manipulate the pixel values of the image 

arrays, making them suitable for Tesseract OCR processing. 

5.4.2 Image Pre-Processing 

We used a variety of image pre-processing methods in our implementation to boost Tesseract-

OCR's performance. Binarization, Deskewing, noise removal, and image resizing are some of 

these methods. By establishing a threshold value to distinguish the text from the backdrop, 

Binarization was employed to turn the image into a binary representation. If the image was 

crooked or slanted, Deskewing was used to make it straight. Any unwelcome noise or artifacts in 

the image that can obstruct the OCR process were removed using noise removal. To standardize 

the image size and resolution and increase the speed and accuracy of OCR, image scaling was 

lastly used. 
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Algorithm Used for Image Pre-processing: 

Table 4: Image Pre-Processing Algorithm 
Steps Pre-Processing 

Step 1: Load the image using OpenCV (cv2.imread) and store it 

Step 2: Convert the image to grayscale 

Step 3: Perform Binarization on the grayscale image 

Step 4: Perform deskewing to straighten the text in the image: 

 Find the coordinates of non-zero (white) pixels in the binary image 

 Calculate the minimum area rectangle that fits the non-zero coordinates 

 Extract the angle of rotation from the rectangle 

 Adjust the angle if necessary to ensure it is within the range of -45 to 

45 degrees. 

 Determine the center of the image. 

 Generate a rotation matrix with the center, angle, and scale factors. 

 Apply the rotation to the binary image using cv2.warpAffine 

Step 5: Perform noise removal using a Gaussian filter with a kernel size of 3: 

 Define the size of the kernel (matrix). 

 Calculate the values of the Gaussian kernel using the Gaussian 

distribution 

 Normalize the values of the kernel 

 Convolve the image with the kernel by sliding it over the image and 

multiplying each pixel value by its corresponding weight in the kernel. 

 Sum up all the weighted pixel values in the kernel and assign this value 

to the center pixel of the kernel. 

Step 6: Resize the image to the desired size (600 x 800): 

 Get the current sizes of the image 

 Calculate the new size based on the desired size 

 Resize the image with new width and height. 

Step 7: Save the pre-processed image 

Step 8: Return the pre-processed image 
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5.4.3 Text Extraction Phase 

To extract text from an image using Tesseract OCR in our study, we first pre-processed the 

image using techniques such as Binarization, Deskewing, noise removal, and resizing. We then 

used the pytesseract library in Python, which is a wrapper for the Tesseract OCR engine, to 

recognize the text in the pre-processed image. The recognized text was then extracted and 

returned for further use in our text-to-speech synthesis model. 

 

Figure 20: Extracting Text from an image using Tesseract-OCR 

The figure below shows an image containing Afaan Oromoo Text and extracted text from using 

the Tesseract-OCR system. 

 
Figure 21: Input Images A) Skewed Image B) Blurred Image 

 

Figure 22: Tesseract-OCR output of blurred and skewed images 
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Figure 23: input image containing text with background image 

 
Figure 24: output image containing text with background image 

 

Figure 25: blurred input image containing text 

 

Figure 26: output of blurred input image containing text 
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5.5 Training Text-to-Speech Model  

5.5.1 TTS Modeling Framework and Libraries 

In this study, we trained and implemented the Text-to-Speech (TTS) model using a variety of 

frameworks and tools. PyTorch and Tensorflow were the primary deep-learning tools we used to 

build and train the TTS model. Additionally, we accelerated the GPU during training using 

CUDA, a parallel computing platform. NumPy was utilized for numerical computations, and 

Matplotlib was used for visualization. 

PyTorch: PyTorch is an open-source machine learning framework that is used for developing 

and training neural network models. It provides a simple and efficient way to build deep learning 

models and supports both CPU and GPU computation. 

TensorFlow: TensorFlow is another open-source machine learning framework that is widely 

used for developing and training deep learning models. It provides a high-level API for building 

and training neural networks and supports distributed computing. 

CUDA: CUDA is a parallel computing platform and application programming interface (API) 

developed by NVIDIA for general-purpose computing on GPUs. It allows developers to harness 

the power of the GPU for deep learning computations, enabling faster model training. 

Matplotlib: Matplotlib is a plotting library for Python that provides a wide range of 2D plotting 

functions. It is used for creating visualizations of data and modeling training progress. 

NumPy: NumPy is a Python library used for scientific computing. It provides support for large, 

multi-dimensional arrays and matrices, as well as a large collection of mathematical functions for 

manipulating these arrays. 

Inflect: inflect is a Python library used for converting numbers to their English word 

equivalents. It is used in our TTS implementation to convert the numeric values of durations and 

frequencies to their spoken word equivalents. 

Librosa: Librosa is a Python library used for analyzing and processing audio signals. It provides 

a wide range of functions for performing audio analysis, including feature extraction and time-

frequency analysis. 
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SciPy: SciPy is another Python library used for scientific computing. It provides support for a 

wide range of mathematical functions and algorithms, including signal processing and 

optimization. 

DLLogger: DLLogger is a logging library developed by NVIDIA for deep learning model 

training. It provides a simple and efficient way to log training progress and metrics. 

Tensorboard: Tensorboard is a visualization tool developed by TensorFlow for monitoring and 

visualizing deep learning model training. It provides a wide range of visualizations, including 

loss and accuracy plots, histogram distributions, and model architecture visualizations. 

5.5.2 Data Preparation  

In the data preparation phase, we uploaded a dataset containing audio paths and text 

transcriptions, which were stored in a text file with the .txt file extension. We used the "|" 

delimiter to separate the audio path and text transcription in each line of the file. We loaded the 

dataset using the PyTorch data loader, which allowed us to efficiently load and preprocess the 

data. 

5.5.3 Loading Text and Audio Dataset 

To configure the dataset parameters, we used the argparse library, and we defined the dataset 

parameters as a separate argument group. We specified the training and validation filelists using 

the --training-files and --validation-files arguments, respectively. We also provided the option to 

load Mel-spectrograms from disk instead of computing them on the fly using the --load-mel-

from-disk flag. Finally, we defined the type of text cleaners for input text using the --text-

cleaners argument. 

 

Figure 27: defining dataset parameters 
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For the actual data loading and processing, we used the TextMelLoader class, which is a subclass 

of the PyTorch Dataset class. This class loads the audio and text pairs, normalizes the text and 

converts them to sequences of one-hot vectors, and computes Mel-spectrograms from audio files. 

We passed the dataset path, audio paths and text, and dataset parameters as arguments to the 

constructor of the TextMelLoader class. 

Algorithm: To get Mel-Spectrogram Text Pair 

Input: audio path (path to the audio file), text (input text) 

Process:  1. Compute Mel-spectrogram from the audio file 

     2. Normalize and convert the input text to one-hot vectors 

     3. Calculate the length of the normalized text 

Output:  Return a tuple containing normalized text, Mel-spectrogram, and text length 

Algorithm: To get Mel-Spectrogram 

Input: audio path (path to the audio file) 

Process: If Mel-spectrogram exists on disk for the given audio path: 

Load the Mel-spectrogram from the disk 

    Else: 

1. Load the audio waveform from the audio path 

2. Normalize the audio waveform 

3. Convert the normalized waveform to a Mel-spectrogram using Short-Time 

Fourier Transform (STFT) 

Output: Return the Mel-spectrogram 

Algorithm: to get Text 

Input: text (input text) 

Process: 1. Normalize the input text 

   2. Convert the normalized text into a sequence of one-hot vectors 

Output: Return the sequence of one-hot vectors 

5.5.4 Text Pre-Processing 

One of the most important steps in training a Text-to-Speech (TTS) model is text data 

preparation. To make sure that the model can handle a variety of input text types, it entails 

cleaning and normalizing the text data. In our implementation, we utilized the use of several text-
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cleaning techniques, including tokenization, text normalization, and expanding abbreviations. In 

addition, we applied word-to-number, word-to-ordinal, and word-to-currency conversion 

methods. 

 
Figure 28: Afaan Oromoo Text Cleaners 

Expanding Abbreviations: To make sure the text data is acceptable for the TTS model, we 

expanded abbreviations like "Obb." to "Obbo," "Dr." to "Doktar," and "m/b" to "mana 

barumsaa". 

 
Figure 29: implementation of expanding abbreviations 

Text Normalization: To make sure the input text is in a uniform format, we applied a variety of 

text normalization algorithms. This entails changing all text to lowercase, expanding numbers, 

and substituting spaces for any non-alphabetic letters. 

 
Figure 30: implementing text normalization 
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Numbers-to-Word: We translated numerical values from the input text into their corresponding 

word forms. For instance, "123" became "dhibba tokkoofi digdamii sadi." This technique allows 

the TTS model to handle numerical input text more effectively. 
 

 
Figure 31: Expanding number to words 

Currency-to-Word: We converted the input text's currency symbols (like $) to their 

corresponding word representations (like dollars). By using this method, the TTS model is better 

able to handle currency input text.  

 
Figure 32: expanding currency to word 
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Tokenization: We used character embedding to convert the input text into a sequence of vectors. 

To achieve this, we first tokenized the input text by splitting it into individual characters. This 

allowed us to create a mapping between each character and a corresponding vector, which the 

TTS model can easily process. 

5.5.5 Audio Processing 

These parameters are used to configure the audio processing functions used. The audio 

parameters declared are max-wav-value, sampling rate, filter length, hop-length, win-length, 

mel-min, and mel-fmax. 

 

Figure 33: audio processing parameters 

Audio Feature Extraction and Normalization: Using PyTorch and audio processing methods, 

the get_mel function creates a Mel-spectrogram of an audio file. First, it determines whether or 

not the Mel-spectrogram needs to be loaded from the disk. The function loads the audio file and 

determines whether it needs to be generated by examining the sampling rate. To add a batch 

dimension, the audio is next normalized and unsqueezed. A Mel-spectrogram is produced by 

passing the generated tensor through STFT using the stft.mel_spectrogram function. Before 

returning the Mel-spectrogram as a PyTorch tensor, the function first uses the squeeze function 

to eliminate the batch dimension. 
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Figure 34: audio normalization and Mel-Spectrogram generation 

5.6 Implementation of the TTS Model 

In the implementation of the Tacotron2 model, two types of training were conducted. The first 

type involved training the model from scratch using a custom dataset and data cleaners. This type 

of training is useful when there is no pre-existing model available that can be fine-tuned for a 

specific task. During this training, the model was trained on the entire dataset to learn the 

mapping between the input text and the corresponding speech output. 

The second type of training was fine-tuning a pre-trained model on the English language for 

Afaan Oromoo. Fine-tuning is a technique that involves taking a pre-trained model and adapting 

it to a new task or domain by training it on a new dataset. In this case, the pre-trained model was 

already trained in the English language, and it was fine-tuned using the Afaan Oromoo dataset. 

Fine-tuning a pre-trained model can be an effective way to reduce the training time and improve 

the performance of the model on a new task.  

5.6.1 Training Tacotron2 from Scratch 

We trained a Tacotron2 model from scratch for Afaan Oromoo text-to-speech (TTS) synthesis. 

The training process involved 500 epochs, with each epoch consisting of 1566 iterations. We 

monitored the training and validation loss throughout the training process to assess the 

convergence and performance of the model. The validation loss, on the other hand, evaluates the 

model's performance on a separate validation set, indicating how well the model generalizes to 

unseen data. As the training progressed, we observed a gradual decrease in both the training and 
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validation loss. This decrease signifies that the model was learning and improving its ability to 

generate accurate and natural-sounding speech. The convergence of the loss values indicates that 

the model was effectively capturing the patterns and characteristics of Afaan Oromoo speech 

data. 

After training for the specified number of epochs, we decided to stop the training when the 

training loss reached 0.2543270669421917 and the validation loss was 0.343282864005751. 

These loss values indicated that the model had achieved a satisfactory level of performance and 

further training may result in diminishing returns or overfitting to the training data. It is worth 

noting that the training loss and validation loss values alone do not provide a complete 

assessment of the model's quality. Additional evaluation metrics, such as subjective evaluations, 

can be employed to further evaluate the generated speech's perceptual quality and similarity to 

natural speech. 

 
Figure 35: Tensorboard Scalar Training loss of Tacotron2 

 
Figure 36: Validation Loss of Tacotron2 Model Training 
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5.6.2 Training of WaveGlow Model 

We conducted training on WaveGlow, a neural vocoder, using our own Afaan Oromoo dataset. 

The training process involved training the model from scratch for a total of 497 epochs or 

778,302 iterations. During the initial stages of training, the training loss was recorded as -2.4532. 

It's worth noting that the negative sign in the loss indicates that it is a log-likelihood loss, 

commonly used in probabilistic models. The log-likelihood loss is commonly used in 

probabilistic models to measure the discrepancy between the predicted distribution and the target 

distribution(Prenger et al., 2019). As the training progressed, the loss gradually decreased, 

indicating improved model performance. 

To evaluate the model's performance, we calculated the validation loss at the end of each epoch. 

The validation loss is an important metric that indicates how well the model generalizes to 

unseen data. Throughout the training process, we monitored the scalar training and validation 

loss using Tensorboard. This visualization provided insights into the model's convergence and 

performance. To ensure model checkpointing and track progress, we saved the model every 10 

epochs. However, at epoch 490, we noticed a significant increase in both the training and 

validation loss. This increase could indicate overfitting or convergence to a suboptimal solution. 

As a result, we decided to halt the training process and ignore the model saved after epoch 490. 

At the point of stopping, the validation loss was recorded as -8.330729133012344, while the 

training loss was -9.478466033935547. It's important to note that the negative sign in the loss 

values is consistent with the log-likelihood loss used in WaveGlow. The training process for 

WaveGlow using our Afaan Oromoo dataset demonstrated significant progress, as evidenced by 

the decreasing loss. However, further investigation with more datasets and fine-tuning may be 

required to improve the model's performance and prevent overfitting. These findings provide 

valuable insights into the development and utilization of speech synthesis systems for Afaan 

Oromoo. 
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Figure 37: Tensorboard Scalar Training loss of WaveGlow Model 

 
Figure 38: Tensorboard Scalar Validation Loss of WaveGlow Model 

5.6.3 Testing Inference 

the inference results of the Tacotron2 model trained from scratch for Afaan Oromoo TTS 

synthesis, combined with the WaveGlow vocoder, demonstrated the successful generation of 

high-quality and natural-sounding speech. The subjective evaluations affirmed the effectiveness 

of the models, indicating their potential for various applications requiring Afaan Oromoo speech 

synthesis. 

 
Figure 39: Tacotron2 and WaveGlow Inference 1 
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Figure 40: Tacotron2 and WaveGlow Inference 2 

 
Figure 41: Tacotron2 and WaveGlow Inference 3 

 
Figure 42: Tacotron2 and WaveGlow Inference 4 

 
Figure 43: Tacotron2 and WaveGlow Inference 5 
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5.6.4 Fine Tuning Pre-Trained Tacotron2 Model 

In the fine-tuning part, a pre-trained Tacotron2 model on the English language is loaded and 

trained using Afaan Oromoo dataset and our text cleaners. The batch size used for training is 30, 

and the pronunciation ARPAbet from the previous model is omitted since it does not work with 

the Afaan Oromoo language. The learning rate used is 3e-4, and the model is trained for 3000 

iterations. The training is performed on Google Colab for 6 hours. The alignment of the model 

started changing after the 5th epoch, and at the 50th epoch, the validation loss became 0.259536. 

The model started generating almost natural sound by the 80th epoch (2642 iterations), with the 

validation loss reduced to 0.233419. The training was stopped at 90 epochs when the result was 

almost near to natural sound. 

 
Figure 44: Tensorboard Scalar Graph of Fined-tuned Model Learning Rate 

 
Figure 45: Tensorboard Scalar graph of the Fine-tuned Model     
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Evaluation metrics play a crucial role in assessing the performance of a training model. In our 

project, we utilized Tensorboard to visualize various metrics throughout the training process, 

which lasted approximately 6 hours and spanned around 90 epochs on Google Colaboratory. The 

gradient norm, indicative of gradient stability, remained consistent, signifying the absence of 

significant gradient explosions or vanishing gradients.   

5.6.5 Fine-tuning HIFI-GAN Model 

In our study, we fine-tuned the HIFI-GAN model vocoder to generate high-quality speech for the 

Afaan Oromoo language. The fine-tuning process involved using the same dataset that was used 

to train our Tacotron2 model. We specifically fine-tuned the Universal HIFI-GAN model, which 

was originally trained on English language data. 

To do this, we first loaded the pre-trained Universal HIFI-GAN model, which was learned on 

English language data, together with our fine-tuned Tacotron2 model, which was trained on 

Afaan Oromoo. These models were combined to modify the HIFI-GAN vocoder to better fit the 

unique qualities of Afaan Oromoo. The fine-tuning process lasted for a total of 10500 iterations. 

Before initiating the training, we generated ground-truth alignment spectrograms. These 

spectrograms served as a reference for HiFi-GAN to learn and mimic the speech characteristics 

produced by our Tacotron2 model. 

We kept an eye on the Mel-spectrogram error during training to gauge how well the fine-tuning 

was working. 0.510 was recorded as the Mel-spectrogram error at the start of the training. The 

model's performance significantly increased throughout the training process, decreasing the Mel-

spectrogram error. The model got more accurate at producing Mel-spectrograms that closely 

mirrored the target speech at 6k iterations, as seen in generator Mel-spectrogram error reaching a 

value of 0.339, we ignore the model saved after this iterations and we take the model saved at 6k 

iteration for evaluation. This process enabled us to generate high-fidelity and near-natural speech 

samples for the Afaan Oromoo language, paving the way for improved text-to-speech synthesis 

in this language. 
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Figure 46: HIFI-GAN Training Generator Loss and Mel-Spectrogram Error 

HIFI-GAN Training Generator Loss: The Generator Loss calculates the difference between 

the ground truth speech from the training dataset and the synthesized speech produced by the 

HIFI-GAN model. It demonstrates how well the generator network can produce speech that 

sounds remarkably similar to the target speech. Greater alignment between the generated speech 

and the real world means lower generator loss, which suggests better speech synthesis with 

higher quality and greater accuracy. 

Mel-Spectrogram Error: This metric evaluates the variation between the target Mel-

spectrogram, which is obtained from the ground truth speech, and the generated Mel-

spectrogram, which represents a speech in the frequency domain. It measures the distortion or 

departure from the planned target in the mel-spectrogram that was created. More accurate and 

realistic-sounding synthesized speech is produced when the model generates Mel-spectrograms 

that closely resemble the target spectrograms, which is indicated by a reduced Mel-spectrogram 

error. 

5.6.6 Testing Inference 

It can be difficult to provide any quantitative evaluation of a Tacotron2 model's output, making 

performance evaluation tough. A Tacotron2 model's output can often be assessed by listening to 

the generated speech and evaluating how closely it matches the input text. One common 

approach to evaluating the quality of generated speech is to use subjective listening tests, where a 

group of human evaluators listens to the generated speech and provides ratings based on various 

criteria. These criteria may include measures of speech naturalness, intelligibility, and overall 
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quality. The figure below shows the input text provided to the model and the resulting Mel-

spectrogram and audio generated using the HiFi-GAN as a vocoder. 

 
Figure 47: Request Inference Input Text Form 

 
Figure 48: Test Input Text and output Result 1 

 
Figure 49: Test Input Text and Output Result 2 
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Figure 50: Test Input Text and Output Result 3 

 
Figure 51: Test Input Text and Output Result 4 

5.7 Speech Synthesis 

In the speech synthesizing phase of our study, we employed a multi-step process to convert input 

images into synthesized speech. The overall workflow involved several key components, 

including text extraction using Tesseract OCR, inputting the extracted text into a trained 

Tacotron2 model for Mel-spectrogram prediction, and using a vocoder to generate speech from 

the predicted Mel-spectrograms. Both the Tacotron2 model and the vocoder were evaluated, 

including the model trained from scratch and the fine-tuned model. 

We utilized Tesseract OCR to extract text from the input images; the extracted text was fed into a 

Tacotron2 model. We trained our Tacotron2 model from scratch on our own dataset and data 
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cleaners, ensuring that it learned the patterns and nuances of the target language. The Tacotron2 

model predicted Mel-spectrograms, which are representations of the speech in the frequency 

domain over time. These Mel-spectrograms capture the acoustic characteristics of the speech, 

such as the pitch, intonation, and pronunciation. 

To convert the predicted Mel-spectrograms into audible speech, we employed two different 

vocoders: WaveGlow and HIFI-GAN. The WaveGlow vocoder was trained from scratch using 

our data, while the HIFI-GAN vocoder was fine-tuned on our dataset using a pre-trained HIFI-

GAN model. The vocoders take the Mel-spectrograms as input and generate high-quality audio 

output. In the evaluation of the Tacotron2 model and vocoders, we employed Mean Opinion 

Score (MOS) to assess the quality and naturalness of the synthesized speech. This evaluation 

process involved presenting the synthesized speech to a group of evaluators who listened to the 

speech samples and provided their ratings based on criteria such as clarity, naturalness, and 

overall quality. 

 
Figure 52: Test Input Image and Output Result 1 

 

Figure 53: Test Input Image and Output Result 2 
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Figure 54: Test Input Images and Output Result 3 
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CHAPTER SIX 

6. RESULT EVALUATION AND DISCUSSION 

The evaluation of our speech synthesizing phase involved assessing the performance of 

Tesseract-OCR for text extraction from input images, as well as the quality of the synthesized 

speech. In terms of Tesseract-OCR, we evaluated its performance using the Word Error Rate 

(WER) metric, which measures the accuracy of the extracted text compared to the ground truth. 

The evaluation results demonstrated the effectiveness of Tesseract-OCR in accurately 

recognizing and extracting text from the input images, with a relatively low WER. Moving on to 

the quality of the synthesized speech, subjective Mean Opinion Score (MOS) ratings and 

Objective Mel Cepstral Distortion (MCD) were obtained to evaluate the speech output. The 

results revealed remarkable progress in achieving natural-sounding speech, with the synthesized 

speech being perceived as almost near to natural sound and of high quality by human evaluators. 

Although occasional word omissions were observed in some instances, it was not a consistent 

issue and did not occur in every synthesized speech sample.  

This represents a significant improvement compared to previous text-to-speech synthesis 

approaches for Afaan Oromoo, where the output often sounded less natural and had more 

pronounced errors. The Tacotron2 model's effectiveness, the fine-tuning procedure, and the high-

end vocoders used in our pipeline are all responsible for the improved performance of our speech 

synthesis system. The outcomes show excellent potential for additional developments in voice 

synthesis for Afaan Oromoo, which will improve the overall user experience in a variety of 

speech-generating applications. 

6.1 Result Evaluation 

In our study, we chose Tesseract OCR as the optical character recognition (OCR) system for 

several reasons. Tesseract-OCR is an open-source OCR engine that has gained popularity and 

widespread adoption in the research and development community.  

Tesseract-OCR is an open-source Nature which means that its source code is freely available and 

can be modified and customized according to specific needs. it also language supports a wide 

range of languages, this language support was crucial for our study and its ability to handle 

complex scripts and character sets, including Latin and non-Latin languages. Tesseract-OCR has 
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shown reliable and robust performance in various OCR tasks. Tesseract OCR can be easily 

integrated into different software applications and workflows. It provides APIs and libraries for 

seamless integration with programming languages such as Python, making it convenient for 

researchers and developers to incorporate OCR capabilities into their projects(Smith, 2005).  

Considering these factors, we found Tesseract OCR to be a suitable choice for our study. Its 

open-source nature, language support, robust performance, community support, and integration 

flexibility aligned well with our requirements for accurately recognizing Afaan Oromoo text 

from images. 

Why Tacotron2 Model? 

 Tacotron2 is a widely used text-to-speech (TTS) model known for its impressive natural-

sounding speech synthesis capabilities.  

 Tacotron2 is its end-to-end architecture, which directly generates Mel-spectrograms from 

input text without relying on intermediate linguistic features (Shen et al., 2018). 

 Tacotron2 utilizes an attention mechanism to align the generated Mel-spectrogram frames 

with the input text, allowing for more accurate and expressive synthesis(Shen et al., 

2018). 

Other Models 

 The Hidden Markov Model (HMM) operates on the principle that the current state only 

relies on the preceding state. This implies that HMMs are built on the assumption that 

there is statistical independence between the hidden states (which represent linguistic 

units or phonemes) and the observed acoustic features (such as spectral characteristics of 

speech). However, HMMs face difficulties in capturing the intricate relationships and 

subtleties in speech, such as prosody, intonation, and timing(Abraham et al., 2022). 

 The absence of autoregressive generation in FastSpeech can lead to limitations in 

capturing fine-grained prosody and timing details. Tacotron2, being autoregressive, can 

naturally model duration information and better capture the temporal dynamics and 

nuances of speech, including intonation and rhythm. Modeling, In this case, FastSpeech 

can lead to less natural-sounding speech in certain cases(Gopalakrishnan et al., 2022). 

According to (Gopalakrishnan et al., 2022) A survey was conducted to assess the 

performance of different models when trained on small datasets. The findings of the 
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survey revealed that the Tacotron2 text-to-speech (TTS) model consistently produced the 

most realistic and natural-sounding speech among the models analyzed. This implies that 

Tacotron2 outperformed other models in terms of synthesizing speech that closely 

resembles human speech. 

WaveGlow stands out for its ability to generate high-quality, natural-sounding speech with 

minimal artifacts and distortions. Unlike traditional vocoders like Griffin-Lim, WaveGlow is 

based on a flow-based generative model, which allows for more accurate modeling of the 

complex distribution of audio signals. WaveGlow produces highly intelligible speech with good 

prosody, capturing subtle details and nuances in the audio(Prenger et al., 2019).   

HiFi-GAN is an advanced vocoder model that excels in generating high-fidelity speech 

waveforms. HiFi-GAN is trained using a multi-resolution spectrogram architecture, which allows 

it to capture fine-grained details in the Mel-spectrograms and produce high-quality audio 

output(Kong et al., 2020). It has been praised for its ability to handle challenging acoustic 

conditions and produce natural-sounding speech even in low-resource settings. Compared to 

other vocoders like MelGAN, WaveNet, or WaveGlow, HiFi-GAN generally achieves better 

audio quality and a more accurate representation of the target speech signal(Kong et al., 2020). 

However, HiFi-GAN may require more computational resources and training data to achieve 

optimal results compared to simpler vocoder models that why we choose Fine-tuning the pre-

trained model. 

6.1.1 Word Error Rate Evaluation 

To evaluate the accuracy of the Tesseract OCR system, we utilized the word error rate metric. 

WER measures the discrepancy between the recognized text output by the OCR system and the 

ground truth text(Kenneth, 2021). We carefully curated a representative dataset of Afaan 

Oromoo texts including various fonts, sizes, blur, and skewed images to test the OCR system’s 

performance. The accuracy of Tesseract OCR can vary depending on several factors, such as the 

quality of the input images, the clarity of the text, the language being recognized, and the 

specific use case. According to the Tesseract OCR Engine Wiki on GitHub, the accuracy of 

Tesseract OCR can be improved by using specific preprocessing techniques. 
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6.1.2 Subjective Evaluation 

Table 5: Afaan Oromoo Text-to-Speech System Comparison 
 

No 

 

Title 

 

Authors 

Total 

Dataset 

 

Model Used 

Integrate 

OCR System 

 

MOS Result 

1. Text to Speech 

Synthesizer for 

Afaan Oromoo 

using Statistical 

Parametric 

Speech Synthesis 

Muhidin 

Kadir 

Wosho 

(2020) 

400 text and 

audio pairs 

Statistical 

parametric 

speech 

synthesis 

based on 

HMM 

No  

Intelligibility 

4.3 and 

Naturalness 

4.1 

2. Text to Speech 

Synthesizer for 

Afaan Oromo 

Using Hidden 

Markov Model 

Muhidin 

Kadir 

Wosho 

(2021) 

600 text and 

audio pairs 

hidden 

Markov 

models 

(HMM) 

No Intelligibility 

4.3 and 

Naturalness 

4.1  

3. Text to Speech 

Synthesizer For 

Afaan Oromo 

using Deep 

neural network 

Chala 

Sembeta 

Tashoma 

(2021) 

8076 text 

and audio 

pairs 

Deep Voice3 

and Tacotron 

2 model with 

Griffim-Lim 

Vocoder 

No Intelligibility 

3.28 and 

naturalness 

3.02 for [Deep 

Voice 3], 

Intelligibility 

4.32 and 

naturalness 

4.21 for 

[Tacotron2] 

4. Text To Speech 

Synthesis for 

Afaan Oromoo 

Language Using 

Deep Learning 

Approach 

Soressa 

Beyene 

(2022) 

1000 text 

and audio 

pairs 

Festival 

toolkit for 

Feature 

Extraction 

based on 

BLSTM-

RNN 

No Intelligibility 

3.77 and 

naturalness 

3.76 

In our study, to assess the quality of synthesized speech using our Text-Reading model, we 

employed the mean opinion score (MOS).  
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MOS is a subjective evaluation method where human listeners rate the quality of the synthesized 

speech based on a predefined scale. We gathered a group of native Afaan Oromoo Speakers from 

the Dilla University, Meda-Welabu University and Oda-Bultum University Department of Afaan 

Oromoo who listened to audio samples generated by the Text-reading model and provided 

ratings on naturalness and intelligibility. The average MOS score reflects the overall perceived 

quality of the synthesized speech. 

Table 6: Mean Opinion Score Evaluation Result our Experiments 

No Experiments Integrate OCR 

System 

Intelligibility naturalness 

1 Tacotron2 With WaveGlow Yes 4.11 3.87 

2 Tacotron2 with HIFI-GAN Yes 4.39 4.35 

 

6.1.3 Objective Evaluation 

In our study, we employed the widely-used objective evaluation method known as Mel Cepstral 

Distortion (MCD) tests to assess the quality of the synthesized speech generated by our Afaan 

Oromoo Text Reading model. The MCD test is a popular metric used to measure the similarity 

between the synthesized speech and the original reference speech. To perform the MCD test, we 

extracted the mel-spectrograms from both the synthesized speech and the reference speech. 

Then, we computed the distance between the mel cepstral coefficients of the two spectrograms, 

using root mean square error (RMSE) then percentage of the dynamic range. A lower MCD 

score indicates a higher similarity between the synthesized speech and the reference speech, 

indicating better quality and accuracy. 

Table 7: Mel Cepstral Distortion (MCD) conducted evaluation result 

Model Vocoder S1% S2% S3% S4% S5% S6% Average 
percentage 

Tacotron2  WaveGlow 5.67% 4.19% 5.47% 5.74% 5.17% 5.51% 5.29% 

Fine-tuned 
Tacotron2 

Fine-Tuned 
HIFI-GAN 

3.09% 3.39% 2.83% 4.87% 2.64% 2.14% 3.16% 

Authors Model Used Total Average 
           Soressa Beyene (2022) BLSTM-based on RNN 3.89 

merlin wave 3.71 

The table above presents the results of the Mel Cepstral Distortion (MCD) test conducted on two 

variations of the Tacotron2 model: one trained from scratch with the WaveGlow vocoder, and 
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the other fine-tuned with the HIFI-GAN vocoder. The MCD test measures the percentage of the 

dynamic range, calculated using root mean square error (RMSE), between the ground truth 

samples and the synthesized speech then comparing with other study result. However, it's 

important to note that MCD is a perceptual metric and may not fully capture the quality of 

synthesized speech as perceived by human listeners(Anumanchipalli et al., 2019). 

6.2 Discussion of the Result 

This study marks a pioneering effort in the development of an Afaan Oromoo Text Reading 

model, leveraging the integration of Tesseract-OCR with a deep neural network approach. 

Through extensive experimentation and the utilization of the benchmarked dataset corpus, 

supplemented by additional text and audio pair datasets, we achieved remarkable results 

surpassing previous TTS systems in the field. Our comprehensive literature review guided us in 

selecting the necessary software and hardware components to realize our envisioned reading 

device. 

In our initial experiment, we sought to identify a suitable OCR system capable of accurately 

extracting Afaan Oromoo text from images. After rigorous testing of various OCR systems, we 

determined that Tesseract-OCR, coupled with appropriate image pre-processing techniques, 

outperformed other alternatives. With an accuracy exceeding 95% and a minimum word error 

rate, Tesseract-OCR proved its effectiveness in extracting text from images. 

Subsequently, we embarked on training Tacotron2 and WaveGlow models from scratch, 

employing our Afaan Oromoo dataset. Tacotron2, a recurrent neural network (RNN)-based 

model, was trained using Mel-spectrogram representations of audio signals over 500 epochs with 

a batch size of 8, each consisting of 1566 iterations for 15 days. Based on the observed training 

and validation loss, we decided to conclude training when the training loss reached 

0.253041690178744 and the validation loss stood at 0.34068194017557. These loss values 

indicated a satisfactory level of model performance, suggesting that further training would yield 

diminishing returns or risk overfitting. Our training journey also encompassed the WaveGlow 

model, which served as the vocoder for the Tacotron2 model. Training the WaveGlow model 

involved 497 epochs, with periodic model check-pointing every 10 epochs for 10 days.  Below 

table shows training and validation loss of reviewed Text-to-Speech Synthesis and ours. 
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Table 8: Training and Validation loss of Models Training 

Authors Model Training Loss Validation 

Loss 

Total Iterations / 

Epochs 

(Tashoma, 

2021) 

Tacotron2 0.889 1.15 100k iterations 

(Beyene, 

2022) 

Festival toolkit  

for Feature Extraction 

based on BLSTM-RNN 

0.15 0.25 25 epochs 

Our 

Training 

Model Name Training Loss Validation 

Loss 

Iterations(epochs) 

 Tacotron2 From Scratch 0.2543270669 0.343282864 500 epochs 

 WaveGlow From 

Scratch 

-9.4784660339 -8. 33072913 490 epochs 

 Fine-tuning Tacotron2 0.218435 0. 233419 3000 iterations 

 Fine-tuning HIFI-GAN 21.8 

(Generator 

Training loss) 

0.339 

(Generator 

Mel-

Spectrogram 

error) 

6000 iterations 

 
Our third experiment revolved around fine-tuning pre-trained models, specifically Tacotron2 and 

HIFI-GAN, using our datasets and customized hyperparameters. Through this process, we 

achieved impressive results, nearing natural sound and receiving positive subjective evaluations 

with significantly fewer training iterations and time requirements. Notably, the Tacotron2 model 

reached optimal performance after 3,000 iterations, while the HIFI-GAN model exhibited the 

best results of up to 6,000 iterations. Limited by time and resources, we were unable to train the 

HIFI-GAN model from scratch, which typically necessitates a minimum of 3 million iterations 

for optimal results. 

Subjective evaluation tests were conducted for both the second and third experiments, assessing 

performance by collecting unseen text data in image format. The Tacotron2 model paired with 

the WaveGlow vocoder, trained from scratch, achieved impressive MOS scores of 4.11 and 3.87 
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for intelligibility and naturalness, respectively. These scores suggest that further dataset 

augmentation and training are required to enhance the naturalness of the synthesized speech. On 

the other hand, the fine-tuned pre-trained Tacotron2 and HIFI-GAN models achieved MOS 

scores of 4.39 and 4.35 for intelligibility and naturalness, respectively. This highlights the 

viability of fine-tuning pre-trained models for low-resourced languages like Afaan Oromoo, 

enabling successful speech synthesis with reduced data requirements and training time. 

The objective evaluation results of our study reveal the performance of two variations of the 

Tacotron2 model: one trained from scratch with the WaveGlow vocoder and the other fine-tuned 

with the HIFI-GAN vocoder. The average percentage of the dynamic range, calculated using root 

mean square error (RMSE), for the Tacotron2 trained from scratch with WaveGlow is 5.29%. 

This indicates a moderate level of deviation between the ground truth samples and the 

synthesized speech. However, the fine-tuned Tacotron2 with the fine-tuned HIFI-GAN achieves 

a lower average percentage of the dynamic range at 3.16%, indicating a closer alignment 

between the ground truth samples and the synthesized speech. These results suggest that the fine-

tuning process with the HIFI-GAN vocoder improves the quality and fidelity of the synthesized 

speech compared to the Tacotron2 model trained from scratch with WaveGlow. 

How We Answered Our Research Questions: 

RQ1: In our study, we improved the quality of speech synthesis by leveraging advanced model 

Tacotron2, using generative vocoders WaveGlow and HIFI-GAN, and by increasing dataset size. 

These models allowed us to generate high-quality and natural-sounding speech with improved 

control over voice characteristics such as pitch and prosody. 

RQ2: To develop a model that can efficiently read Afaan Oromoo text, we conducted a series of 

experiments involving the training of different components of the speech synthesis system. 

Firstly, we trained the Tacotron2 model from scratch using a large dataset of Afaan Oromoo text 

and corresponding speech pairs. This involved optimizing the model's architecture and 

parameters to effectively capture the linguistic patterns and characteristics of the language. 

Additionally, we fine-tuned the Tacotron2 model using a same dataset of Afaan Oromoo text and 

speech pairs. This fine-tuning process allowed the model to adapt and specialize in reading 

Afaan Oromoo text more efficiently, resulting in improved accuracy and naturalness. 

Furthermore, we trained the WaveGlow vocoder from scratch, which is responsible for 

generating high-quality speech from the Tacotron2 model Mel-spectrograms. Lastly, we fine-
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tuned the HIFI-GAN vocoder, using Afaan Oromoo speech data. This fine-tuning process 

enhanced the vocoder ability to generate high-quality and natural-sounding speech, further 

improving the efficiency of the overall speech synthesis. 

RQ3: To evaluate the extent to which the newly developed model improves the quality of speech 

synthesis, we conducted extensive evaluations using objective and subjective metrics.  

Subjective evaluation was conducted using the Mean Opinion Score (MOS) metric, where 

human evaluators rated the intelligibility and naturalness of the synthesized speech. In Table 7 

and Table 8 of our study, we presented the MOS scores obtained for our model, as well as the 

scores for other models for comparison. The MOS score for fine-tuned Tacotron2 combined with 

fine-tuned HIF-GAN vocoder were consistently higher, indicating improved quality and 

naturalness compared to the other models. Objective evaluation was performed using the Mel-

Cepstral Distortion (MCD) metric, which measures the similarity between the synthesized 

speech and the reference speech. In Table 9 of our study, we compared the MCD scores of our 

model to other existing models. The results showed that our model fine-tuned Tacotron2 

combined with fine-tuned HIF-GAN vocoder achieved significantly lower MCD scores, 

indicating better alignment and similarity with the reference speech. 

The Major Contributions of this Study are as Follows: 

 Development of Afaan Oromoo Text Reading Model integrated with Tesseract OCR 

System. 

 Improved Intelligibility and Naturalness of Afaan Oromoo Text to Speech Synthesis. 

 Increased Afaan Oromoo Dataset corpus for Text to speech synthesis. 

 Contribution to assistive technology, potentially influencing future research and 

advancements in this domain. 

 Potential applications beyond visually impaired individuals: The outcomes of our study 

have potential applications for individuals with reading difficulties, content accessibility, 

audio content generation, and social and cultural preservation. 
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7. CONCLUSIONS AND RECOMMENDATIONS 

7.1 Conclusions 

This study presents a novel approach to developing the Afaan Oromoo Text Reading model by 

integrating the Tesseract-OCR system with an RNN-based speech synthesizer using a deep 

neural network approach. By applying advanced image pre-processing techniques, such as 

Binarization, Thresholding, deskewing, and resizing, the accuracy and efficiency of text 

extraction from images were significantly improved. In addition to the Chala Sembeta dataset 

corpus, we curated a comprehensive dataset of 9000 text and audio pairs from diverse sources, 

including social media news and the Holy Quran, to train our models. 

The proposed solution successfully addressed the challenge of Afaan Oromoo text reading by 

utilizing the Tesseract-OCR system with image pre-processing and speech synthesis. We 

developed a Text-to-Speech model using a deep neural network approach. The training process 

involved training the Tacotron2 model from scratch and fine-tuning pre-trained models using our 

dataset. We also trained WaveGlow and HIFI-GAN vocoders to generate high-quality audio 

from the predicted Mel-Spectrograms. 

During the speech synthesizing phase, we evaluated the performance of both the Tacotron2 

model with WaveGlow vocoder and the Tacotron2 model with HIFI-GAN vocoder by 

conducting subjective evaluation tests. The results showed that the Tacotron2 model trained from 

scratch with WaveGlow vocoder achieved a score of 4.11 and 3.87 for both intelligibility and 

naturalness. However, further improvements are necessary to achieve more natural sound. On the 

other hand, the fine-tuned pre-trained Tacotron2 and HIFI-GAN models achieved a score of 4.39 

and 4.35 for both intelligibility and naturalness, indicating the effectiveness of fine-tuning pre-

trained models for low-resource languages like Afaan Oromoo. 

In conclusion, our study makes significant contributions by successfully developing an Afaan 

Oromoo Text Reading model and proposing an efficient solution for text extraction and speech 

synthesis. The findings suggest that further improvements can be achieved by increasing the 

dataset size, exploring hyperparameters tuning, and conducting more extensive training. This 

study sets the stage for future research in Afaan Oromoo natural language processing and offers 
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promising avenues for the development of highly accurate and natural-sounding TTS systems in 

the language. 

7.2 Recommendations 

7.2.1 Future Work 

Dataset Expansion: To improve the performance and generalization capabilities of the 

developed TTS system, future researchers should focus on expanding the dataset. This can be 

achieved by collecting more diverse and representative text and audio pairs from various sources 

such as books, newspapers, online articles, and conversations. By including a wide range of 

linguistic variations, accents, and speech patterns, the TTS system will be better equipped to 

handle different scenarios and deliver more accurate and natural-sounding output. 

Expanding language support: Adding Most Spoken language in Ethiopia to support individuals 

with impairment. 

Incorporate Speech Recognition Techniques: Integrating speech recognition techniques into 

the TTS system can enhance its functionality and usability for visually impaired individuals. By 

enabling speech input, users would have the option to interact with the system through voice 

commands, making it more intuitive and user-friendly. This would involve implementing state-

of-the-art speech recognition algorithms and techniques to accurately transcribe spoken words 

into text, which can then be processed and synthesized by the TTS system. 

Adding Navigation and Sign Recognition: To further assist visually impaired individuals in 

their daily activities, future work could focus on incorporating navigation capabilities into the 

TTS system. This could involve integrating GPS technology and street mapping data to provide 

real-time audio-based navigation instructions, helping users navigate safely and independently 

through unfamiliar environments. Additionally, incorporating sign recognition technology would 

enable the system to identify and read aloud signs, labels, and important visual cues, providing 

crucial information to visually impaired individuals while they are out and about. 

Facial Recognition for Personalization: To enhance the user experience and foster social 

connectivity, future researchers can explore the integration of facial recognition technology into 

the TTS system. This would enable the system to recognize and identify familiar faces, such as 

family members or close friends, and associate them with specific audio profiles. By 
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personalizing the reading experience, the TTS system can deliver tailored content, including 

personalized messages, greetings, and other relevant information based on the detected faces. 

Integration with Real-World Applications: Future researchers should explore the integration 

of the developed Afaan Oromoo Text Reading model with real-world applications and assistive 

technologies. This could involve collaborations with software developers, accessibility 

organizations, and assistive device manufacturers to integrate the Text Reading model into 

existing platforms or develop new applications specifically tailored to the needs of visually 

impaired individuals.  

In conclusion, future research in the field of an Afaan Oromoo Text Reading model should 

consider expanding the dataset, incorporating speech recognition techniques, adding navigation 

and sign recognition capabilities, incorporating facial recognition for personalization, integrating 

with real-world applications, and exploring post-processing techniques. These advancements will 

contribute to the development of a more versatile, user-friendly, and effective Text Reading 

model that can provide to the unique needs of visually impaired individuals in the Afaan 

Oromoo. 

*** 
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APPENDICES 

Appendices A: Questionnaire for Mean Opinion Score Evaluation 
Evaluator Information: 

Name: _________________________  Occupation: ________________________ 

Native language: ____________ Familiarity with Afaan Oromoo language: _____________ 

Instructions: 

Please listen to the provided speech samples generated by our Afaan Oromoo Text Reading 

model and evaluate them based on their Intelligibility and naturalness. Rate each sample on a 

scale from 1 to 5, where 1 represents the lowest score and 5 represents the highest score. 

Speech Sample Evaluation: 

Sample 1: 

MOS Score: (1-5)  Intelligibility: _________,  Naturalness: ___________ 

Sample 2: 

MOS Score: (1-5)  Intelligibility: _________,  Naturalness: ___________ 

Sample 3: 

MOS Score: (1-5)  Intelligibility: _________,  Naturalness: ___________ 

Sample 4: 

MOS Score: (1-5) Intelligibility: _________,  Naturalness: ___________ 

Sample 5: 

MOS Score: (1-5) Intelligibility: _________,  Naturalness: ___________ 

Sample 6: 

MOS Score: (1-5) Intelligibility: _________,  Naturalness: ___________ 

Sample 7: 

MOS Score: (1-5) Intelligibility: _________,  Naturalness: ___________ 

Sample 8: 

MOS Score: (1-5) Intelligibility: _________,  Naturalness: ___________ 

Sample 9: 

MOS Score: (1-5) Intelligibility: _________,  Naturalness: ___________ 

Sample 10: 

MOS Score: (1-5) Intelligibility: _________,  Naturalness: ___________ 
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General Questions: 

How would you rate the overall Intelligibility of the synthesized speech samples? 

Excellent  Good    Average    Poor        Very Poor 

How would you rate the overall naturalness of the synthesized speech samples? 

Extremely Natural        Natural          Somewhat Natural          

Artificial   Very Artificial 

Did you notice any word omissions or inconsistencies in the synthesized speech samples? 

Yes   No 

If you answered "Yes" to the previous question, please provide details regarding the word 

omissions or inconsistencies you observed. 

___________________________________________________________________ 

How does the synthesized speech compare to previous text-to-speech synthesis approaches for 

Afaan Oromoo that you may be familiar with? 

Significantly better      slightly better   

Similar Slightly worse    significantly worse 

 

Do you have any additional comments or feedback regarding the synthesized speech samples? 

_______________________________________________________________________ 

Thank you for participating in the evaluation of our TTS model! Your feedback is valuable and 

will help us further improve the system. 

Appendices B: MOS Evaluation Samples List 

 



iii 
 

 

Appendices C: Tacotron2 with HIFI-GAN Evaluators Sample Result 

Appendices C.1: Intelligibility Evaluation Result 
Samples Eval_1 Eval_2 Eval_3 Eval_4 Eval_5 Eval_6 Eval_7 Eval_8 Eval_9 Eval_10 

Sample1 4 4 5 5 5 5 4    

Sample2 4 4 4 4 4 4 4    

Sample3 4 5 4 5 5 5 5    

Sample4 4 5 5 5 4 5 5    

Sample5 4 5 5 5 4 4 5    

Sample6 4 4 3 5 4 5 4    

Sample7 3 4 3 3 4 3 4    

Sample8 4 4 5 4 5 4 4    

Sample9 5 5 5 5 5 5 5    

Sample10 5 4 5 4 5 4 4    

Average Intelligibility = 4.39 
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Appendices C.2: Naturalness Evaluation Result 
Samples Eval_1 Eval_2 Eval_3 Eval_4 Eval_5 Eval_6 Eval_7 Eval_8 Eval_9 Eval_10 

Sample1 5 5 4 4 5 4 5    

Sample2 4 4 4 4 4 4 4    

Sample3 5 5 4 4 4 4 5    

Sample4 5 5 4 5 5 5 4    

Sample5 5 5 4 4 5 4 5    

Sample6 5 5 2 5 4 5 4    

Sample7 4 3 3 4 3 4 3    

Sample8 5 5 5 4 4 4 4    

Sample9 5 5 5 5 4 5 5    

Sample10 5 5 3 4 4 4 5    

Average Naturalness = 4.35 

Appendices D: Tacotron2 with WaveGlow Evaluators Sample Result 

Appendices D.1: Intelligibility Evaluation Result 
Samples Eval_1 Eval_2 Eval_3 Eval_4 Eval_5 Eval_6 Eval_7 Eval_8 Eval_9 Eval_10 

Sample1 4 4 5 5 4 4 4    

Sample2 4 3 4 4 3 3 4    

Sample3 4 5 4 5 4 5 4    

Sample4 4 5 4 5 4 5 5    

Sample5 4 5 5 3 4 5 4    

Sample6 4 4 3 4 4 4 4    

Sample7 3 3 3 3 4 3 3    

Sample8 4 4 4 4 5 4 4    

Sample9 5 4 5 5 4 4 5    

Sample10 5 4 4 4 5 4 4    

Average Intelligibility = 4.11 
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Appendices D.2: Naturalness Evaluation Result 
Samples Eval_1 Eval_2 Eval_3 Eval_4 Eval_5 Eval_6 Eval_7 Eval_8 Eval_9 Eval_10 

Sample1 4 4 4 4 3 4 4    

Sample2 4 3 4 4 4 4 4    

Sample3 5 5 4 3 4 3 5    

Sample4 3 5 4 3 4 3 3    

Sample5 4 5 4 4 5 5 4    

Sample6 4 4 2 4 4 3 4    

Sample7 4 4 3 4 3 4 4    

Sample8 3 4 4 4 4 4 3    

Sample9 4 4 4 4 4 4 4    

Sample10 4 5 3 4 4 4 4    

Average Naturalness = 3.87 

Appendices E: How to Calculate MCD Objective Evaluation 

Appendices E.1: Function to Calculated MCD 

 

Appendices E.2: How to use MCD Function 

 


