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ABSTRACT 

According to WHO reports in 2021, more than 5 percent of the world's population have a hearing 

disability. In Ethiopia, more than 10% of the population has listening and speech difficulties. These 

hearing-impaired communities can communicate by using sign language. However, they cannot 

converse with regular people in their day-to-day activities since normal people do not understand 

sign language easily. Besides, there are only a few schools in Ethiopia that support sign language, 

and the teaching-learning process is mainly conducted by the discussion and description of the 

teacher’s idea through speech. As a result, deaf students did not have equal access to education as 

hearing students. To solve this issue, the researcher proposes a system to automate the recognition 

of sign languages using deep learning. Different studies have been done to automate the 

recognition of sign languages using different techniques though their accuracy is insufficient. 

Besides, there is no prior study to combine all three communication elements (Amharic letters, 

numeric, and Amharic words (the most frequent words in school selected by sign language 

teachers) signs in one model and more emphasis has been given to only the right-hand gestures of 

the signer. Therefore, the researcher proposed automatic recognition of Ethiopian sign language 

(ESL) that combines the aforementioned contexts by using deep learning. 

The proposed model is composed of five major processes: preprocessing, hand and face 

segmentation, feature extraction, feature learning, and classification. In the preprocessing phase, 

the input video is converted to image frames and resize the frame to a standard size which removes 

the existing noise. In the hand and face segmentation, the region of interest (hand and face part of 

the image) is extracted using YCbCr skin color detection. In the feature extraction phase, the 

characteristic features are extracted using the Gabor filter. For feature learning, the convolutional 

neural network is applied. In the classification phase, to classify the given sign language into sixty 

predefined classes 68-way softmax has been applied. The proposed system is implemented using 

Keras on Google collab tested using a sample image dataset collected from Atse ZereaYacob 

Primary School. The developed model achieved an accuracy of 97% for training and 96.81% to 

recognize sign languages.  

Keywords: Sign Language Recognition, Deep Learning, CNN, Feature Extraction, Feature 

Learning. 
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CHAPTER ONE 

 INTRODUCTION 

1.1  Background 

According to World Health Organization (WHO) report in 2021, more than 5% of the world's 

population – or 430 million people – will need hearing aids to address their "disabling" hearing 

loss. Over 700 million individuals, or one out of every 10 individuals, are expected to have 

debilitating hearing loss by 2050. Nearly 80% of persons who suffer from hearing loss live in low- 

and middle-income nations. Hearing loss becomes more common as people get older; about 25% 

of people over the age of 60 have disabling hearing loss [1]. 

Deafness is a failure to hearing others’ person speech either completely or partially. Deafness may 

be hereditary or induced by injuries [2]. Mild, moderate, severe, or profound hearing loss can 

occur. It can affect either one or both ears, making it difficult to hear conversational dialogue or 

loud noises [3]. Persistent middle ear infections, genetics, noise-induced hearing loss, age-related 

hearing loss, and ototoxic medicines that harm the inner ear are all common causes of hearing loss 

[4]. 

Hearing loss has a wide range of consequences that can be severe. Include a loss of ability to 

converse with others, as well as delayed language development in children, all of which can lead 

to social isolation, loneliness, and frustration, especially among older persons with hearing loss. 

Many locations lack adequate hearing loss accommodations, which has an impact on academic 

achievement and career opportunities. In underdeveloped nations, children with hearing loss and 

deafness are rarely educated. According to WHO reports in 2021, untreated hearing loss costs the 

world economy US$ 980 billion per year in health sector expenditures (excluding hearing 

equipment), educational support costs, productivity loss, and social expenses [3]. 

In Ethiopia estimated 9.9-14.9 percent of our population has hearing and speaking disabilities [5] 

The most common form of communication for those groups is sign language [6]. For any human 

being, communication is an essential and valuable task. Normal people who can talk and hear can 

connect with other normal people quickly and easily, but it's far more difficult for people who can't 



 chapter one  

2 

 

speak or hear to communicate with other normal people [7]. As a result, people who are deaf or 

hard of hearing can communicate effectively with one another by using sign gestures as their 

primary means of communication. Sign language (SL) is the name for this form of communication 

[7]. Humans typically use a specific language to communicate with one another. It is used to 

express a person's lifestyle, history, point of view, and so on. As a result, language is extremely 

important in culture. 

Sign language (SL) is an important part of life for deaf and mute people. They rely on everyday 

communication with their peers since it is the natural language of deaf people. A sign language is 

made up of a well-Organized code of signs and gestures, each of which has a specific meaning. 

They have their own lexicon and grammar. It entails a combination of hand positioning, forms, 

and gestures [7]. It consists of manual signs like hand motions and fingertips, as well as non-

manual signals like facial expression, head movement, and other body gestures. Sign Language 

was created to address the need for deaf people to communicate with one another.  

One of the most popular nonverbal communication mechanisms in sign language is the hand 

gesture. A sign language is a language that uses unlike verbal languages, which are created by the 

use of the mouth and tongue and interpreted through the ears, sign language is a visual language 

that is processed by the eyes through the use of the hands, face, head, and upper torso. Deaf people 

who communicate with each other or with non-deaf people use sign language the most [8, 9]. 

 Sign languages (SL) are not universal throughout the world. There is different sign language, 

which might be very different so that it causes communication difficulty for deaf people and also 

some countries use single-hand SL for letters while others use two-hand SL use for letters. Single 

hand sign language (One-handed signs) is formed using the only one you dominate hand [10]. For 

example, American sign language (ASL) and French sign language (FSL), Ethiopia sign language 

are used single-hand sign language [11]. Two-hand sign languages are requiring the use of both 

hands moving the same and formed with the same handshape [10]. For example, Arabic sign 

language, British sign language, Chinese sign language (CSL), Japanese sign language (JSL), 

Korean sign language, Spanish sign language (SSL), Mexican sign language (MSL) have used two 

hand sign language [11]. 
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The arrival of American and Nordic missionaries who opened a school for the hearing-impaired 

in Ethiopia in the 1960s led to the emergence of Sign Language [12]. The significance of Sign 

Language stems from the fact that it was used by early humans before the development of vocal 

language and computers today. It has been modified to fit Ethiopians, but it may still be 

understandable with ASL. The tools of Ethiopian Sign Language, as well as the language itself, 

need a lot of improvement [12].  

By using Amharic sign language (AMSL), with reading and writing methods, these individuals 

can communicate with each other and hearing individuals [13]. Relative to communication with 

reading and writing techniques, communication through AMSL is more preferable for hearing 

disabled people, However, there is a communication gap among those people because they don’t 

have the skill to communicate using AMSL. Therefore, to minimize the challenges, conducting 

research on Ethiopian sign language may be very useful since it would make communication to be 

good among them. 

Including hearing-impaired people in common work was very difficult in the world, mainly due to 

lack of communication. Prior studies solve this gap partially by developing different applications 

for different sign languages [8]. However, little emphasis has been given to Amharic sign 

language. Moreover, the field is still a hot research area and is not matured well [6, 14]. So, the 

researchers aim to combine all three (Amharic alphabet, Amharic words, and numbers) 

communication elements in one model. The researchers trust that working on this problem will 

make contributions to the growth of the research and improvement of the Amharic signal language. 

With the advancement in computing capacity and speed in recent decades, deep learning methods 

and their derived neural networks have gotten a lot of attention in visual object detection, entering 

a new era of computer vision [15]. Deep learning (DL) is becoming increasingly popular as a 

cutting-edge technique due to its superiority to traditional machine learning. Furthermore, deep 

learning as an end-to-end model typically does not require low-level processing, allowing it to 

eliminate human labor and increase time efficiency, despite the high cost of training. Sign language 

recognition has been successfully exploited by adopting CNN and obtained outstanding results as 

an active research topic in computer vision [15]. The CNN network has been extensively studied 
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to solve image classification and identification tasks. In recent years, it has also been explored and 

applied for sign language recognition. Machine learning, and specifically CNN, extract features 

from images in a different method. CNN learns features from the training process automatically 

[15]. 

 

Figure 1. 1: Machine learning Vs deep learning feature extraction mechanism [16] 

1.2  Motivation 

According to World Health Organization (WHO) report in 2021, more than 5 percent of the world's 

population have a disabling hearing loss. WHO (2021) reports estimated that by 2050, over 700 

million people. Those people can only be communicated by sign language. Sign language is not a 

universal language because it’s different from country to country. 

Hearing-impaired people in Ethiopia live in the same way as everyone else, but they are cut off 

from meaningful interaction. Due to their lack of voice, they are looked down on as mentally 

impaired and evil. They are misunderstood in many places as being a consequence of sinful 

conduct, or some form of a supernatural curse. They are not seen as acceptable marital partners 

and can even result in the loss of status of the entire family. For this purpose, they are often shielded 
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much more from the outside world and interact only by limited amounts of writing or signing with 

their families or those close to them, if they can.  

In Ethiopia, the curriculum of the learning process and the availability of the school for hearing 

impurity is not given high attention. Most of the time hearing loss students and hearing students 

learn together. But for hearing loss students, it is very challenging to communicate with teachers 

and hearing students. Because the teachers lack knowledge of Ethiopian sign language, the study 

is becoming more challenging now that hearing students are being incorporated. Many children 

fail to express that they are unable to hear what the instructor or other students are saying. They 

are not permitted to ask the other students to repeat themselves. Due to a lack of awareness of 

Ethiopian sign language among hearing students and teachers. Therefore, the researchers of this 

study were motivated to automate Ethiopian sign language to reduce this communication barrier. 

1.3  Statement of the Problem 

According to Yigremachew and Endashaw [5], in Ethiopia estimated 9.9-14.9% of our population 

has listening and speech difficulties, and 17.3-22.3% of the population has hearing problems. This 

data demonstrates how many people are impacted by the contact barrier in various areas of their 

lives, including social interaction, receiving services from various support centers, access to 

education, political engagement, and many other things too numerous to name. In Ethiopia, there 

is little interaction between the hearing and deaf communities. The deaf community communicates 

through sign language, while the hearing community communicates through spoken language. 

Furthermore, only a few hearing populations can communicate using sign language [5]. 

The only way to communicate with the deaf is by sign language. It will help deaf people interact 

with their surroundings. However, almost all people who are not deaf are unable to understand 

sign language. Since then, persons who are deaf or hard of hearing are unable to communicate 

with others in their daily lives. As a result, the deaf community and the general public are unable 

to communicate effectively. In Ethiopia, sign language is supported by only a few schools. As a 

result, hearing students and deaf students did not have equal access to education. According to 

Legesse et.al [17], in school, the teaching-learning process is mainly conducted by the discussion 

and description of the teacher’s idea through speech. This makes it impossible for the deaf to attend 
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school in the country. To solve this issue, either teacher must be able to communicate in sign 

language or sign language interpreters must be accessible. Due to the country's economic 

constraints, the former is constrained. However, there are attempts in the country, but they are few 

in comparison to the number of deaf schools needed in the country [12]. 

Hearing-impaired students face numerous challenges throughout their academic careers. In the 

Ethiopian context, children with even minimal hearing loss are at risk academically compared to 

their normal-hearing peers. Obviously, students with hearing challenges had a lower grade point 

average than their classmates in all integrated schools [18]. Hearing-impaired students were shown 

to have lower average grades than students who had normal hearing. Ethiopian sign language is a 

major issue for students who are deaf or hard of hearing. Because the teachers lack knowledge of 

Ethiopian sign language, the study is becoming more difficult now that hearing students are being 

integrated [18]. Sometimes some teachers speak orally and are unable to meet impaired student’s 

needs. They cannot provide us any kind of support for hearing impurity students. They 

occasionally quarrel with hearing peers in the school due to a lack of communication with other 

hearing peers [18]. So, hearing impurity seeks basic needs like normal humans doing such as 

learning, reading, writing, communicating in which may not be easy for them. Isolation from other 

student affairs leads to a lack of interest in education, a loss of self-esteem, a loss of self-

confidence, an inability to communicate with others, and even an inability to communicate with 

one's own relatives. Finally, the student dropout from school. 

Nowadays, the advancement of computer technology is helping people with disabilities in different 

ways. But, in our country, there is no enough research effort to help these people with the 

availability of computer technology. As a result, developing a cost-effective automated method of 

processing Ethiopian Sign Language to address the communication gap between the hearing and 

deaf communities is critical. 

Different studies [2, 6, 7, 8, 19, 20] have been done to improve the framework for the recognition 

of various sign languages. It is not possible to extend research performed on one sign language to 

another sign language. Because the meaning of one country's sign is different from another 

country. In Ethiopia, numerous studies [2, 6, 9, 5, 17, 21, 22] have been conducted using different 
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techniques of machine learning. Using artificial neural networks and support vector machines, 

Ethiopian sign language recognition for the Amharic alphabet and fingerspelling recognition have 

been developed [23]. An isolated sign language recognition was developed using the hidden 

Markov model and Baum Welch algorithm [21]. The accuracy of them is not sufficient. For 

instance, in Ethiopian sign language recognition done by Nigus et.al [2], the accuracy they get is 

57.82% and 74.06% by neural network and support vector machine classifiers respectively. 

Another prior study which is conducted by Samuel et.al recognition rate is the ability to recognize 

a word sign correctly with an overall accuracy of 40% [6]. In addition, most researchers focused 

on recognizing only the right-hand gestures of the signer. Hence, little prominence has been given 

to the left-hand gesture of the signer. For instance, A real-time Ethiopian sign language recognition 

system using artificial intelligence was proposed by Yonas et.al [9]. In this work, the researcher 

focuses only on Recognize Ethiopian manual alphabets by using only the right-hand gestures of 

the signer. The majority of the work is done in Ethiopian sign language recognition much emphasis 

was placed on text-to-sign language translation and the work of either la word or Amharic letter 

recognition. Only the signer's right-hand gestures are permitted. There is also no work done in the 

recognition of numbers. The task is generally done in Ethiopian sign language recognition. The 

translation of the text into sign language, as well as the work of word or Amharic letter 

identification, were given a lot of attention. Only the signer's right hand is used. There is also no 

study done in the area of number recognition. 

In recent years, numerous applications have been developed in deep neural networks around the 

world [24, 25, 26, 27, 28]. As the literature review [19, 28, 29] revealed the accuracy of sign 

language recognition done by deep learning is higher than that done by machine learning 

techniques. It is because deep learning is capable of learning from large datasets while machine 

learning techniques are limited by processing small datasets [16, 30]. Hence, this research work 

develops and applies a deep convolutional neural network model to recognize Ethiopian sign 

language. 

To the best of our knowledge, there is no attempt done to combine all three (Amharic alphabets, 

Amharic word(most frequent words in school), and numbers signs) communication elements in 

one model. Since every communication uses a combination of all three communication elements, 
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there has to be research work that combines all three situations or contexts. The researchers of this 

study proposed automatic recognition of Ethiopian sign language that combines the 

aforementioned contexts by using deep learning. Finally, this study answers the following research 

questions. 

RQ1: To what extent the proposed model recognizes the Ethiopian sign language? 

RQ2: Does the Gabor filtering algorithm improve CNN's recognition capability of Ethiopian sign 

language? If yes, to what extent? 

RQ3: How to design a CNN model that able to recognize combine the three contexts (Amharic 

alphabets, Amharic words(the most frequent words in school),and number signs ) of the Ethiopian 

sign language? 

1.4  Objective of the study 

 General Objective 

The general objective of this research is to design and develop an Ethiopian sign language 

recognition model using deep learning. 

 Specific Objectives 

➢ To review literature focusing on Ethiopian sign language recognition and non-Ethiopian 

sign language 

➢ To prepare datasets from different signers 

➢ To apply appropriate preprocessing technique 

➢ To select an algorithm that is best suited for segmentation of the ROI from the rest. 

➢ To apply appropriate feature extraction technique 

➢ To design a convolutional neural network model for Ethiopian sign language recognition 

➢ To evaluate and test the proposed model 

➢ To report the finding of the study for the upcoming research area. 
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1.5  Scope and limitation 

The main focus of this research is designing and modeling automatic gesture recognition for 

Ethiopian sign language by using deep learning and provide the equivalent text to a given sign.  

This study focuses only on the purpose of creating the system that serves as a learning tool for 

those who want to know more about the basics of sign language such as first Amharic alphabet 

signs (34 letters), common Amharic words (24 most frequent words in school selected by sign 

language teachers) and numbers from 0-9. However, this research work does not include the study 

of continuous Ethiopian sign language, as well as the identification of the second, third, fourth, 

fifth, sixth, and seventh orders of other basic Amharic alphabet signs, also numbers above 9 and 

sentences which is outside the scope of this study. Furthermore, the study couldn’t address the 

identification of a non-manual feature, such as facial expression and lip movement. 

1.6  Significance of the study 

This research extends the effort exerted in solving the communication problem of deaf people with 

hearing people. Furthermore, it contributes its own part to the recognition of Ethiopian Sign 

Language. The benefits of this research include: 

➢ Increase the communication between hearing impurity student and normal hearing student 

and teacher’s interaction  

➢ Increase the confidence of hearing impurity students in school 

➢ To devise a scheme for Ethiopian sign language recognition. This makes a significant 

contribution to closing the contact gap between hearing impaired and hearing people. 

➢ Reduce the communication gap between those who are deaf and those who are not. 

➢ Supports sign language training in school, students should be able to learn Amharic 

alphabet signs easily. 

➢ Hearing-impaired and healthy people's intimacy is improved. 

➢ Reduce hearing-impaired people's feelings of prejudice. 

➢ Broadens other researchers' knowledge of Ethiopian sign language in the research field. 

➢ Allows the hearing-impaired person to complete their everyday tasks with ease. 

➢ For future research in this area can benefit from the corpus that was gathered and prepared. 
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1.7  Methodology 

To achieve the aim of this study, the following methods and procedures will be used as the research 

progresses. The study's approach outlines the steps to take and the methods to use when conducting 

the analysis. 

 Data collection  

The first task in this study is to follow how the signers spell the Amharic alphabet, Amharic words 

and numbers sign one by one so that we can understand the Amharic alphabet, words, and numbers 

signs. All of the required datasets for this research gather from Atse Zerayakob primary school. 

The researchers collect videos of Amharic letters, Amharic words, and numbers signs with a 

variety of signers. The video is converted into a frame image. The frame image datasets are divided 

into two parts: training dataset used to train the model and to increase the performance of the 

system through different parameters; testing dataset to evaluate the system. The dataset is divided 

into 70/30 format for training and testing respectively. 

 Literature review 

The fundamental technique for studying similar works is the literature review. Before beginning 

the actual work, a thorough review of the literature in this field was conducted to gain a better 

vision of the work. To better understand the different techniques and methods of Ethiopian sign 

language recognition, previous articles on the subject were studied. We used these peer-reviewed 

articles to classify and recognize other sign languages including American Sign Language, Indian 

Sign Language, South African Sign Language, Bangladesh Sign Language, and Chinese Sign 

Language. The methods and algorithms for developing the application were chosen based on the 

knowledge obtained from these articles.  

 Tool Selection 

TensorFlow and Keras, two Python libraries for deep learning, were both used by the researchers. 

TensorFlow is a general-purpose software architecture for numerical competitions that focuses on 

data flow graphs [2]. Nodes operations such as addition or division and edges represent data 

(tensors) flowing through the structure in this graph. Tensors are the usual means of encoding data 



Introduction   

11 

 

in deep learning. Tensors are multidimensional arrays having a larger dimensionality than two-

dimensional tables or matrices, to put it simply. RGB images are represented as tensors since each 

pixel has three values corresponding to the red, green, and blue components. 

 Design procedures 

In this research work, we use experimental research. The researchers are going to design a CNN 

model for Ethiopian sign language recognition by using deep learning to implement the proposed 

model. The model has mainly two stages (training and testing). 

Training: The researchers use deep learning architecture that uses CNN to train the model. 

The input is the frames of the videos collected from different signers. The model consists 

of different layers: convolutional, pooling, normalization, fully connected, dropout, and 

activation layers.  

Testing: The accuracy of our trained model will be checked using the testing datasets 

during the test process. 

The experiment is done by applying: 

➢ Model optimization techniques 

➢ Segmentation 

➢ Gabor filter feature extraction  

➢ By applying both segmentation and Gabor filter simultaneously 

1.8  Organization of the Thesis 

The remainder section of this study is organized as follows. 

In Chapter Two, the concept of sign language understanding was examined in the literature. It is 

discussed a brief overview of sign language, its components, Ethiopian sign language, Ethiopian 

sign language fingerspelling, and Ethiopian sign language grammar. Chapter Three, is given a 

systematic study of various works related to Ethiopian sign language recognition and non-

Ethiopian sign language recognition. Only those works are addressed whose contributions are 
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relevant for this study. In Chapter Four, there is a detailed overview of the proposed system. In 

Chapter Five, A detailed experimental evaluation of the proposed model for Ethiopian sign 

language recognition is presented. The dataset used and the proposed model's implementation are 

thoroughly explained. Finally, the outcomes of the tests are compared to current models. In 

Chapter Six, the main results of this study will be summarized. In addition, the main contributions 

of the proposed deep learning model will be discussed, as well as future work.
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CHAPTER TWO 

 LITERATURE REVIEW 

This chapter consists of a complete overview of the literature. The language is viewed as a whole, 

with all of its components and overall structure. The steps in image processing and pattern 

recognition methods were also extensively explored. Finally, the components of CNNs are defined 

in detail. 

2.1  Overview of the Language 

Humans express themselves as members of a social group and community participants using a 

system of conventional spoken, manual (signed), or written symbols. Language serves a variety of 

purposes, including communication, personality expression, play, artistic expression, and 

emotional release [17, 22]. A language is a form of interpersonal communication that people 

communicate among the people [2]. It is a method, a set of codes, a signal, a means for 

communication to express one’s ideas, meaning, feeling, or emotions from one person to another. 

It may be both auditory and non-auditory, visual, and so on. It consists of words and methods of 

combining them and can be delivered in a written or spoken format.  

2.1.1 Ethiopian Language 

Ethiopia is located in eastern Africa, near Somalia. It's a landlocked country divided by a large 

valley by a central ridge. Ethiopia is the only African country that has never been colonized, with 

a history dating back over 3000 years. [31]. Amharic, also known as Abyssinian, Amarinya, 

Amarigna, or Ethiopian, is Ethiopia's official language. It has been the language of the court and 

the prevailing populace in Highland Ethiopia since the thirteenth century. Until 2020, Amharic, an 

influential Ethiopian language since the 12th century, was the only Ethiopian language used for 

federal government business. The country's Council of Ministers, on the other hand, elevated four 

regional Ethiopian languages to the same status – that is, working federal government languages 

– on February 29, 2020. As a result, Afar, Oromo, Somali, and Tigrinya, as well as Amharic, now 

have official status [32]. 



 Chapter Two 

14 

 

According to Ethnology data for 2021, Oromo has 37.4 million native speakers. It has more native 

speakers than any other Ethiopian language. Over 33% of the country's population speaks it as 

their first language. Amharic is Ethiopia's most widely spoken language in terms of total speakers. 

It has around 25 million second-language speakers and 31.8 million first-language speakers (out 

of a total population of 115 million people). Somali is one of the most widely spoken languages in 

Somalia and neighboring Djibouti, with 6.7 million native speakers in Ethiopia. Tigrinya (or 

Tigrigna) is a northern Ethiopian language with around 6.4 million native speakers, and it became 

an official language in Ethiopia in 2020. Sidama is Highland East Cushitic language that is spoken 

in Ethiopia. It has over 4.3 million native speakers and is also known as Sidaamu Afoo [32]. 

2.2  Deafness 

A total or partial loss of hearing sounds is known as deafness or inability to hear. It can have an 

effect on one ear or each ear and results in trouble in listening to conversational speech or loud 

sounds [3]. Persistent middle ear infections, genetics, noise-induced hearing loss, age-related 

hearing loss, and ototoxic medicines that harm the inner ear are all common causes of hearing loss 

[14]. To communicate with each other and with the hearing world, the deaf has distinct means of 

communication [17]. 

There are two simple methods of communication that allow deaf individuals to connect with and 

with hearing individuals. The first is oral communication (lipreading), which is very good for 

communicating with those who are hearing. The other is manual communication techniques that 

are articulated using the hands and upper parts of the body [33].  

2.3  Sign Language 

Sign language is a visual language made up of signals resulting from various hand forms, gestures, 

and facial expressions. Speech and hearing abilities are not needed to use the language since it is 

a visual language. Indigenous sign languages exist. Many nations have developed their own sign 

languages. There is a distinction between sign languages used within the same county, just as there 

is a distinction between dialects in verbal languages [3, 13].  
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Sign language is a well-structured code gesture, with the meaning given to every gesture. The only 

form of communication for deaf people is sign language [20]. Sign language is a distinct mode of 

communication that is often overlooked. Although the act of translating signs into a spoken or 

written language is officially known as "interpretation," interpreting serves the same purpose as 

the translation for spoken languages [24]. 

2.3.1 Components of Sign language 

Communication by spoken language is carried out predominantly through verbal communication 

(the words are spoken and their sounds). Nevertheless, contact by sign language happens through 

gestures. Therefore, sign language can only be interpreted by taking into account the gestures 

themselves. There are two basic components of sign language, Manual Signs (MS) and Non-

Manual Signs (NMS) [2, 6]. 

I. Manual Signs 

The basic elements forming a sign language are a manual sign (MS). These are only done by hand 

and arms. Manual signs are handshape (hand-form), hand gestures, and hand location concerning 

other body parts [2,16]. Manual signs are the fundamental elements that makeup sign language. 

By using hand motions, hand movements concerning other parts of the body express significance.  

Using independent signing and continuous signing, manual signs may be used to construct words 

and/or phrases, respectively. In the latter case, the hand(s) must switch from the ending position 

of one sign to the starting location of the next. In the same way, from the ending handshape and 

orientation of one sign to the beginning hand shape and hand orientation often change. The next 

one and its orientation. Such inter-sign transition periods are referred to as epenthesis of motion 

and are not part of any of the signs [6]. 

II. Non-manual 

Even although manual signs encompass a massive component of signal language vocabulary, Non-

manual signs (NMS) are considered to carry the information of signs. Unlike manual signs which 

are carried out using hand and palms only, non-manual signs are carried out through facial 

expressions and also with the aid of body movements. These consist, facial expression, head 

movement, raised eye borrow, eye shift, and so on. Facial expressions can be classified into two 
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components which are lower and upper facial expressions. The former conveys information 

approximately a particular sign via the use of the mouth place including check and lips. The latter 

used head and body motion for information expression and focuses on the sign or sentence types 

(i.e., negation, question, etc.). For example, regarding gesturing, the German signs Bruder 

(Brother) and Schwester (Sister) are identical and can only be distinguished with the aid of 

referring to their lip patterns [34].  

2.4  Ethiopian Sign Language 

Different educators noted that Ethiopian sign language (ESL) began to be used formally after the 

1960s. In Addis Ababa, the first school for the deaf was founded by Americans and Nordic 

missionaries. They brought the sign language that was in use in their own country with them. In 

the development of the Ethiopian sign language, the result was seen [35]. The Ethiopian National 

Association of the Deaf (ENAD) published the first Ethiopian sign language dictionary in 1976 

with the help of deaf schools (Mekannisa School of the Deaf, Alpha School of the Deaf) and the 

Ministry of Education [35]. 

ESL has its grammar and is used in various deaf communities, such as schools, churches, leisure 

places, clubs, etc. With some regional variations, ESL is an evolving language. The language has 

a national standard, and the language is also used by the deaf community as a symbol of their 

identity, as it is the key factor in improving the lives of deaf people [22, 35]. Sign language differs 

from country to country. Thus, Ethiopian Sign Language (ESL) exists in Ethiopia, American Sign 

Language (ASL) exists in the United States, and British Sign Language (BSL) exists in the United 

Kingdom [24]. 

The Ethiopian Sign Language is the natural language predominantly used by the Ethiopian deaf 

population of more than a million people. Like other known sign languages (SLs), ESL is regarded 

as a minority language that coexists with most languages and is the native language for many 

deaf people [6, 17]. Like any other sign language, ESL is a language that uses manual 

communication, body language, and lip patterns to communicate meaning instead of sound, 

incorporating hand forms, position and movement of the hands, arms, or body and facial 

expressions at the same time to express the thinking of a speaker fluently [6, 17]. Until now, no 
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attempt has been made to find out what the Ethiopian sign language's grammatical structure and 

rules are due to the lack of sign language experts [17].  

2.4.1 Ethiopian Sign Langue Fingerspelling 

The Ethiopian National Deaf Association, ENAD, has established the spelling of the Ethiopian 

finger in 1971. Later, Ethiopian fingerspelling has been approved and acknowledged. Now along 

with American fingerspelling, it is used in all deaf schools [17]. The American fingerspelling is 

used when we want to express words or concepts in English. When we want to express words or 

concepts in a language that uses the Geez alphabet, such as Amharic, Ethiopian fingerspelling is 

used [14, 22]. 

The Ethiopian manual alphabet differs from the American and European manual alphabets because 

most of the American and European alphabets are static. Like most of the Amharic alphabet, 

however, the Ethiopian manual alphabet uses gestures that are not 'Geez' that require no movement. 

Like with every other manual alphabet, the Ethiopian manual alphabet also has shapes that some 

of the alphabets have an iconic similarity. 

To represent the Amharic alphabet of the first order, Ethiopian fingerspelling has 33 distinctive 

handshapes. An additional handshape was defined for the Amharic letter '‘ቨ’' later in 2009 [22]. 

By adding six different movements on the first order alphabet, the rest six order alphabets for each 

first order alphabet are constructed. In figure 2.1 show, the Ethiopian fingerspelling with the 

corresponding Gee’z alphabet is depicted. 

Figure 2. 1: Ethiopian Fingerspelling Representations for Amharic Letters [2] 
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Figure 2. 2: Amharic Letters the lately introduced letter '‘ቨ’' [2] 

Signing numbers vary from the standard signing used by most Amharic speakers. Using a single 

hand, all numbers below one thousand are signed, and the second hand is used only to signify that 

a number is in the thousands or millions [36]. 

Figure 2. 3: Numbers in ESL [36] 

Ethiopian Sign Language Notations 

Amharic sign language notations have four basic parameters: handshape, hand movement, hand 

orientation, hand location 
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Handshape: The hand fingers' basic orientation. If the signer is right-handed, the signals are 

carried out by the right hand. On the other hand, he or she executes the signs with the left hand 

while the signer is left-handed. A sign on the same letter can be seen by right and left-handed 

signers [37]. Figure 2.4 below depicts the first order Manual Alphabet (ETHMA) of ‘ሀ’ by the 

right and left dominated hand. 

 

 

 

 

 

 

Figure 2. 4: Signs for the letter ‘ሀ’ [2] 

Location: When the sign takes place, this is the signing area. In their position, the signs that are 

identical to other signs only distinguish [37]. For instance, in Amharic sign language (AMSL), 

signing the word አባት (father) and the word እናት (mother) have the same handshape except for the 

አባት (father) sign is signed the hand is placed on the forehead and the እናት (mother) on the chin. 

 

Figure 2. 5: ESL Word created using Manual Signs [2] 
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Hand Movement: The motion of the hand generates differences in the letters to be represented by 

a sign produced. Amharic sign language uses seven alphabet orders with a similar sign but is 

distinguished to make an alphabet by the movement of the handshape [37]. Table 2.1 shows the 

movement of the hand to create the alphabet ሀ”. 

Table 2. 1: The six forms of ‘ሀ’ and its trajectories with types of motions [2] 

 

Orientation: The position of the signs is orientation. Signing is beneficial because it can modify 

the meaning. A symbol may have one meaning when it moves one way and another meaning when 

it moves the other way [37]. 

2.5  Sign Language Recognition 

Sign language recognition systems are being developed to provide an interface for hearing-

impaired people [2]. The two main strategies utilized in sign language recognition systems are 

device-based and vision-based approaches [38]. 

Vision-Based: These methods are often used in the understanding of sign languages. These 

methods rely on image features like color, shape, texture, and so on, and they require that the input 

image be preprocessed. The vision-based system input may be an image or video recorded in real-

time or not in real time by a system-connected imaging device or filmed from single or multiple 

cameras [38]. The examples of these approaches are shown in figure 2.6 

 

Order 2nd 3rd 4th 5
th 6th 7th 

Form ሁ ሂ ሃ ሄ ህ ሆ 

Trajectory 

      

Direction Left Right Down Nearly 

Circle 

Down 

Oscilatory 

Rotation 
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Figure 2. 6: Detection overlap example (it means ‘እናት’ (Mother)) [22] 

Device-based approaches: In device-based methods, devices such as motion sensors, data gloves, 

and so on are used. These sensors measure the motion and shape of the hand. These approaches 

are inconvenient for signers because they require them to wear bulky devices that restrict their 

movement. The examples of these approaches are shown in figure 2.7.  

 

  

 

 

 

 

 

 

Figure 2. 7: Device-based approach [2] 

The main dimensions of research in sign language recognition can be grouped as isolated sign 

recognition and continuous sign recognition [38].  

Isolated sign recognition: it is concerned with the detection of single signs that do not lead to the 

next symbol. These signals may be either static or dynamic. No other symbol is executed before 
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or after the isolated signals are continued. As a result, the preceding or succeeding sign has no 

bearing on this type of sign [38].  

 Continuous sign recognition: it is the whole sentence is to be identified which includes diverse 

signs performed one after the other. The purpose is to pick out the different signs being carried out 

continuously. 

2.6  Digital Image Processing 

The method of processing photographic images with a digital machine is referred to as "digital 

image processing" (DIP) [39]. A digital image is made up of a limited number of components, 

each with its own position and meaning. Picture elements, image elements, and pixels are all terms 

used to describe these elements. Pixel is the most commonly used term to describe the components 

of a digital image [39]. 

Digital image processing can be broken up into three. Those are low-, middle and high-level 

processes. In the low-level process, the inputs and the outputs are images. The operation done in 

low-level processing are binarization, skew detection, image restoration, and image enhancement. 

In the mid-level process, the inputs are images but the outputs are features extracted from input 

images. The operation done in the mid-level processing are segmentation and feature extraction. 

The high-Level Process is interpreting image features. The work done in high-level processes is 

making sense of an ensemble of the recognized object for verification, identification [40]. 

The field of digital image processing relates to the use of a digital computer to process digital 

images. A digital image is made up of a certain number of components, each with its own position 

and meaning. Picture elements, image elements, and pixels are all terms used to describe these 

elements. Pixel is the most commonly used term to describe the components of a digital image. 

Since vision is the most advanced of our senses, it's no surprise that images are the most significant 

factor in human perception [41]. Imaging robots, on the other hand, can access practically the 

whole electromagnetic (EM) spectrum, from gamma to radio waves, but humans are limited to the 

visual range. They'll work with images that come from places where humans aren't used to 

associating images. Ultrasound, electron microscopy, and computer-generated images are 

examples. As a result, digital image processing has a diverse set of applications. Where image 
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processing ends and other related fields, such as image analysis and computer vision, begin is a 

point of contention among writers. Image processing is a discipline that uses images as both the 

input and output of a process [42]. 

Color Representations: Color is a function of human vision that measures a portion of the 

electromagnetic spectrum between 400 and 650 nanometers(nm). For humans, it is possible to 

group various spectra into colors but not possible to view possible combinations due to certain 

unique properties of our visual system [43]. A color space is a reflection of the human experience 

of the visible electromagnetic spectrum that allows us to specify colors. Combinations of the three 

main colors, red, blue, and green, provide a wide variety of colors [43]. 

RGB Color Space: The color space RGB (red, green, blue) is widely used in modern displays 

such as televisions, computer monitors, and digital cameras. The range of values for each primary 

color is determined by the bit resolution. Most digital systems store color channels in 8-bit format, 

which allows for a color intensity range of 0 to 255. This is known as 24-bit RGB or true color, 

and it allows for 16,777,216 different colors to be displayed [44].  

 

 

 

 

 

 

 

 

 

Figure 2. 8:Two representations of a pixel color: RGB color space [44] 

CMY color space: Most devices deposit colored pigments on paper. Color printers and copies, 

for example, require CMY data input or an internal RGB to CMY conversion. A basic operation 

is used to perform this conversion [44]. 
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Where, once again, the assumption is that all color values have been normalized to pure cyan, 

which does not contain red (this is, C=1-R in the question), whereas pure magenta and pure yellow 

do not represent green or blue. Also, by subtracting the various CMY values from one another, 

RGB values can be easily created from a set of CMY values [44]. 

The HSI Color Model: The HSI color model (hue, saturation, intensity) distinguishes the intensity 

component of a color picture from the color-carrying details (hue and saturation). As a result, the 

HSI is an excellent tool for creating image processing algorithms based on color definitions that 

are natural and intuitive to humans, who are, after all, the algorithms' creators and users. To 

summarize, RGB is the best color space for creating images (as in image capture by a color camera 

or image display on a monitor screen). However, its application to color definitions is much more 

limited [44]. 

YCbCr color model: One of the most widely used color spaces in computing is YCbCr. The 

luminance component of an image is indicated by Y, and it is determined from nonlinear RGB, 

whereas the chrominance component is represented by Cb and Cr. It's a weighted sum of RGB 

values that's gathered. The difference between blue and luma parts is Cb, and the difference 

between red and luma parts is Cr [45]. 

2.7  Fundamental Steps of Digital Image Processing 

Depending on the image processing application, various steps can be followed. however, there are 

some basic steps that all image processing applications must go through. 

2.7.1 Image Acquisition 

The first and most significant step in digital image processing is image acquisition. The most 

important thing to do when dealing with photographs is to record them before analyzing them. 

This is called Image Acquisition. Image acquisition is accomplished via way of means of an 

appropriate camera. The researchers use different cameras for different applications. Before any 
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video or image processing can occur, an image must be collected by a camera and turned into a 

controllable entity. Image acquisition is the term for this procedure. The method of retrieving a 

digital image from a physical source obtained using sensors or cameras is known as image 

acquisition [46] since the quality of the images will be influenced by a variety of factors. The 

creation of photometric invariants is one of the challenges [46]. As a consequence of the presence 

of inconvenient color lighting in various settings, image quality suffers. As a result, the choice of 

image capture sources and sensors must be carefully considered to achieve high accuracy in 

quantitative and qualitative data processing [46]. 

2.7.2 Preprocessing 

Preprocessing is a subfield of image processing that includes techniques for improving the 

appearance of an image, highlighting key features, and making it more suitable for use in a specific 

application. The best outcome of this method would be an improvement in the object's 

classification accuracy [46]. On color, gray-level, or binary images, preprocessing techniques are 

needed. Since processing color images is computationally intensive, most character recognition 

systems rely on gray or binary images. Non-uniform backgrounds and/or watermarks may be 

present in such images, making it difficult to remove a function of the image without any kind of 

preprocessing. As a consequence, a binary image is an optimal outcome of preprocessing [46].  

Image resizes: Image resizing is a vital part of the image handling strategy, to broaden and 

diminish the given image measure in pixel arrange. Image addition can be separated into two 

diverse ways, they are image down-sampling and upsampling which is fundamental when resizing 

the information for coordinating either the particular communication channel or the yield shown. 

A precise resizing of image information is a basic step in numerous applications. [46].  

Noise Removal: Noise is regularly described because of the uncertainty in a sign because of 

random fluctuation in that signal. Images are subjected to a variety of noises as a result of flaws in 

the image acquisition process that result in pixel values that do not accurately reflect the true 

intensities of the scene. Noise is delivered inside the image at the time of image acquisition or 

transmission. There are different techniques to remove noise, from those noise removal techniques 

median filter is the most common [47].  
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Median filter is used to smooth the non- repulsive noise from two-dimensional signals without 

blurring edges and preserved images. The median filter performs spatial processing to decide 

which pixels in an image have been stricken by impulse noise. The median filter determines 

whether pixels are noise by comparing each pixel in the image to its neighbors. In addition to the 

evaluation threshold, the scale of the neighborhood can be changed [47]. 

2.7.3 Segmentation 

Labeling pixels in an image based on their values and locations is known as segmentation. The 

issue at hand determines the extent to which the subdivision is carried out. That is, segmentation 

should end once the application's object of interest has been isolated [48]. In many images, videos, 

and computer vision applications, segmentation is a crucial step. It's frequently used to divide an 

image into various sections that correspond to separate real-world items in theory. It's a crucial 

step on the way to content analysis and visual comprehension [49]. Segmentation is the process of 

partitioning an image into parts or separate objects (sets of pixels, sometimes known as 

superpixels).  

Segmentation aims to make an image's representation more meaningful and easier to interpret by 

simplifying and/or changing it. Image segmentation, to put it another way, is the process of 

assigning a label to each pixel in a picture so that pixels with the same label have similar properties. 

Image segmentation generates either a set of full-image segments or a set of contours generated 

from it. Segmentation techniques are based on the two basic qualities of intensity values 

discontinuity (partitioning an image based on sudden changes in intensity) and similarity 

(partitioning an image into parts that are equal according to a set of specified criteria) [46, 48]. A 

few of the well-established segmentation techniques are: 

Segmentation by Thresholding: 

One of the most commonly used techniques for image segmentation is the threshold. It's useful for 

telling the difference between the foreground and the background [50]. Thresholding's 

performance is contingent on the threshold value being chosen with consideration and precision. 

Thresholding is based on the premise that histogram clusters refer to either background or 

foreground (object of interest) data that can be collected by separating these clusters [2, 46, 50]. It 



Literature Review  

27 

 

would be obvious to use thresholding for image segmentation if the intensity distribution of 

foreground objects differs significantly from the intensity distribution of the context. Optimal 

thresholding and adaptive thresholding are the two most widely used thresholding techniques. 

Segmentation by Edge-Based: Using edge detection techniques, segmentation can also be 

achieved. Edge detection is used to distinguish image discontinuities. By defining the pixel value 

and comparing it to the neighboring pixels, the region's edges are traced. Pixels that do not have 

an edge between them are grouped. Darker objects will become too small, while brighter objects 

will become too big, as the gray values of the objects vary. The size differences are caused by the 

fact that the gray values at an object's edge change gradually from background to object value. If 

the object's mean and background gray values are used as the threshold, there is no size bias. 

However, this method can only be used if all objects have the same gray value or if different 

thresholds are used for each object. As a consequence, edge-dependent segmentation is based on 

the fact that an edge's location is determined by the first-order derivative's extreme or the second-

order derivative's zero-crossing [46]. 

2.7.4 Feature Extraction  

The most distinct features present in a dataset (image, text, voice) are extracted and used to 

represent and describe the data using feature extraction. Features play an important role in 

identifying useful information in the field of computer vision or image processing. There are two 

types of features: generic features (GF) and domain-specific features (DSF). Color, form, and 

texture are examples of autonomous characteristics that are used in general features. DSF, on the 

other hand, is based on application-specific qualities such as conceptual and human face features. 

[51]. 

For the extraction of image features, there are several feature extraction techniques available. 

Common methods for extracting image features include the Discrete cosine transform (DCT), 

histogram of oriented gradient (HOG), and the Gabor filter [25]. 

Feature extraction by using discrete cosine transform (DCT): The extraction of appropriate 

features is critical for the effective design of any pattern classification system. As the first step in 

a holistic approach, discrete transforms have been commonly used to reduce data redundancy. 
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There are two steps to feature extraction using DCT. The first step is to apply DCT to the entire 

image to obtain DCT coefficients, and the second step is to select coefficients to form feature 

vectors [25, 52, 53]. 

Feature extraction by using histogram of oriented gradient (HOG): A feature descriptor called 

a histogram of Oriented Gradients is frequently used to extract features from image data. It is 

commonly used in object detection tasks in computer vision. HOG is a function descriptor that 

was originally designed to detect pedestrians. It counts the number of gradient orientation 

occurrences in a detection window. The key steps in calculating HOG features are as follows [54]:  

I. Gradient computation. The spatial gradients in both horizontal and vertical directions are 

measured in this step. These two gradients are then used to calculate the magnitudes and 

angles of the gradients. 

II. Orientation binning. The image is divided into cells, which are small associated areas, in 

this step. The magnitude of each pixel in a cell is voted into different orientation bins based 

on the gradient angle. 

III. Feature description. Adjacent cells are grouped into blocks in this step. Every block has 

been normalized. Concatenating the normalized block histograms in a detection window 

yields a descriptor. 

Feature extraction by the use of Gabor filter: Gabor filter is a linear filter used for object edge 

detection. Gabor Wavelet transform has a sturdy frequency and orientation selectivity so that the 

edge functions can be extracted. Gabor gives the best resolution within the time and frequency 

domain and is therefore recognized as a completely useful tool in computer vision and image 

processing. Gabor is a linear filter that gives the best localization traits through changing, 

bandwidth, frequency, and orientation [19]. Gabor filter became carried for signal language 

recognition. Gabor filters can extract multi-orientation recordings at accurate scales from a hand 

gesture image. Building a filter bank with specific scales and orientations is critical when 

developing the Gabor filter for hand gestures or in a variety of other applications that include face 

recognition or emotion detection. subsequently, Gabor filters are applied for function detection at 

several angles and scales. 
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Mathematically, a 2D Gabor filter is the product of a 2D Gaussian and a complex exponential 

function. 

𝐺(𝑥, 𝑦;  Ɵ, 𝑓) = exp {−
1

2 
[
𝑥′2

𝛿
𝑥′2

+
𝑦′2

𝛿
𝑦′2

]} cos(2𝛱𝑓𝑥′)  

where x' = x cos ө + y sin ө, y' = y cos ө – x sin ө, δx, and δy represent the spatial size of the filter, 

θ is the filter's frequency, and f is its orientation angle. The Gabor filter's frequency and orientation 

are used to determine an image's shape or pattern. Orientation tells you where the image's edges 

and shapes are with each other [52]. 

2.7.5 Pattern Recognition 

Pattern recognition is a method for deciding if a new object belongs to a specific category or not, 

based on whether its features fall inside or outside of that group's scope. Any pattern recognition 

approach involves three mutually related and distinct processes in a pattern recognition system. 

The design of a classifier, a mechanism that takes features of objects as input and outputs a 

classification, label, or value indicating which class the object belongs to, is the cornerstone of 

pattern recognition [42]. 

2.8  Approaches to Pattern Recognition 

2.8.1 Support Vector Machine 

Support vector machines (SVMs) are supervised learning models for classification and regression 

analysis that use a related learning algorithm to evaluate data and discover patterns. The SVM is a 

binary linear non-probabilistic classifier that takes a set of input data and predicts which of two 

possible output groups each input belongs to. An SVM training algorithm creates a model that 

assigns new examples to one of two categories based on a collection of training examples that have 

been classified as belonging to one of two categories. An SVM model is a representation of 

examples as points in space that has been mapped to separate examples from different categories 

by a significant distance. New instances are then mapped into the same space and graded according 

to which side of the distance they land on [55]. 
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SVM aims to separate data using a hyperplane and then extend this to non-linear boundaries using 

a kernel trick. The goal of calculating the SVM is to correctly classify all of the data. We can 

perform mathematical calculations. 

If Yi= +1; wxi + b ≥1 

If Yi= -1; wxi + b ≤1 

For all i; yi (wi + b) ≥1 

In this equation, x is a vector point and w is weight and is also a vector. SVM chooses the hyper 

plane with the greatest distance between it and the other possible hyper planes. If the training data 

is good, and each test vector is within r of the training vector, this desired hyper plane, which 

maximizes the margin, also bisects the lines connecting the two dataset’s convex hulls.

 

                                                Figure 2.9: Representation of Hyper planes 

2.8.2 Naïve Bayes 

A classifier based on probability distribution is known as a Nave Bayesian. Based on the observed 

characteristics, it classifies an object into the class to which it is most likely to belong. It is the 

result of using the Bayes Theorem to combine independent assumptions about the features. Simply 

put, a Naive Bayesian classifier assumes that a feature's meaning is unrelated to the existence or 

absence of some other feature. It works well even though the training data does not cover all 

possibilities, so it can work well for limited amounts of data. The Nave Bayes algorithm is a 
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supervised learning algorithm for solving classification problems that are based on the Bayes 

theorem. It is primarily used in text classification tasks that require a large training dataset. The 

Nave Bayes Classifier is a straightforward but effective classification algorithm that aids in the 

creation of quick machine learning models that can make accurate predictions. It's a probabilistic 

classifier, meaning it makes predictions based on the likelihood of an object [46]. Bayes’ Theorem 

is stated as: 

𝑃(𝐴|𝐵) =
𝑃(𝐵|𝐴)𝑃(𝐴)

𝑃(𝐵)
  

Where A and B are events and P(B) ≠ 0 

P(A|B) is the conditional probability: the likelihood of event A occurring given that B is true. 

P(B|A) is the conditional probability: the likelihood of event B occurring given that A is true. 

P(A) and P(B): are the probability of observing A and B independently of each other. 

Prior Probability (P(A)): is the probability of a hypothesis before seeing the evidence.  

 P(B) stands for Probability of Evidence Marginal Probability. 

2.8.3 Artificial Neural Network 

Artificial neural networks (ANNs) [48] are derived from the study of biological neural network 

(BNN) basic building blocks, where biological neurons contain soma, dendrites, and axon 

components, while an artificial neuron manages inputs, weights, transfer function, bias, and 

outputs. Information enters a biological neuron via the dendrite; the information is processed by 

the soma and passed on via the axon. The information enters the body of an artificial neuron via 

reweighted inputs in the case of the artificial neuron. After that, the body of an artificial neuron 

sums the weighted inputs, biases the sum, and processes it with a transfer function. Finally, the 

processed information is passed to outputs via an artificial neuron [54]. 

A neural network model is a type of artificial intelligence that instead of programming a 

computational system to perform a specific task, teaches it to do so. It is made up of a large number 

of artificial neurons linked together by a deliberate network architecture. The neural network's goal 
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is to take one or more inputs and add them together to create an output usually, the sums of each 

node are weighted, and the sum is handed via a feature known as an activation or transfer 

characteristic. The teaching model can be supervised or unsupervised [46]. An artificial neural 

network has the two maximums extensively used network topologies, which are feedforward 

neural network and feed-back neural network [56]. 

Feed-forward neural network: An input layer, hidden layers, and an output layer make up a 

feedforward neural network. Information always flows in one direction, from the input layer to the 

output layer, and it never reverses [56]. 

Feed-back neural network: It can have signals that move in both directions by introducing 

network loops, propagating values backward to earlier layers from the hidden and output layers. 

This network has dynamic properties as the activation value dynamically changes until it reaches 

into convergence state [56]. 

 

 

 

 

 

 

 

 

 

 

Figure 2. 9: Layers of Artificial Neural Network [57] 

Input layer: The number of inputs to the neural network corresponds to the number of neurons in 

this layer. This layer is made up of passive nodes, which do not participate in signal adjustment 

but instead send the signal to the next layer [56].  
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Hidden layer: This layer can have as many layers as you want, and as many neurons, as you want. 

This layer's nodes are involved since they participate in signal modification [56]. 

Output layer: The number of neurons in the output layer is equal to the number of neural network 

output values. This layer's nodes are those that are currently involved [56]. 

2.8.4 Convolutional Neural Network 

Convolutional neural networks (CNNs) are a form of deep learning algorithm used in computer 

vision applications such as classifying images or videos and detecting an object or region within 

an image [58]. Convolutional neural networks (ConvNets or CNNs) are one of the most popular 

deep learning algorithms for image recognition, classification, object detection, and face 

recognition, among other tasks. CNN image classification takes an input image, processes it, and 

categorizes it into different groups (E.g., Nodule or Non-nodule) [27]. CNN uses an array of pixels 

as an input image, with the number of pixels varying depending on the image resolution. In CNN, 

raw data is represented as a tensor. The tensor concept can be generalized as higher-order matrices. 

will see H x W x D (H = Height, W = Width, D = Dimension) based on the image resolution. For 

example, consider an image made up of 6 × 6 × 3 RGB matrix arrays (3 refers to RGB values) as 

shown in figure 2.10 [27]. 

 

 

 

 

 

Figure 2. 10: Array of RGB Matrix 

In a completely linked layer, each unit (neuron) is connected to all of the units in the previous 

layer. In contrast, each unit in CNN is linked to a tiny number of units in the previous layer. 

moreover, all units are linked to the previous layer in an equal way with the same weights and 
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structure. In at least one of their layers, CNNs use convolution instead of general matrix 

multiplication. Convolution is the multiplication of two matrices element by element, followed by 

the sum [25, 27, 58]. The basic CNN architecture is given in figure 2.11 below. 

 

Figure 2. 11: Basic CNN architecture [16] 

Each filter creates a higher-level representation from a local patch of lower-level features. Edges 

from pixels, shapes from edges, and complex features from shapes may be learned by a system. 

Each layer will then acquire a set of image-derived position-independent latent features [27, 58]. 

Convolutional, activation, pooling, fully-connected, and dropout layers are among the layers used 

to create CNNs. The following is a summary of each layer in detail. 

Convolution Layer: The first layer of CNNs is convolution, which extracts features from an input 

image. By learning visual attributes with small squares of input data, convolution preserves the 

link between pixels. It's a mathematical process with two inputs: an image matrix and a filter or 

kernel. The kernel is chosen as a three-dimensional structure if the input is a three-channel RGB 
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image. It will be unable to extract enough features if the kernel size is too small (for example, 2 x 

2). Small kernels, for instance, are incapable of detecting large complex patterns. A larger kernel 

size, on the other hand, increases computation complexity. In most instances, small kernel sizes 

like 3 x 3 or 5 x 5 are used in CNN training. Strides are the number of pixels shifts over the entered 

matrix [28]. When the stride is 1, the filters are moved one pixel at a time through the input matrix; 

when the stride is 2, the filters are moved two pixels at a time. The following figure 2.12 as shows 

5 x 5 input matrix with image pixel values of 0, 1, and a 3 x 3 filter matrix. 

 Figure 2. 12: Image matrix multiplies kernel or filter matrix 

Then, as shown in figure 2.13, the convolution operation of the 5 x 5 image matrix multiplied by 

a 3 x 3 filter matrix with a stride of 1 x 1 generates a feature map output. 

 Figure 2. 13: An output feature maps for 5 × 5 input convolved with a 3 × 3 kernel 

The number of kernels is a crucial design consideration since it defines the number of different 

features that should be prioritized [27]. For example, if the kernel size is 3 × 3, using 64 kernels 

will create duplicate filters because 3 × 3 sizes cannot create 64 qualified different filters. Aside 

from duplicate filters, having so many filters cause memory problems because each convolved 

image takes up space in the computer's memory. When each kernel is slid over the input image, a 

feature map is created. After all, kernels have generated their outputs, these images are 

concatenated. The output image would be a 4-dimensional tensor if the input image is 3-
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dimensional volumetric data. The tensor's depth and the kernel's depth must be the same. For 

instance, consider an input tensor with a size of 30 ×30 and a kernel with a size of 3× 3. The 

convolution's scale, as a result, is 28 ×28. There may be several kernels that are added to the input 

tensor. As a result, the output tensor has the size of K ×28 ×28. The kernel dimension for the next 

convolution operation is K × N × M [27]. The depth, stride, and zero-padding size are the three 

parameters that govern the size of an output volume [16]. The depth could be a set of filters that 

all see at the same (x, y) position of the input. The number of neurons (filters) in the convolution 

layer that connect to a local region of the input volume is controlled by the depth  [16, 59].  

Zero-padding: When applying a convolution, zero-padding means padding the original image's 

borders with zero to preserve the original image size. The method of symmetrically adding zeroes 

to the input matrix is known as zero-padding. It's a common modification that allows us to alter 

the size of the input to suit our needs. It's often used in CNN layer design when the input volume's 

dimensions need to be maintained in the output volume [60]. The spatial dimensions of the input 

volume would decrease too rapidly if zero paddings were not used. The output of applying a 2 x 2 

filter on a zero-padded 4 x 4 image is shown in table 2.4 left while the output of applying a 2 x 2 

filter without zero-padding the original image is shown in the right.  

Table 2. 2: Applying zero-padding  

 

 *  

 

 

 

   

 

 

0 1  

2 3 

0 0 0 0 0 0 

0 0 1 2 3 0 

0 3 4 5 7 0 

0 6 7 8 11 0 

0 0 0 0 0 0 
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                    Table 2. 3: Effect of zero-padding with one stride  

 

 

 

 

Activation Function: Activation functions are not technical layers since no parameters are learned 

in them. The main task of any activation function in any neural network-based model is to map the 

input to the output, where the input value is obtained by calculating the weighted sum of the 

neuron’s input and further adding bias with it (if there is a bias). In other words, the activation 

function generates the corresponding output to determine whether a neuron will fire or not for a 

given input [60]. 

In CNN architecture, non-linear activation layers are utilized after each learnable layer (weighted 

layers like convolutional and FC layers). The important feature of an activation function is that it 

should be differentiable to enable error backpropagation to train the model. The following are the 

most widely used activation functions in deep neural networks (including CNN) [60]. 

➢ Sigmoid: The sigmoid activation function takes real numbers as input and binds the outputs 

in the [0,1] range. The sigmoid function has an ‘S' shaped curve. The sigmoid is described 

mathematically as [60]: 

𝒇(𝒙)𝒔𝒊𝒈𝒎 =
𝟏

𝟏 + 𝒆−𝒙
  

➢ Rectifier Linear Unit (ReLU): The Rectifier Linear Unit (ReLU) is the most extensively 

used activation function in Convolutional Neural Networks. It is used to convert all the 

input values to positive numbers. When compared to other algorithms, ReLU has the 

advantage of requiring very little computation. ReLU is described mathematically as [61]: 

  𝒇(𝒙)𝑹𝒆𝒍𝒖 = 𝒎𝒂𝒙(𝟎, 𝒙)  

0 3 8 4 

9 19 25 10 

21 37 43 16 

6 7 8 0 
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                                               Table 2. 4: Application of ReLU 

  

 

 

 

➢ Tanh: The Tanh activation function is used to bind the input values (real number) to a 

range of [-1,1]. Tanh interpreted mathematically as: 

𝒇(𝒙)𝒕𝒂𝒏𝒉 = 
𝒆𝒙 − 𝒆−𝒙

𝒆𝒙  + 𝒆−𝒙
  

Pooling layers: The pooling layers are used to sub-sample the feature maps (created after 

convolution operations), i.e., it shrinks the larger feature maps to smaller feature maps. In each 

pool phase, the most dominant features (or information) are always preserved while shrinking the 

feature maps. Similar to the convolution process, the pooling operation is performed by specifying 

the pooled region size and the operation stride [60]. Different pooling techniques, such as max 

pooling, min pooling, average pooling, gated pooling, tree pooling, and so on, are used in various 

pooling layers. Max pooling is the most popular and widely used pooling technique. Table 2.5 

below depicts the effect of max pooling with a stride size of 1 (right) and 2 (-right) while applied 

on a 4x4 input volume (left). 

Table 2. 5: Effect of max pooling on different stride size 

 

 

Max Pool with 2x2 filter  
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Fully Connected (FC) Layer: The final part (or layers) of every CNN architecture (used for 

classification) is usually made up of fully connected layers, in which each neuron in one layer is 

connected to every neuron in the previous layer. The last layer of fully connected layers is used as 

the output layer (classifier) of the CNN architecture [60]. They are used at the end of the network 

before the classifier is applied (usually the Softmax activation function). 

Dropout: is a technique for shutting off a subset of units in a layer during training and then turning 

them back on during testing by changing their values to one. It's a regularization form in which the 

network is forced to disseminate learned representations across all neurons, forcing it to learn a 

representation that works even after the dropout. Dropout avoids overfitting by altering the 

network architecture during the preparation process. When a pattern is displayed, it guarantees that 

every node is enabled. The network's dependency on small units of neurons is eliminated by 

dropout. 

SoftMax activation function is a combination of multiple sigmoid functions. As we know that a 

sigmoid function returns values in the range 0 to 1, these can be treated as probabilities of a 

particular class’ data points [57]. SoftMax function not like sigmoid functions that are used for 

binary classification can be used for multiclass classification troubles. The SoftMax function 

produces an output that's a range of values among zero and one, with the sum of the possibilities 

been identical to at least one. SoftMax function can be expressed as [57]: 

𝒇(�⃗� )𝒊  =
𝒆𝒛𝒊

∑ 𝒆𝒛𝒋𝒌
𝒋=𝟏

  

Where: f = SoftMax, 𝑧  = input vector, 𝑒𝑧𝑖 = standard exponential function for input vector, k= 

number of classes in the multi-class classifier and 𝑒𝑧𝑗 = standard exponential function for output 

vector. 

CNN Architectures 

The CNN architecture is created by stacking different layers, such as convolutional, pooling, 

activation, or completely connected in a specific pattern. The successful CNN architectures that 

have been used in image processing and pattern recognition are discussed next [28, 62, 63]. There 
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are different CNN architecture, from that architecture we are discussing in detail about AlexNet 

and GoogleLeNet. 

AlexNet: AlexNet, founded by Alex Krizhevsky, Ilya Sutskever, and Geoff Hinton, was the first 

work to popularize Convolutional Networks in Computer Vision [63]. The CNN model won the 

most challenging competition in 2012, where the ImageNet Large Scale Visual Recognition 

(ILSVRC) tests algorithms for large-scale object detection and image classification. AlexNet has 

60 million parameters, ImageNet has 1.2 million 256 × 256 images from 1000 categories and 

650,000 neurons, and AlexNet is made up of five convolutional layers and three fully connected 

layers. This achievement has reignited interest in CNNs in the field of computer vision [28, 62] 

Normalization and a max-pooling layer accompany the first two convolutional layers, the third 

and fourth are connected directly. A max-pooling layer follows the fifth convolutional layer. The 

output is fed into a softmax classifier through a series of two completely linked layers, the second 

of which feeds into the first. 

To prevent overfitting in the fully connected layers, the authors employed a regularization method 

called “dropout” with a ratio of 0.5 [63]. The use of Rectified Linear Unit (ReLU) on each of the 

first seven layers is another feature of the AlexNet model. The authors believed that ReLU 

Nonlinearity could train much faster than Tanh and Sigmoid's saturating activation functions. 

GoogleLeNet: The GoogleNet architecture is different from all the previously discussed 

conventional CNN models, it uses network branches instead of using single-line sequential 

architecture. GoogLeNet won the contest within the ImageNet Large Scale Visual Recognition 

(ILSVRC) in 2014 to classify 1.2 million images into one thousand unique classes [63]. Brought 

inception modules with dimensionality reduction using 1x1 convolutions. Used only three small 

kernels of length 1x1, 3x3, and 5x5 throughout the networks. more importantly, it also introduces 

a brand-new module referred to as “Inception”, which concatenates filters of various sizes and 

dimensions into a single new filter [28, 62]. General, GoogLeNet has two convolution layers, two 

pooling layers, and 9 “Inception” layers. Every “Inception” layer consists of six convolution layers 

and one pooling layer [28].  
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2.9  Evaluation Technique 

A variety of performance metrics were used to evaluate the proposed approach or model's 

performance. Accuracy, precision, recall, and the f1-score are just a few of the metrics that are 

frequently used to assess the efficacy of proposed solutions. In addition to using Micro-average 

precision or recall and Macro-average precision or recall to assess our model's performance [25]. 

Accuracy: The most intuitive success metric is accuracy, which is essentially the number of 

correctly expected observations to all observations. One might believe that if our model is accurate, 

it is the best. Yes, accuracy is a useful metric, but only when the datasets are symmetric and the 

values of false positives and false negatives are nearly equal. As a result, you'll need to consider 

other factors when evaluating your model's result [26].  

                                               Table 2.9 Confusion matrix  

       

 

 

 

➢ True Positive (TP): The model predicted a positive value, and the actual value was 

positive. 

➢ False Positive (FP): The model predicted a positive value, but the actual value was 

negative. 

➢ True Negative (TN): The model predicted a negative value, and the actual value was 

negative. 

➢ False Negative (FN): The model predicted a negative value, but the actual value was 

positive. 

𝐀𝐜𝐜𝐮𝐫𝐚𝐜𝐲 =  
𝐓𝐏 + 𝐓𝐍

𝐓𝐏 + 𝐅𝐏 + 𝐅𝐍 + 𝐓𝐍
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Precision: Precision is defined as the proportion of correctly predicted positive observations to 

total predicted positive observations. High precision is linked to a low false-positive rate. 

𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧 =
𝐓𝐏

𝐓𝐏 + 𝐅𝐏
  

Recall (Sensitivity): is defined as the proportion of correctly predicted positive observations to 

the total number of observations in the class. It's also known as the strike rate or true positive rate 

[26]. 

𝐑𝐞𝐜𝐚𝐥𝐥 =
𝐓𝐏

𝐓𝐏 + 𝐅𝐍
  

F1-score: The weighted average of Precision and Recall is the F1 Score. As a consequence, both 

false positives and false negatives are taken into account in this ranking. Although it is not as 

intuitive as accuracy, F1 is generally more useful than accuracy, particularly if the class 

distribution is uneven [26]. 

𝐟𝟏 𝐬𝐜𝐨𝐫𝐞 =
𝟐 ∗ (𝐩𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧 ∗ 𝐫𝐞𝐜𝐚𝐥𝐥)

𝐩𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧 + 𝐫𝐞𝐜𝐚𝐥𝐥
  

Micro-average precision or recall 

In the Microaverage approach, you add up all of the system’s true positives, false positives, and 

false negatives for a distinct set and use them to calculate statistics [26]. 

𝐌𝐢𝐜𝐫𝐨 − 𝐚𝐯𝐞𝐫𝐚𝐠𝐞 𝐩𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧 =
𝐓𝐏𝟏 + 𝐓𝐏𝟐 + ⋯+ 𝐓𝐏𝐍

(𝐓𝐏𝟏 + 𝐓𝐏𝟐 + ⋯+ 𝐓𝐏𝐍) + (𝐅𝐏𝟏 + 𝐅𝐏𝟐 + ⋯+ 𝐅𝐏𝐍)
  

Where: TP= True positive, FP= False positive 

𝐌𝐢𝐜𝐫𝐨 − 𝐚𝐯𝐞𝐫𝐚𝐠𝐞 𝐫𝐞𝐜𝐚𝐥𝐥 =
𝐓𝐏𝟏 + 𝐓𝐏𝟐 + ⋯+ 𝐓𝐏𝐍

(𝐓𝐏𝟏 + 𝐓𝐏𝟐 + ⋯+ 𝐓𝐏𝐍) + (𝐅𝐍𝟏 + 𝐅𝐍𝟐 + ⋯+ 𝐅𝐍𝐍)
 

Where: TP= True positive, FN= False nagative 

Macro-average precision or recall 
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The method is straightforward. Just take the average of the precision and recall of the system on a 

different set [26]. 

 𝐌𝐚𝐜𝐫𝐨 − 𝐚𝐯𝐞𝐫𝐚𝐠𝐞 𝐩𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧 =
𝐏𝟏 + 𝐏𝟐 + ⋯+ 𝐏𝐍

𝐍
  

Where: P =Precision  

𝐌𝐚𝐜𝐫𝐨 − 𝐚𝐯𝐞𝐫𝐚𝐠𝐞 𝐫𝐞𝐜𝐚𝐥𝐥 =
𝐑𝟏 + 𝐑𝟐 + ⋯+ 𝐑𝐍

𝐍
  

Where: R = recall N= Total numbers of the class 

2.10 Summary 

In this chapter, the researchers conducted a literature review on sign language recognition. A brief 

description of sign language, the component of sign language, Ethiopian sign language, Amharic 

sign language fingerspelling, Ethiopian sign language grammar is discussed. A brief description 

of digital image processing and digital image processing steps, such as image pre-processing, 

segmentation, feature extraction, and classification. As well as the color space model is thoroughly 

explored. Pattern recognition methods are also widely discussed. Furthermore, the building blocks 

of CNN architectures, such as convolutional layers, activation layers, pooling layers, and dropout 

layers are described and analyzed in detail. Besides that, the characteristics and functions of each 

layer were thoroughly explained.  
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CHAPTER THREE 

 RELATED WORKS 

This chapter provides related works on sign language recognition are presented. The related works 

of different researchers in the area of sign language recognition using image processing, machine 

learning, and deep learning techniques are presented. To provide a brief understanding of what has 

been done in this research work, a thorough study of various studies on Ethiopian sign language 

and non-Ethiopian sign language recognition is discussed. 

3.1  Amharic alphabet level Recognition for Ethiopian Sign Language 

The research conducted by Nigus & Menore is focused on the recognition Amharic alphabet signs 

into their corresponding text using digital image processing and machine learning approach [2]. 

Ten students (junior signers) were actively interested in the data collection process by the 

researchers. Each signer is only expected to execute four basic alphabet signs out of thirty-four 

first order Amharic sign language characters 160 times. On the other side, the researchers selected 

153 of the best signals. The video had a playtime of 3 to 4 seconds and was filmed in third-

generation partnership (3GP) format. The researchers proposed architecture consist on six different 

process. The first process turns video of sign language acquisition into frame images. In the second 

process, the frame images are preprocessed to remove any superfluous noise. The third process 

separates the background from the sign character. The fourth process extracts features using the 

Fourier descriptor, motion descriptors, and color difference measure. The collected characteristics 

are fed into learning machines (NN and SVM) to build their respective models in the training 

process. In the testing process, the Models are used to identify sign language and convert to print 

text. The performance of the models built (for NN and SVM) is also checked in this component. 

The researchers used an adaptive threshold algorithm to differentiate hand signals from the 

surrounding environment. The researchers used a neural network (NN) and support vector machine 

(SVM) to classify signs. In the case of NN, the researchers use the feed-forward multi-layer 

perceptron (MLPs) architecture. The smooth relationship between the input and output is 

monitored using a sigmoid transfer function. A feed-forward multilayer perceptron with one 
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hidden layer and 75 neurons were used in addition to the input and output layers. In the case of 

SVM, the training steps involve selecting different parameters and comparing starting values 

iteratively. The models are validated using a ten-fold cross-validation testing approach. This part 

also evaluates the performance of the models created (for NN and SVM. Finally, using NN and 

SVM classifiers, the device is capable of identifying these Amharic alphabet signs with 57.82% 

and 74.06% precision, respectively. As a result, the Multi-Class SVM classifier outperformed the 

NN classifier in terms of classification efficiency. However, a gap in this study is the accuracy of 

the model is relatively not promising. This research work could not provide full translation 

functionality since it detects only alphabets. Besides, the accuracy of the model, as well as the 

dataset, is insufficient. So, it better to develop a mode with better accuracy with more datasets. 

Another prior study which is conducted by Yonas and Kumudha is focused on the recognition of 

a hand gesture detection and recognition system for Ethiopian sign language recognition of 34 

letters and translation into Amharic voice [9]. The researchers used five Ethiopian sign language-

qualified students for learning and recognition purposes. Five samples were obtained from each 

Ethiopian sign language student for 34 Ethiopian manual alphabets (EMA), totaling 170 images. 

All of the photos were taken in a classroom with a blackboard as a backdrop and the right hand 

restricted to it, which was used to express the letters. Image Filtering was used by the researchers. 

The researchers chose median filtering from a variety of image filtering techniques. Due to the 

wide range of skin color among the signers, the researchers used white gloves to reduce the 

difficulty of segmentation. The researchers used the Gabor Filter (GF) in conjunction with 

Principal Component Analysis (PCA) to extract features from digital images of hand movements, 

and the Artificial Neural Network (ANN) to recognize the ESL and translate it into Amharic 

expression. The images were scaled to 128 X 128 using a bicubic interpolation by the researchers 

to make the Gabor Filter representation easier. Typically, a number of Gabor Filters of various 

scales and orientations are utilized. So, the researchers used 8 distinct orientations (μ) and 5 spatial 

frequencies (v) were designed, which makes 40 different GFs as represented. For the recognition 

of 34 Ethiopian manual alphabets (EMA), the researchers used Multiple Layer Perceptron (MLP) 

feed-forward ANN. There are three layers to the network: input, hidden, and output. The number 

of PCA feature vectors extracted equals the number of neurons in the input layer, and the number 
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of categories to be recognized equals the number of neurons in the output layer. The number of 

hidden layer nodes was determined by trial and error. As a result, the architecture has 200, 100, 

and 34 neurons in the input, hidden, and output layers, respectively. Finally, experimental results 

show that the system has a 98.53% recognition accuracy. However, the drawback of this work is 

the researchers used to recognize Ethiopian manual alphabets by using only the right-hand gestures 

of the signer. Hence, the system does not recognize the left hand while the direction of the right 

and left hand is different. Furthermore, the researchers used white gloves to minimize the 

complexity of segmentation due to the high variance of skin color among the signers. Moreover, 

in the real world, we are not able to find such uniform skin color. Besides, this research work could 

not provide full translation functionality since it detects only alphabets while ignoring numbers 

and words. So, it is better to develop a word level and numbers to narrow the communication gap 

between deaf and healthy people. 

Another prior study which is conducted by Isayas and Hussien is focused on optimization for the 

recognition of Amharic Sign Language to Amharic characters using a deep learning approach [29]. 

The researchers used a handheld camera to capture video of the sign language, and each alphabet 

was given 20 seconds to wait before adding the alphabets' orientation. The frame of the video was 

derived from the video that has been obtained. A class was assigned to each of the ten Amharic 

Sign Language characters. There are 500 frames of images in each sign language class; of these, 

80% of the total image for training the model was categorized, and 20% of the total image for 

testing the model was categorized. For feature extraction, the researchers used a convolutional 

neural network. The researchers used a learning rate of 0.001 and 100 epochs to recognize 

Ethiopian sign language and convert it to text. By regularizing and fine-tuning the neural network, 

two separate experiments are carried out for this research. Dropout regularization was used to 

regularize the neural network. By adding the value of 0.5, it was used to reduce the overfitting of 

the model. The addition of 0.5 dropout aids in the elimination of 50% of the units from each hidden 

layer at random, resulting in a simpler network. There are numerous state-of-the-art methods for 

object detection, including R-CNN, Fast R-CNN, and YOLO. Everyone varies from the others in 

terms of object detection speed or accuracy. The researchers used character recognition using 

Faster R-CNN. The key difference between Fast R-CNN and R-CNN is that while R-CNN feeds 
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the area proposal to CNN, Fast R-CNN feeds the input image to CNN to produce a convolutional 

feature map. The area of the proposal should then be identified to squares using this convolutional 

feature map. Mean average precision (mAP) was used in this study to evaluate the optimized Faster 

R-CNN model. It simply refers to the model's average precision in identifying accurate Amharic 

sign language characters. The researcher also used Amharic Sign Language Recognition using 

Single-Shot Detector. In the case of Sign Language recognition, using a neural network would 

allow for the prediction of the sign in an image. Faster R-CNN, unlike Single-Shot Detector (SSD), 

runs the entire operation at 7 frames per second (PFS). SSD improves on Faster R-CNN by 

including features like multi-scale feature extraction and default boxes. The enhancement of multi-

scale feature extraction and default boxes using lower resolution images was the reason SSD speed 

was higher than Faster R-CNN. To detect objects, SSD is divided into two types: extract feature 

maps and apply convolutional filters. Three tests were conducted as part of the research to test 

Sign Language comprehension in this work. The first experiment was carried out with the VGG-

16 pre-trained model, while the second was carried out with the aid of Faster R-CNN and SSD. 

Four general steps are followed to recognize Amharic Sign Language to text using the Faster R-

CNN and SSD algorithm. The phase will conclude with the extraction of a frame from video, 

labeling, annotating, and XML conversion of the annotated image, followed by model training and 

testing. Finally, it was discovered in this study that faster RCNN is more accurate in understanding 

Amharic Sign Language. In certain cases, SSD outperforms Faster R-CNN in terms of speed, but 

it is less accurate in recognizing Amharic Sign Language. The model was tested using Amharic 

Sign Language Characters in the form of a frame/image and a recording. The faster R-CNN model 

and SSD were able to identify and recognize Sign Language, resulting in test accuracy of 98.25 % 

and 96%, respectively. However, the drawback of this work is the model recognition was only 

Amharic alphabet letters but did not include words and numbers. The researcher selected from 34 

Amharic alphabet letters the researchers selected only 10 letters. The selected letters have small 

similarities between them, this, easy to train the model. Also, the researcher does not work on 

image segmentation. The dataset used for training and testing the model is not sufficient. 

Another prior study which was conducted by Legesse and Sebsibe focused on the recognition of 

Amharic alphabet signs into their corresponding text using digital image processing and machine 
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learning approach [17]. The researchers used the advanced camera to collect input images for the 

Ethiopian fingerspelling system from a variety of people. The researchers use a variety of 

techniques to minimize noise and computational costs. The researchers used image resize to reduce 

the size of the image from 1632 x 1224 pixels to 72 x 72 pixels. The researchers converted the 

image to grayscale representation after resizing it. The researchers used principal component 

analysis and the harr-like feature was chosen for feature extraction. To determine the significant 

number of principal components used in this work, one image is chosen at random and its pixel 

value is transformed using a different number of principal components. A three-stage refinement 

method is used to reduce the number of reconstructed images. The image is reconstructed in the 

first stage using the top N-50 number of principal components, where N is the total number of non-

zero principal components in the image. This process is repeated by reducing the number of 

principal components used in the previous reconstruction by 50 until all visible information about 

the object has been lost. The image reproduction was started in the second stage by using the 

principal component with the highest eigenvalue of the principal components identified some time 

ago when the primary arrangement to prepare stopped. In the third stage, Before the second phase 

stops, the image reconstruction begins with the identification of the main components. To extract 

the Harr-like function, the image is first divided into sub-regions by a 24x24 pixel measured 

rectangle, and then three values are computed from each sub-region that compare to the three types 

of rectangles used in the Harr-like feature. The researchers use a neural network to classify the 

letters in hand signs. The Ethiopian Finger Spelling static sign classifier was built using two hidden 

layers with 170 and 170 nodes in each hidden layer, respectively. The dimensionality of the input 

function determines the node in the input layer of a neural network-based hand detector. The 

dimensionality of the input representation determines the number of nodes in the output layer. 

Finally, the researchers attained the recognition accuracy of 88.08% and 96.22% using a neural 

network with PCA-driven features and a neural network with harr-like features respectively. 

However, the drawback of this work is only working for right-hand signer user but does not include 

the right-hand signer. The research considers only focused on ten selected basic alphabets signs. 

In these characters’ hand shapes, there are very few similarities between them. Due to this, the 

researcher's work has scored better accuracy results. The Dataset used for training and testing the 

model is not sufficient. Also, the researchers don't include other letters, words, and numbers. 
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3.2  Word level Recognition for Ethiopian Sign Language 

Samuel & Million researched the isolated word-level Ethiopian sign language recognition [6]. The 

ten themes were chosen based on how often they are used by the deaf community in their 

communication. The researcher used purposive sampling to pick 10% of the words from each 

theme from the total population of 588. Each video consists of a series of frames that depict a 

gesture. Each video was pre-processed using windows movie maker to delete duplicate and 

unimportant frames from both sides of the video. The video was then converted to a format 

compatible with the Matlab image processing toolkit using a Free AVI video converter. According 

to the researchers, the dataset was split into two parts: a training dataset and a testing dataset. The 

researchers chose the HSV color space for image segmentation. With the help of color details, 

each pixel in an image is classified as skin or non-skin. These color spaces distinguish three 

components: hue (H), saturation (S), and brightness (V). Since V provides brightness information, 

it is frequently dropped to reduce the illumination dependency of skin color. The researchers used 

manual feature extraction techniques were considered for the design and implementation of the 

recognition system.The researchers use Principal Component Analysis to extract features related 

to hand shape and position. For the pattern recognition the researchers used k-Nearest Neighbor. 

In this study, the value of K is 1. After determining the value of k, the researcher uses Euclidean 

distance measuring to calculate the distances between the new input. The researcher used Matlab 

as an implementation method for video processing and segmentation and used the dataset obtained 

from the signers to train and test the device. The next step was to evaluate the hand model using a 

different set of inputs after it has been successfully generated using Principal Component Analysis 

(PCA). The consistency of the method in recognizing Ethiopian sign language was used as a 

success metric by the researcher, and the error report is used as input to improve the model before 

it achieves better results. Finally, the recognition system can correctly identify a word sign with a 

40 percent overall accuracy. The drawback of this work is that researchers used only to recognize 

the right-hand gestures of the signer. This model only works for right-hand users, because the 

direction of the right hand and left hand is different. The researchers segment the image without 

image Re-sampling, image enhancement. Besides, the accuracy of the model, as well as the dataset, 
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is insufficient. So, it is better to develop to recognize the right hands and left-hand gestures of the 

signer.  

In another work, Yigremachew and Endashaw researched the recognition of A real-time Ethiopian 

sign language to audio converter [5]. The researchers use a hybrid approach that combines sensor-

based and vision-based approaches to transform sign language to the audio vision-based solution 

which was a real-time platform that monitors the user's signing hands to understand Ethiopian sign 

language using a single camera. In the sensor-based approach, five flex sensors were placed on the 

thumb, index, middle, ring, and pinky fingers, as well as the palm of a glove, and then the 

MPU6050, which combines an accelerometer, gyroscope, and a six-axis locator, was placed on the 

back of the hand to determine the hand's position and movement in space. The researchers used 

their own built hardware system and software called PLX-DAQ to collect the dataset to represent 

the alphabets and some commonly used words. Various sensors, such as flex sensors and MPU-

6050 (Accelerometer and Gyroscope), are incorporated in the sensor-based solution to detect a 

gesture on a glove. The system's efficiency was determined by the probability of the system 

correctly understanding the gesture. The system was currently being trained for a set of seven 

gestures. The experiment is repeated ten times, with an overall identification rate of 88.56% for all 

participants. However, the drawback of this work is the researchers do not show the vision-based 

approach, but the researchers implemented the sensor-based approach. The device is more 

expensive and not easily available.  

In another work, Zelalem and Abrham focused on developing an Amharic language visual speech 

recognition model using machine learning and a computer vision approach [26]. The researchers 

used 14 Amharic words that were commonly mentioned by patients or faculty members at the 

hospital. Each word was discussed ten times by a different topic. As a result, 1,260 videos were 

captured in total. The researchers used some preprocessing techniques before applying training or 

recognition to the image. The proposed system in this study has three stages: preprocessing, feature 

extraction, and classification. The researchers used in the preprocessing stage to detect the face 

first. Since detecting faces prior to performing any preprocessing tasks saves computing time. 

Because relevant information is concentrated around the mouth, and the mouth is situated on the 
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face. After face detection, the next step in the lip motion reading system was to detect the speaker's 

mouth. The researchers used the Viola-jones algorithm to detect mouths. The researchers then 

applied to delete duplicate frames after detecting the mouth. Enhancement methods were used by 

the researchers to improve the image quality. The researchers used CNN and handcrafted feature 

extraction techniques. The HOG was used by the researchers to extract hand-crafted features. HOG 

can capture the shape of an image since it computes edge slopes. For deep feature extraction, the 

researchers use CNN as a feature extraction method. This image was passed through several layers 

of so-called hidden layers, and the researchers obtained useful data for the recognition stage by 

performing operations such as convolution and pooling on the image. Full pooling was used by 

the researchers because it decreases the dimension of the function vector and was also ideal for 

images with noise. There are four convolutional layers and four pooling layers in the network. The 

convolution and pooling layers' kernel sizes were set to three and two, respectively. Finally, the 

feature obtained from the previous pooling layer is fed to the flatten layer, which converts the 

feature into a one-dimensional vector. The researchers used Random Forest (RF) and Support 

Vector Machine (SVM) for recognition and classification. Several parameters were used to 

optimize the classification of the RF classifier. These parameters can be classified into two groups: 

those that help the model's ease of learning and those that lead to better prediction results. Finally, 

using SVM, the researchers were able to achieve accuracy of 72 %, 82 %, and 85 % on HOG, 

CNN, and combined features, respectively. Using random forest, the researchers were able to 

achieve 69%, 75%, and 77 % accuracy on HOG, CNN, and combined features, respectively. 

However, the drawback of this work is the researchers only consider the lip motion words not 

include other parts of the body. The research considers only some word recognition using only lip 

movement doesn't include numbers and letters. Also, some words are difficult to predict because 

some words have similar lip movements. 

In another work, Walelign and Yaregal used a convolutional neural network to recognize Ethiopian 

sign language based on hand movements and facial expressions [64]. It translates a sign word's 

gesture into the text that corresponds to it. The data was compiled by the researchers from 

volunteer sign language teachers and students at one primary school. The dataset was prepared 

with the help of seven signers, including five students and two teachers. For each signed word, 
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each signer was supposed to perform a sign ten times. For each signed term, 70 videos were 

recorded. The terms are divided into five groups by the researchers. Disgust, raised eyelids, 

happiness, neutrality, and sadness were among the categories. Following the collection of the data, 

the researchers used some preprocessing techniques. After the videos have been captured, the 

researchers must turn them into image frames. The researchers have a collection of frame 

sequences for each video at this stage, and they select appropriate frame images for the given sign 

while discarding meaningless images. The image was resized from 1080 x 1920 pixels to 

(128x128) pixels by the researchers. After the videos have been captured, the researchers must 

turn them into image frames. The researchers have a collection of frame sequences for each video 

at this stage, and they select appropriate frame images for the given sign while discarding 

meaningless images. The image was resized from 1080 x 1920 pixels to (128x128) pixels by the 

researchers. The researchers segment the hand and face sections of the image using a YCbCr skin 

color detection technique, then use the MTCNN (Multi-task Cascaded Convolutional Neural 

Network) algorithm to segment only the signer's face. The next stage after image segmentation 

was feature extraction. The researchers employed a convolutional neural network for feature 

extraction and categorization (CNN). In the training process of hand gesture recognition, there are 

18 convolutional layers. The first convolutional layer's input image was a segmented image with 

a scale of 128x128x3. For each convolution layer, three filters are used. The first convolution layer 

has 32 filters, the second has 64 filters, and the remaining convolution layers have 128 filters. At 

the convolutional layer, the researchers used filter sizes of 7x7, 5x5, 3x3, and 1x1. Throughout the 

model, the researchers used the ReLU activation mechanism in the activation layer. To minimize 

the size of the input volume, a pooling layer was added between successive convolutional layers 

after convolution. The researchers used a pooling size of 2 (2x2) to minimize the input volume's 

dimension by two. Before applying the Softmax classifier, only one linear or flattened layer was 

used to calculate the final output probabilities for each class. The dropout layer with p (dropping 

probability) = 0.25 was introduced immediately before the Softmax classifier by the researchers. 

Finally, using two modalities, the researchers' model achieved overall recognition accuracy of 

97.3% (i.e Hand gesture and facial expression). However, the drawback of this work was the 

researchers were only concerned with some Amharic words but the researchers didn’t consider 

Amharic letters and numbers. Also, their released work considers few words and tries to recognize 
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their feeling. In addition, those selected words were not used at school frequently. This student in 

each school starting learning sign language by identifying letters and numbers. Consequently, they 

proceed to learn words and make complete sentences. Thus, this study considers this real and 

natural process. Hence, this study developed a sign language recognition model considering words, 

letters, and numbers. 

In another work, Tefera & Yaregal proposed the recognition of Isolated Signs in Ethiopian Sign 

language [3]. Three signers were involved in the data collection. The input video was shot using a 

laptop webcam camera with 30 frames per second frame rate. The camera was placed in front of 

the signer and set to a static location. The signers wore long-sleeved shirts to assist with skin 

identification and segmentation of the hands and heads. Twenty-five signs were selected to 

participate in the study. Twenty of the signals were performed with one hand, while the remaining 

five are performed with two hands. The researchers chose the word because it is commonly used 

in the community. The device was put to the test using videos that were recorded for training 

purposes. The researchers used HIS model skin color detection used for hand and the head 

segment. The selected features extracted for each region which are segmented as body parts. The 

researchers select the features are area, centroid, bounding box, major axis, minor axis, 

eccentricity, orientation, perimeter. To represent the features of videos, the researchers created two 

parameter sets. The first one includes all eight characteristics (area, centroid, bounding box, major 

axis, minor axis, eccentricity, orientation, perimeter). The second includes only the most basic 

features (centroid, area, and orientation). Since the hands and head play such an important role in 

the signing process, they were segmented from other parts of the body based on the detected skin 

regions. The Hidden Markov Model was used by the researchers for training and recognition 

(HMM). The Baum Welch algorithm was used to train their Hidden Markov Model (HMM) model. 

Finally, the researchers obtained an overall accuracy of 86.9% using HMMs learned from eight 

features (i.e., Area, Centroid, Bounding Box, Major Axis, Minor Axis, Eccentricity, Orientation, 

and Perimeter), while they obtained an accuracy of 83.5 percent using only three simple features 

(i.e., Centroid, Area, and Orientation). However, the gap of this work is the researcher gives 

attention only to words without including numbers and the Amharic alphabet, so that the study 

couldn’t provide full translation functionality. Besides, the researchers used a static background 
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when capturing videos of the signers. Moreover, the signers wore long-sleeved clothes even if it 

is difficult to find the signers who wore similar long-sleeved clothes in the real world. Furthermore, 

the accuracy of the model is not enough, and the dataset that is used by the researcher is not 

sufficient. So, it is better to develop a letter level and numbers to narrow the communication gap 

between deaf and healthy people. 

3.3  Sign Language Recognition for non-Ethiopian Sign Language 

Shivashankara & Srinath proposed the video-based hand gestures of American Sign Language 

(ASL) into human and/or machine-readable English text using deep neural networks [65]. Initially, 

by fetching the input video gestures, the recognition process was carried out. The researchers 

gathered a total of 168 video gestures from 14 video hand gesture datasets of the 12 most widely 

used ASL video gestures, recorded from different resolution mobile cameras, such as 8 and 13 

MegaPixel (MP) mobile cameras, simple and complex backgrounds, Invariant place (indoor and 

outdoor), lighting (natural and artificial), signer (male and female), time (day and night) and 

distance (considered distances between 5 and 10 feet between the signer and camera). The first 

seven datasets were utilized for training, while the remaining seven datasets were used for testing. 

The researchers used the Gaussian Mixture Model (GMM) for the recognition method of the 

proposed algorithm, for context elimination and foreground detection. For better segmentation of 

the video gestures, simple preprocessing operations were used. The researchers used various 

feature extraction approaches such as Speed up Robust Information (SURF), Zernike Moment 

(ZM), Discrete Cosine Transform (DCT), Radon Features (RF), and R, G, B levels to extract hand 

features from frames of video motions. In the testing process, the stacked autoencoder neural 

network of DNN was used for the classification and recognition of video gestures. Finally, in the 

American Sign Language video hand gesture recognition (VHGR), an average recognition rate of 

96.43% was achieved. 

In another related work, Ali, Georgina, & Aboozar proposed an Indian sign language (ISL) 

recognition system using Gabor features [19]. The researchers use the texture features of the ISL 

to be evaluated. The Gabor filter's parameters, such as orientation and wavelength, were modified, 

and the resulting feature vector was fed into the classifier. The proposed method was implemented 
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using the Gabor filter for features extraction and Support vector machine (SVM) as the classifier. 

k-NN is also used for classification, and accuracy comparisons are made. For Indian Sign 

Language, a simple web camera with a resolution of 1280 x 720 pixels is used to build the database 

(ISL). There were 360 training photos total, with 100 for numbers and 260 for alphabets ISL were 

database was more complicated than that of other sign languages because it involves both hands. 

The code was implemented in Matlab. The original image was converted into the greyscale format 

and then the Gabor function is applied. The features of Gabor are further applied to SVM and k-

NN classifiers. The classifier's accuracy was calculated and compared. finally, the researcher's 

achieve texture features were evaluated and classified by SVM and k-NN. Wherewith k-NN 

94.90% accuracy is obtained and 97.69% with SVM. However, the gap of this work is the 

researcher used a small amount of dataset. 



 Chapter Three 

56 

 

Table 3. 1: Summary of related works analysis 

Research title Algorithms Limitations 

Ethiopian sign language 

recognition using Artificial Neural 

Network(Yonas & Kumudha, 2010) 

➢ Gabor Filter (GF) and Principal 

Component Analysis (PCA) for feature 

Extraction. 

➢ Artificial Neural Network for 

recognition 

➢ Recognize Ethiopian manual alphabets by using only the right 

hand's gestures of the signer 

➢ Used white gloves to minimize the complexity of segmentation 

due to the high variance of skin color among the signers 

➢ Detects only alphabets while ignoring numbers and words 

Recognition of isolated  

signs in Ethiopian sign  

language(Tefera & Yaregal ,2014) 

➢ Skin color detection algorithm for 

segmentation 

➢ Hidden Markov Model (HMM) for 

training and recognition 

➢ The researcher gives attention only for alphabets 

➢ The signers wore similar long-sleeved clothes 

➢ The accuracy of the model is not enough 

➢ Only three signers were involved 

Ethiopian Sign Language 

Recognition Based on Hand 

Gesture & Facial Expression using 

CNN (Walelign and  

Yaregal, 2019) 

➢ Convolutional neural network 

➢ Skin color detection algorithm for 

segmentation   

➢ Only concerned with some Amharic words 

➢ The researchers didn’t consider Amharic letters and numbers  

Developing Amharic Sign Language 

Recognition Model for Amharic 

Characters Using Deep Learning 

Approach(Isayas & Hussien, 2020) 

➢ R-CNN 

➢ Single-Shot Detector 

➢ The researcher selected from 34 Amharic alphabet letters the 

researchers selected only 10 letters.  

➢ does not work on image segmentation 

➢ The researchers didn’t consider Amharic words and numbers 

 

Isolated word-level Ethiopian sign 

language Recognition(Samuel &  

Million, 2013) 

 

➢ Principal Component Analysis for 

feature extraction 

➢ K-Nearest Neighbour (KNN) for 

classification 

 

➢ Recognize Ethiopian manual alphabets by using only the right 

hand's gestures of the signer 

➢ The accuracy of the model, as well as the dataset, is 

insufficient.  
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CHAPTER FOUR 

SYSTEM DESIGN 

In this chapter, the proposed model for automatic recognition of Ethiopian sign language is 

presented. It proceeds through video acquisition, preprocessing, and ROI segmentation, feature 

extraction, learning, and classification into predefined classes. The entire procedure is divided into 

two phases: training and testing. The learning model is built during the training phase, and it is 

evaluated during the testing phase. The proposed model is described in general terms in Section 

4.1. The following sections describe each step or activity of the proposed model for example, 

preprocessing, hand and face segmentation, feature extraction, feature learning, and classification. 

4.1  System Architecture 

The proposed system model is composed of five major processes: preprocessing, hand and face 

segmentation, feature extraction, feature learning, and classification. In the preprocessing phase, 

the input videos were converted to image frames and then the frame was resized to the standard 

size, and the existing noise is removed. In the hand and face segmentation, researchers extract the 

region of interest (hand and face part of the image) and remove the background. In the feature 

extraction phase, the characteristic features are extracted. Researchers then learn the distinguishing 

features in the feature learning phase by applying different operations such as convolution, 

pooling, activation layer, and fully connected layer. For feature learning, we have applied a 

convolutional neural network. In the classification phase, the researchers have applied 68-way 

Softmax to classify the given sign language into sixty-eight predefined classes. The proposed 

model, As clearly shown in Figure 4.1, encompasses two main phases: the training phase and the 

testing phase. The training phase is used to construct the learning model while the testing phase is 

used to evaluate the constructed model. For simplification, techniques that are used for model 

optimization are not included in the system architecture. These techniques such as batch 

normalization, stochastic gradient descent, data augmentation, dropout at early stages would be 

presented in the model optimization part (section 4.7). 
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Figure 4. 1: The proposed system architecture 
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4.2  Preprocessing 

Before the preprocessing stage, researchers acquire the input videos in a way that helps us to 

extract all the characteristic information. In addition, the researchers have used uniform lighting 

and equal distance between the signer and the camera. After acquiring the input videos, it will go 

to a series of steps for recognition of the sign language. The preprocessing phase encompasses 

three processes: frame extraction, frame or image resizing, and noise removal. 

4.2.1 Frame Extraction 

After eliciting the input videos, the first step is frame image extraction. There is enough sequence 

of frames in the input video. Then frame images are extracted since CNN works on image data 

type very well [66]. Among the extracted frame images, many meaningless images couldn’t reflect 

the meaning of that particular sign language (such as Amharic letters, Amharic words, or numbers). 

So that, the researchers remove those images by careful inspection under the guidance of the 

experts and/or the signers. The number of frames is calculated automatically as a function of the 

video's playtime. The algorithm for the video-to-frame image conversion is presented in Algorithm 

4.1. The result of the video to frame extraction algorithm is depicted in Figure 4.2 which illustrates 

the sign character “ሀ“. 

Algorithm 4.1: Video to frame conversion 

Input: sign language video v 

Output: frame images fi 

Begin: 

 read video  

 // frame numbers are used to name each frame image produced during the process 

 set current frame number to 0 

 While(true): 

    Convert video to frames 

    Write frame to memory or hard disk 

    Increment current frame number by 1 

    Return frames 

 End While; 

 End 
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Figure 4. 2: Video to Frame conversion of sign character “ሀ“ 

4.2.2 Image Resizing  

The next step in the preprocessing phase is image resizing while keeping the aspect ratio. The 

researchers convert the image into a standard size (128x128) to simplify the processing of sign 

language recognition. The original image size extracted from the input videos was 1920x1080. 

Processing this huge size image is computationally expensive and not used by state-of-the-art 

models (i.e. AlexNet, GoogLeNet, VGGNet, and ResNet) [67, 68]. For image resizing and 

conversion into a NumPy array that Keras can work with, OpenCV is used [69]. The image size 

(128x128) is selected to make the input layer divisible by two multiple times after doing 

convolution operation and applying pooling operation. This will enable the model via convolution 

and pooling operation to down-sample the image appropriately and efficiently. Image resizing and 

conversion into NumPy array conversion are presented in Algorithm 4.2. 

Input: a sample image I 

Output: resized image RI 

 Begin: 

 Read sample image I 

 Resize image I to (128, 128) and set it to RI 

 Return resized image RI 

 End 

Algorithm 4.2: Image resizing and conversion into NumPy array 
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4.2.3 Noise removal 

Noise removal is the next step in the preprocessing process. During the preprocessing phase, the 

researchers use a median filter to remove some noises that were counted as part of the image. Some 

minor components that are not part of the skin may be represented as skin color during skin color 

detection. This occurred as a result of lighting occurring at the time of hand movement. These 

components must be excluded from the detected parts. The usage of filtering is the first step in 

resolving this problem. The median filter is a nonlinear filter that is used to reduce impulsive noise 

from images. It's also a more reliable solution than typical linear filtering because it minimizes 

noise while preserving the sharp edge [9]. The median filter was chosen because of its ability to 

reduce noise while preserving edges. The median filter works in the local neighborhood after its 

size is determined. The center pixel is replaced by the median or the center value present among 

its neighbors rather than the average. Therefore, the median filter is excellent in removing isolated 

extreme noise pixels [70, 71, 72]. 

4.3  Hand and Face Segmentation 

The main intent of segmentation is to distinguish the ROI (hand and face part of the image) from 

the background. The characteristic features necessary for the recognition purpose are clustered in 

the ROI part of the image [50, 66]. Each Amharic letter, Amharic word, or the number of sign 

language is differentiated by the layout of the fingers. The layout includes translation, rotation, 

and position of each finger. Some signs are described directly in front of the signer's face. Hence, 

researchers have to segment or extract the hand and face parts of the image for this study. The 

researchers used the skin detection method since the common attribute of hand and face is skin. 

Moreover, in this study, a skin detection technique was applied to separate skin pixels from non-

skin pixels since skin color is not found in the other part of the image [73, 74]. In this study, we 

applied YCbCr skin color detection to segment the hand and face parts of the image. This technique 

is used to figure out only the skin color from the image. Because the experimental result shows 

that the YCbCr color space is effective for skin color segmentation and detection in color and RGB 

images, YCbCr is the best model for skin color segmentation among different skin color detection 
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techniques [73]. Hand and face segmentation using the YCbCr skin color detection algorithm is 

presented in Algorithm 4.3 below. 

Input: Sample Image I 

Output: Segmented Image 

Begin: 

 Load Image file 

 Resize Image into [128,128] 

 Convert IRGB into IYCbCr 

 Apply mask for IYCbCr in range (30,105,103), (215,150,172) 

 Apply morphological transformation on IYCbCr Image 

  For I in range (I. shape [0]) 

  For J in range (I.shape[1]) 

   If IYCbCr [I, J] differ from 0 

 Set I [I, J,0] to 0 

    Set I [I, J,1] to 0 

    Set I [I, J,2] to 0 

 Apply a series of erosion and dilation to the mask using an elliptical kernel 

    Return I Image 

   End If; 

  End For; 

 End For; 

End  

 Algorithm 4.3: Hand and face segmentation using YCbCr model 

 Figure 4.3 shows the results of hand and face segmentation using the YCbCr model. For the word 

“ሰልፍ” it is illustrated. 

 

Figure 4. 3: a) original image b) result from using YCbCr hand and face segmentation 
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4.4  Feature Extraction 

One of the most important operations in a sign language recognition system is feature extraction. 

It aids in the provision of critical features for the classifier. Features are image components that 

include critical information that can be used to represent the image [75]. Gabor filters have been 

used to extract features from images for several years [9]. We used Gabor filter-based features to 

determine the nature of gestures based on their pattern and orientation. The Gabor filter has the 

advantage of providing a significant variation between the characteristics of different classes, 

which reduces the chances of error when applied correctly in a classifier. Many sign languages 

have been developed to recognize sign language using the Gabor filter, with promising results [9, 

19, 76, 77, 78, 79, 80]. To recognize hand gestures, Gabor features are applied to depth images. 

Gabor filters can extract multi-orientation information from hand gesture images of various sizes. 

The image is passed through a series of Gabor Filters with various frequencies and orientations. 

Filter responses vary depending on the frequency and direction of the Gabor filter. These filter 

results are then fed into the CNN, which uses them to train the model and classify each sign into 

its appropriate text. 

Therefore, in this study, the researchers used a set of Gabor filters with 4 different frequencies and 

8 different orientations are applied to the image and select orientation angles in the range of 0 and 

Π are 0, Π/8, Π/3, Π/4, Π/2, 2Π/3, 3Π/4, and Π. Different frequencies are also selected in the range 

of 0 and 1these are 0.2, 0.4, 0.6, and 0.8. As a result, the image is represented by 32 Gabor filters. 

Using each Gabor filter, different image features at different locations, frequencies, and 

orientations are extracted by convolving the image with each different filter.  

Table 4. 1: List of parameters of Gabor filter with assigned value 

Parameter Symbol Value  

Orientation  Ѳ 0, Π/8, Π/3, Π/4, Π/2, 2Π/3, 3Π/4, Π 

Frequency  F 0.2, 0.4, 0.6, 0.8 

Sigma  Σ 4.5 

Aspect Ratio Γ 0.6 

Phase offset  Φ 0 

The algorithm used to generate filter responses from the segmented image is shown in the table b

elow. 
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 Inpout: Segment image 

Output: Image filtered by Gabor filter  

Begin: Set the value of kernel size initially to 15  

 Initialize an array to hold the filtered outputs. 

  For orientation angle in range of 0 and Π // increased by Π/8 //Π=180 degree 

   For frequency in range of 0 and 1 //increased by 0.2 

   Set the value of sigma=4.0 

   Set the value of lambda=8.0 

   Set the value of gamma = 1.5 

   Set the value of phase offset=0 

   Kernel=kernel / 1.5 * kernel. Sum() 

Kernel=getGaborKernel((k_size, k_size), sigma, orientation, frequency, gamma, phase 

offset)  

   Append the kernel value to the array //filtered output 

   Apply the filters list on the input image I 

   Return filtered image 

  End For; 

 End For 

End  

Algorithm 4.4: Gabor filter feature extraction 

The image was first scaled to 128 X 128 pixels and then segmented using the skin detection 

segmentation technique to obtain the filtered response using Gabor filter representation. The 

filtered response for a sample input image is shown in the table below by varying orientation angles 

and frequencies.  
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Table 4. 2: Sample output filtered images after applying Gabor filter 

Orientation (Ѳ) Segmented 

Image  

Π/2 Π/6 Π/4 2 Π/3 

Frequency (F) 0.2 0.6 0.4 0.2 

Filter results  

     

Orientation (Ѳ) 3Π/4 Π/2 2Π/3 Π/6 3Π/4 

Frequency (F) 0.4 0.6 0.8 0.4 0.8 

Filter results  

 

  

  

  

4.5  Feature Learning 

The major distinctive features are learned during the feature learning process. Feature learning 

involves different layers stacked on top of each other. The process of feature learning is done in 

both the training and testing phase. The main operations are convolution, pooling, activation, 

flattening, and neuron dropping out at the final stage before applying the Softmax classification. 

A description of the proposed system architecture is presented in Table 4.3 below. 
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Table 4. 3: Description of the proposed system architecture 

Type Filter size / stride Output size Params 

Convolution 1a 5 x 5 / 2 64 x 64 x 32 2.4K 

Convolution 1b 3 x 3 / 1 64 x 64 x 32 9.2K 

Convolution 2a 5 x 5 / 2 32 x 32 x 32 25.6K 

Convolution 2b 3 x 3 / 1 32 x 32 x 32 9.2K 

Maxpooling 1a 2 x 2 / 2 16 x 16 x 64  

Convolution 3a 3 x 3 / 1 16 x 16 x 64 18.5K 

Convolution 3b 3 x 3 / 1 16 x 16 x 64 36.9K 

Convolution 4a 3 x 3 / 1 16 x 16 x 64 36.9K 

Convolution 4b 3 x 3/ 1 16 x 16 x 64 36.9K 

Maxpooling 2a 2 x 2 / 2 8 x 8 x 64  

Convolution 5a 3 x 3/ 2 4 x 4 x 128 73.8K 

Convolution 5b 1 x 1/ 1 4 x 4 x 128 16.5K 

Convolution 6a 3 x 3/2 2 x 2 x 128 14.7K 

Convolution 6b 1 x 1/ 1 2 x 2 x 128 16.5K 

Average Pooling 2 x 2 / 1 1 x 1 x 128  

Dropout (40%)  1 x 1 x 512  

Softmax  1 x 1 x 60  

Total   532K 

4.5.1 Feature Learning for Training Phase 

In this study, the feature learning for the training phase encompasses 12 convolution operations, 

ReLU activation operations after each convolution operation, three pooling operations (two max-

pooling and one average pooling), one flattening layer, and one dropout layer stacked on top of 

each other for learning the most characteristic features. The layout of layers or operations is 

depicted in Figure 4.1 along with its description as presented in Table 4.3. The first 5x5 

convolution operation downsamples the input feature map by two since the researchers set the 

stride size two then a 3x3 convolution operation was applied. These two convolution operations 
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(5x5 and 3x3) are looped two times to learn more representative features. Following it, a 2x2 max 

pooling operation is applied for downsampling. After this, the researchers apply four 3x3 

convolution operations sequentially to learn and compose more representative features and then 

apply a 2x2 max pooling operation for downsampling. Then, a 3x3 convolution operation with a 

stride size of 2 is applied to learn the distinguishing features and to downsample. Following it, a 

1x1 convolution operation is applied. The researchers systematically 3x3 and apply a 1x1 

convolution size to learn features that may be missed by 3x3 and 5x5 convolution operations. 

These two convolution operations (3x3 and 1x1) are also done two times to compose more 

representative features. Ultimately, a 2x2 average pooling operation is applied.  

The researchers of this study applied average pooling to max-pooling operation since the most 

representative features are learned and composed now. Applying max-pooling at this stage will 

destruct the rich textural features learned during the whole process. However, applying average 

pooling maintains the representative features since the average of the data in the pooling window 

size is extracted rather than only the maximum one. Subsequently, a flattening operation is applied 

to flatten the dimension of the feature map, the result of which is used as input to the Softmax 

classifier. Following are the description of each operation or layer during the learning process. The 

algorithm for feature learning in the training phase is presented in Algorithm 4.5. 

In this study the researchers apply in the training phase includes 12 convolution operations. The 

first convolution layer receives a 128x128x3 segmented image. The stride size, number of filters, 

filter size, and zero padding parameters are all used in the convolution process. Two (2x2) and one 

stride sizes were used (1x1). Oftentimes, the researchers apply a filter size of one to preserve the 

dimension of the input feature. In our model, 32, 64, and 128 filters are applied. Only those number 

of filters are opted and applied after repetitive training of the model since only those combinations 

achieve higher accuracy of the model. Filter size of 5x5, 3x3, and 1x1 is applied at a single 

convolution operation. The last parameter is zero-padding, which is used to control the output size. 

If the stride size is one, researchers used same padding throughout the CNN architecture to make 

the output equal to the size of the input. 
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Activation operation: The researchers used the ReLU activation function throughout the model. 

The researchers chose the ReLU activation function because it is more efficient than other 

functions because it activates a smaller number of neurons at a time rather than all of them at once 

[57]. The ReLU activation function's output volume is always the same size as the input volume. 

If the values in the input layer are negative, the ReLU activation function returns zero; otherwise, 

it returns the current value. This activation function's primary goal is to introduce non-linearity or 

generate non-linear mappings from inputs to outputs. 

Pooling operation: The pooling operation is used to gradually reduce the input volume's width 

and height. The use of two parameters is required for pooling to work. The first is pool size, which 

determines the size of the window or block regions used for pooling. We use a pooling size of two 

(2x2) after four convolution layers because our input feature size is so large (128x128 pixels). In 

addition, a 2x2 pooling operation is applied to flatten the feature map at the final stage. The stride 

size is the second parameter, which determines how many pixels are skipped during the pooling 

operation. Each time the pooling operation is performed, a stride size of 2 (2x2) is used. The 

researchers have applied max pooling and average pooling after four consecutive convolution 

operations. Max pooling is applied at the top of the CNN architecture since the most characteristic 

features are not composed now. When the most distinguishing features are learned at the bottom 

of the CNN architecture, average pooling is applied. Average pooling reduces the distraction of 

the characteristic features than max pooling operation. Hence, average pooling is applied at the 

bottom of the CNN architecture. 

Flatten operation: In this research work, the final output probabilities for each class are computed 

using only one flatten or fully connected layer before being applied to the Softmax activation 

function. It contains 68 nodes, one for each of the target classes, which are applied directly to the 

Softmax activation function. To reduce overfitting, the flatten operation is followed by a dropout 

procedure. 

Dropout operation: the researchers apply randomly disconnecting the input from one layer to the 

next layer in the network architecture layer, it is possible to reduce overfitting. Random 

disconnection ensures that no single node is held accountable when a pattern is provided.  Multiple 
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overlapping nodes can be enabled when similar patterns (inputs) are provided, which also helps to 

generalize the model. In this phase, a dropping probability of 0.4 is applied immediately before 

the Softmax classification.  

Input: Preprocessed image I 

Output: Feature vector 

Begin:  

 Read the preprocessed image I; 

 // set number of filters K, filter size FS, stride size SS, zero-padding ZP, pool size PS, the 

 // Number of nodes NN, the number of classes NC, and dropout probability DP; 

 // Apply the first block of the convolution operation 

 For i = 0; i < 2; i++ 

  Apply convolution operation, Convolution (K, (5, 5), ZP, SS) 

  Apply activation function, ReLU on the output of the previous convolution operation 

  Apply convolution operation, Convolution (K, (3, 3), ZP, SS) 

  Apply activation function, ReLU on the output of the previous convolution operation 

 End For; 

 // Apply the first max-pooling operation 

 MaxPool (PS, SS) 

 // Apply the second block of the convolution operation 

  For i = 0; i < 2; i++ 

  Apply convolution operation, Convolution (K, (3, 3), ZP, SS) 

  Apply activation function, ReLU on the output of the previous convolution operation 

  Apply convolution operation, Convolution (K, (3, 3), ZP, SS) 

  Apply activation function, ReLU on the output of the previous convolution operation 

  End For; 

 // Apply the second max-pooling operation 
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 MaxPool (PS, SS) 

  For i = 0; i < 2; i++ 

   Apply convolution operation, Convolution (K, (3, 3), ZP, SS) 

   Apply activation function, ReLU on the output of the previous convolution operation 

   Apply convolution operation, Convolution (K, (1, 1), ZP, SS) 

   Apply activation function, ReLU on the output of the previous convolution operation 

  End For; 

 // Apply average pooling operation 

 AveragePool(PS, SS) 

 // Apply dropout operation 

 Dropout (P = 0.4)  

 Apply to flatten or fully connected layer, FC (C=68); // C is equal to the number of classes 

 Return the feature vector; // learned features 

End 

Algorithm 4.5: Feature learning algorithm in the training phase 

4.5.2 Feature Learning for Testing Phase 

This process will proceed in the same manner as the training phase. The main distinction points 

with the training phase are two. The first one is the input image is the unclassified or unlabeled 

image. The second is that the researcher applies a different dataset, called the testing dataset, which 

is completely different from the training dataset. However, researchers preprocess the image in the 

same way as in the training phase. The region of interest (ROI) part of the image is also must be 

segmented in the same way as in the training phase. Similarly, feature learning is also done in the 

same manner as in the training phase by using the learning model constructed from the training. 

4.6  Classification 

The Softmax classifier receives the output of the final flattening layer as input. For categorizing 

into a certain class, a 68-way Softmax classifier is utilized. The Softmax classifier in the training 

helps to construct the learning model, which is then used to recognize the given sign language, by 
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using training and testing of samples. By using the knowledge from the learning model, detect 

unseen samples into a specific or predefined class (ሀ, ለ, ሐ, መ, ሠ, ረ, ሰ, ሸ, ቀ, በ, ተ, ቸ, ኀ, ነ, ኘ, አ, ከ, ኸ, 

ወ, ዐ, ዘ, ዠ, የ, ደ, ጀ, ገ, ጠ, ጨ, ጰ, ጸ, ፀ, ፈ, ፐ, ቨ, መልመጃ, መምህር, ሰላም, ሰልፍ, ስም, ተቀመጡ, ተከታተሉ, 

አለቃ,አመመኝ,አመሰግናለሁ, አዎ, አይደለም, እረፍት, እስክሪብቶ, ዉጡ, ዉጤት, ደህናዋሉ, ገባችሁ, ግቡ, ጎበዝ, ጥያቄ, ፃፉ, 

ፈተና, ፍቃድ, ዜሮ, አንድ, ሁለት, ሶስት, አራት,አምስት, ስድስት, ሰባት, ስምንት, ዘጠኝ) 

4.7  Model Optimization 

Our focus is to optimize the learning model. Increasing the learning model may have one of the 

three meanings: increasing the accuracy of the learning model, decreasing the loss of the learning 

model, or reducing the overfitting of the learning model. In this phase, the researchers apply four 

techniques to improve the learning model constructed in the training phase: batch normalization, 

dropout with smaller value at initial stages, stochastic gradient descent optimization, and data 

augmentation. 

Batch normalization: it intends to reduce the number of epochs to train and stabilize the neural 

network while costing the training time of our network. Furthermore, it makes tuning and adjusting 

the learning rate and regularization less volatile  [16]. In this research work, the network in each 

epoch is trained with 208 (70% of the training dataset, 6656 divided by the batch size of 32) 

examples per mini-batch. By subtracting the batch mean (µβ) and dividing by the batch variance 

(σ2
β), batch normalization improves the stability of our network and normalizes the output of a 

prior activation layer. Each training mini-batch is normalized separately [16].  

Dropout with smaller value at early stages: It should be mentioned that dropout occurs towards 

the end of the training period, with a probability of 0.4. Dropout layers are applied with a lower 

probability, p = 0.1, after the activation layer and between four convolution layers at this time [16].  

Input: Preprocessed image I 

Output: Feature vector 

Begin:  

 Read the preprocessed image I; 

 // set number of filters K, filter size FS, stride size SS, zero-padding ZP, pool size PS, the 
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 // Number of nodes NN, the number of classes NC, and dropout probability DP; 

 // Apply the first block of the convolution operation 

 For i = 0; i < 2; i++ 

  Apply convolution operation, Convolution (K, (5, 5), ZP, SS) 

  Apply activation function, ReLU on the output of the previous convolution operation 

  Apply batch normalization on the activated output in the previous layer 

  Apply convolution operation, Convolution (K, (3, 3), ZP, SS) 

  Apply activation function, ReLU on the output of the previous convolution operation 

  Apply batch normalization on the activated output in the previous layer 

 End For; 

 // Apply the first max-pooling operation 

 MaxPool (PS, SS) 

 Apply dropout operation, Dropout (P=0.1) 

 // Apply the second block of the convolution operation 

 For i = 0; i < 2; i++ 

  Apply convolution operation, Convolution (K, (3, 3), ZP) 

  Apply activation function, ReLU on the output of the previous convolution operation 

  Apply batch normalization on the activated output in the previous layer 

  Apply convolution operation, Convolution (K, (3, 3), ZP) 

  Apply activation function, ReLU on the output of the previous convolution operation 

  Apply batch normalization on the activated output in the previous layer 

 End For; 

 // Apply the second max-pooling operation 

 MaxPool (PS, SS) 

 Apply dropout operation, Dropout (P=0.1) 

 Apply to flatten or fully connected layer, FC (C=68); // C is equal to the number of classes 

 Return the feature vector; // learned features 

End 

Algorithm 4. 6: Feature learning for model optimization 
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Data augmentation: the researchers apply the random modifications of the images in our dataset, 

such as translation, rotation, shearing, and resizing, are used to enhance the dataset's size. Because 

the input images are somewhat modified throughout the training phase, it improves testing 

accuracy while costing training accuracy. Since the model sees new, somewhat modified forms of 

the input image in the training phase, to avoid overfitting, data augmentation is used. It also makes 

it easier for the model to generalize to new input data. As a result, the network will be able to learn 

more robust characteristics. Data augmentation is a natural match because real-world data often 

contains some noise. Algorithm 4.7 describes the data augmentation algorithm, and Figure 4.4 

depicts the result. 

Input: input image I 

Output: augmented image augI 

Begin:  

 // initialize rotation range (RR), width shift range (WSR), height shift range (HSR), shear 

  Range (SR), and zoom range (ZR) 

  Set RR to 0.2, WSH to 0.1, HSR to 0.1, SR to 0.2, ZR to 0.1 

 // set horizontal flip (HF) true  

  Set HF to true 

 // generate images by applying the aforementioned attributes 

  Set augI to ImageDataGenerator (RR, WSR, HSR, SR, ZR, HF) 

  return augI 

End 

       Algorithm 4. 7: Data augmentation 

 

  
 

   
Original Image  Augmentation sample result 

Figure 4. 4: Data augmentation effect 
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Stochastic gradient descent optimization: in our case, a smaller or decaying learning rate (η) is 

used to reduce the weight update. Overfitting can be reduced by slowing down the learning rate. 

Each time the network is trained, the initial learning rate (1e-3) is divided by the number of epochs 

(1-50). While researchers run through the training example and encounter the training example, 

the parameters are updated based on the error for a single training example in stochastic gradient 

descent. Samples are selected randomly from the training data in each run to update parameters 

during optimization. To accelerate the gradient descent and reduce the oscillation, researchers set 

the momentum to 0.9 [68]. This process is presented in Algorithm 4.7. 

Input: learning rate, number of epochs, momentum 

Output: stochastic gradient descent optimization 

Begin: 

 // Initialize learning rate LR, and number of epochs EPOCHS, and momentum 

   Set LR to 0.001, EPOCHS to 50, momentum to 0.9; 

 // calculate the learning rate decay, decay 

   Calculate decay as the ration of learning rate and epochs; // LR / EPOCHS 

 // opt and apply optimization algorithm, in our case, SGD 

   Set opt to SGD (LR, decay, momentum) 

   Return opt 

End 

Algorithm 4.8: Stochastic gradient descent optimization 

4.8  Summary 

The proposed convolutional neural network architecture for Ethiopian sign language recognition 

is thoroughly presented in this chapter. Preprocessing, hand and face segmentation, feature 

extraction, feature learning, and classification are all detailed descriptions of the system's 

components. Furthermore, the effects of techniques like batch normalization, data augmentation, 

early dropout, and stochastic gradient descent on the proposed model are explained. The entire 

procedure is divided into two stages: training and testing. The learning model is built during the 

training phase, and the learning model is evaluated during the testing phase. 
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CHAPTER FIVE 

 EXPERIMENT AND EVALUATION 

This chapter, explains the experimental evaluation of the proposed model for Ethiopian sign 

language recognition. Experiments to determine the efficacy of our proposed method are detailed. 

The dataset used to train and test the proposed model, the implementation methods used, and the 

proposed model's implementation are all discussed. Furthermore, the test results are thoroughly 

explained, along with a discussion. Finally, the proposed model is assessed by comparing it to 

other models in the field (AlexNet, and GooGleNet). 

5.1  Dataset 

The researchers collect the datasets to train and test the proposed model because there isn't one 

available for this type of research. For this study, the researchers used datasets from one Debre 

Berhan primary school, Atse Zerayakob primary school, which involves volunteer sign language 

teachers and students. The datasets were prepared with the help of three students and three 

teachers. For each signed Amharic word, Amharic letter, and number, each signer is supposed to 

perform the sign five times. Each signed Amharic word, Amharic letter, and number were captured 

in 360 videos, which were then translated into frame images. Samsung Galaxy A30 mobile phone 

with a triple camera and 1920x1080 pixel full HD is used as a video recorder. The video format is 

MP4 and its frame is 30 frames per second. and the JPG formatted converted frame images are 

resized to 128x128 pixels. Videos are shot in the same lighting conditions and with the same 

background. Researchers use a selfie stick fixer to keep the camera in a stable position while 

recording video to reduce noise. 

The collected datasets, all basic Amharic letters (34 in number), numbers from 0 up to 9, and select 

the most frequent words in school are selected by experts (sign language teachers) 24 words have 

been chosen to be part of the research. To select the word first the experts (sign language teachers) 

more than 100 more frequently words in school daily activity are selected. From those selected 

words the experts separate the words into two: isolated words and continuous words. In this 
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research, we are concern with isolated words. So, the experts selected around 45 isolated words. 

Finally, from that 45 isolated words, the experts selected 24 most frequent words in the daily 

activity of the student in the school are selected the words. For each words, number and letter we 

have used around 145 images for each class. Totally 9,514 image frames are used for this research. 

The selected Amharic letters, words, and numbers are shown in table 5.1, 5.2, and,5.3 respectively. 

Table 5. 1: Selected Amharic letters for preparing the dataset 

Serial No. Ethiopian Alphabets 

1.  ሀ 

2.  ለ 

3.  ሐ 

4.  መ 

5.  ሠ 

6.  ረ 

7.  ሰ 

8.  ሸ 

9.  ቀ 

10.  በ 

11.  ተ 

12.  ቸ 

13.  ኀ 

14.  ነ 

15.  ኘ  

16.  አ 

17.  ከ 

18.  ኸ 

19.  ወ 

20.  ዐ 

21.  ዘ 

22.  ዠ 

23.  የ 

24.  ደ 

25.  ጀ 

26.  ገ 

27.  ጠ 
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28.  ጨ 

29.  ጰ 

30.  ጸ 

31.  ፀ 

32.  ፈ 

33.  ፐ 

34.  ቨ 

 

           Table 5. 2: Selected Amharic words for preparing the datasets 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Serial 

No. 

Amharic 

Words  

English  

1.  መልመጃ Exercise 

2.  መምህር Teachers 

3.  ሰላም Peace 

2.  ሰልፍ Procession 

3.  ስም Name 

4.  ተቀመጡ Sitdown 

5.  ተከታተሉ Follow 

6.  አለቃ Chief 

7.  አመመኝ Sick 

8.  አመሰግናለሁ Thank you 

9.  አዎ Yes 

10.  አይደለም No 

11.  እረፍት Rest 

12.  እስክሪብቶ Pen 

13.  ዉጡ Out 

14.  ዉጤት Result 

15.  ደህናዋሉ Have Niceday 

16.  ገባችሁ Clear 

17.  ግቡ Get in  

18.  ጎበዝ Clever 

19.  ጥያቄ Question 

20.  ፃፉ Write 

21.  ፈተና Exam 

22.  ፍቃድ Permission 
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Table 5. 3: Selected Numbers for preparing the dataset 

 

 

 

 

 

 

 

 

 

 

5.2  Implementation 

Experiments are conducted using a prototype built with Keras (with TensorFlow as a backend) on 

a Google Colab with 12 GB RAM. The model is trained for 50 epochs with a batch size of 32 and 

an initial learning rate of 0.001 with an epoch number decaying factor. The datasets is divided into 

training and test datasets, 70% of the datasets is allocated for training for model training and 30% 

of the datasets is allocated for testing the model.  

5.3  Test Result 

Precision, recall, and the f1-score were used by the researchers to assess our model's performance. 

In addition, the micro-average, macro-average, and weighted average have all been calculated. 

Our model, the sign language recognition network model (SLRNet) is tested during the testing 

phase and by applying model optimization techniques. In addition, the researchers demonstrate the 

model's performance when segmentation and the Gabor filter are used. 

The following table shows the performance of SLRNet in different settings and its comparison 

with state-of-the-art models. The following table 5.4 shows the performance of SLRNet in 

different settings and its comparison with state-of-the-art models. The table also summarizes the 

proposed model's outcomes by comparing SLRNet's performance to those of AlexNet and 

Serial 

No. 

Amharic 

Numbers  

English  

1.  ዜሮ Zero 

2.  አንድ One 

3.  ሁለት Two 

4.  ሶስት Three 

5.  አራት Four 

6.  አምስት Five 

7.  ስድስት Six 

8.  ሰባት Seven 

9.  ስምንት Eight 

10.  ዘጠኝ Nine 



Experiment and Evaluation  

79 

 

GoogLeNet in various testing conditions. Finally, the best result is displayed in bold (SLRNet with 

both segmentation and Gabor filter applied). 

Table 5. 4: Results of SLRNet and state-of-the-art models 

Model 

Accuracy Processing 

Time (in 

HRs) 
Training  Testing  

 

 

SLRNet 

 

During training phase 85% 83.3% 3.19 

During model optimization 89% 88.87% 3.1 

While applying segmentation 93% 92.83% 3.08 

While applying Gabor filter 96% 95.52% 3.93 

While applying Both segmentation and Gabor filter 97% 96.82% 2.91 

AlexNet 94 93.87 4.58 

GoogLeNet 93 92.41 5.48 

 

5.4  Discussion 

The performance of SLRNet in the training and model optimization phase is thoroughly discussed. 

In addition, the performance of state-of-the-art models is evaluated. Following is a discussion of 

each sub-topic. 

5.4.1 SLRNet during Training Phase 

The proposed model, SLRNet obtains a training accuracy of 85% and testing accuracy of 83.3% 

as clearly depicted in Figure 5.2. This classification accuracy of SLRNet is obtained when it is 

trained with a stack of convolution, activation, pooling, and fully connected layers. The total time 

spent on the classification of sign languages (time for importing necessary modules, loading and 
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reading images from Google drive, load, train and test the model) taken for classification of sign 

languages at this phase is around 3.19 hours, taking on average 230 seconds per epoch. 

 It is also shown that the training and validation accuracy increases nearly linearly as we go from 

epoch 1 to the last epoch. Training accuracy is, however, more stable than validation accuracy. As 

shown in Figure 5.1, validation accuracy is down the training accuracy. Besides, the training loss 

and testing loss decreases as we go from epoch 1 to the last epoch. Training loss decreases rapidly 

and constantly throughout the curve. The validation loss, however, oscillates too much throughout 

the curve. It never becomes stable while keeping the oscillation gap too high. This indicates the 

existence of overfitting in the model. 

 

 

 

 

 

Figure 5. 1: Training loss and accuracy curve of SLRNet during training phase 
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   Figure 5. 2: Classification accuracy of SLRNet during the training phase 

5.4.2 SLRNet during Optimization 

The proposed model, SLRNet obtains a training accuracy of 89% and a testing or validation 

accuracy of 88.87% as clearly depicted in Figure 5.4. This improvement is due to the application 

of model optimization techniques such as data augmentation, stochastic gradient descent 

optimization, dropout at early stages, and batch normalization. The total time spent on the 

classification of sign languages (time for importing necessary modules, loading and reading 

images from Google drive, augmenting loaded images, loading, training, and testing the model) 

taken for classification of sign languages at this phase is around 3.08 hours, taking on average 222 

seconds per epoch. 

 The training and validation accuracy increase nearly linearly from epoch 1 to the last epoch, as 

shown in Figure 5.3. Despite the fact that the training accuracy curve is more stable than the 

validation accuracy curve, it is less accurate throughout the curve. Furthermore, throughout the 

curve, validation and training accuracy are neck and neck. In addition, as we progress from epoch 

1 to the last epoch, the training and validation losses decrease. Validation loss decreases rapidly 
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while training loss decreases nearly linearly. The validation loss, on the other hand, has a lot of 

ups and downs, keeping the gap wide. 

 

Figure 5. 3: Training loss and accuracy curve of SLRNet during optimization 
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       Figure 5. 4: Classification accuracy of SLRNet during optimization 

5.4.3 SLRNet while Applying Segmentation 

The proposed model, SLRNet obtains a training accuracy of 93% and a testing or validation 

accuracy of 92.83% as clearly indicated in Figure 5.6. The optimized model improves by 4% after 

segmentation. As a result, segmentation is critical to the model's achievement. The total time spent 

on the classification of sign languages (time for importing necessary modules, loading and reading 

segmented images from Google drive, augmenting loaded images, loading, training, and testing 

the model) taken for classification of sign languages at this phase is around 3.05 hours, taking on 

average 220 seconds per epoch. 

As shown in Figure 5.5, as we progress from epoch 1 to the last epoch, training accuracy increases 

linearly and is often greater than validation accuracy. The validation accuracy is also more 

consistent in this case than in the previous two. Furthermore, the oscillation range is too small. 

Additionally, as we progress from epoch 1 to the last epoch, the training and validation losses 

decrease. The validation loss, on the other hand, oscillates a lot and never becomes stable. 

However, oscillation occurs only in the validation loss this time. As a result, overfitting does not 
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occur between training accuracy and training loss, but it does occur between training loss and 

validation loss. Therefore, applying segmentation improves the accuracy of the model and reduces 

overfitting. 

 

 

 

 

 

 

 

Figure 5. 5: Training loss and accuracy curve of SLRNet while applying segmentation 
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          Figure 5. 6: Classification accuracy of SLRNet while applying segmentation 

5.4.4 SLRNet while Applying Gabor filter 

The proposed model, SLRNet obtains 96% training accuracy and 95.52 testing accuracy as clearly 

depicted in Figure 5.8. Application of Gabor filter shows an 3% improvement from the 

segmentation phase and 7% improvement from the optimized model. At this stage, the total time 

spent on the classification of sign languages (including time spent importing necessary modules, 

loading, augmenting loaded images, loading, training, and testing the model) is around 2.93 hours, 

with an average epoch time of 211 seconds. 

Training accuracy rises linearly from epoch 1 to the last epoch, as shown in Figure 5.7, and is 

frequently greater than validation accuracy. Validation accuracy has also improved, especially 

after epoch 35. As we progress from the first to the last epoch, the validation loss decreases 

exponentially. The validation loss, on the other hand, fluctuates a lot and never stays put. This 

time, it is the only one that oscillates. Overfitting does not occur between training accuracy and 

training loss as a result, but it does occur between training loss and validation loss. As a result, 

applying the Gabor filter to a model improves its accuracy while reducing overfitting. 
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Figure 5. 7: Training loss and accuracy curve of SLRNet while applying Gabor filter 
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Figure 5. 8: Classification accuracy of SLRNet while applying Gabor filter 

5.4.5 SLRNet while applying both Gabor and Segmentation 

The proposed model, SLRNet obtains 97% training accuracy and 96.82% testing accuracy as 

clearly indicated in Figure 5.10. The optimized model improves by 9% when the Gabor filter is 

applied to the segmented images. At this stage, the total time spent on classification of sign 

languages (time spent importing necessary modules, loading and reading segmented images from 

Google Drive, augmenting loaded images, loading, training, and testing the model) is around 2.91 

hours, with an average epoch time of 210 seconds. 

As shown in Figure 5.9, training accuracy increases linearly from epoch 1 to the last epoch and is 

frequently greater than validation accuracy. The accuracy of validation is also more consistent, 

especially after epoch 20. After epoch 30, the validation loss is constantly decreasing. The 

validation loss, on the other hand, does not oscillate from the first to the last epoch. Overfitting 

does not occur between training accuracy and training loss as a result, but it does occur between 

training loss and validation loss. As a result, applying the Gabor filter to a segmented image 

improves model accuracy while also lowering overfitting. 
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    Figure 5. 9: Training loss and accuracy curve of SLRNet on applying segmentation and Gabor 

 

 

 

 



Experiment and Evaluation  

93 

 

 



 Chapter Five 

94 

 

 

 Figure 5. 10: Classification accuracy of SLRNet while applying Gabor filter applying 

segmentation and Gabor 

5.5  Evaluation of the Proposed Model 

The performance of the proposed model is evaluated by comparing it with state-of-the-art model, 

which have higher acceptance throughout the world since they won ImageNet Large Scale Visual 

Recognition Challenge [ILSVRC). We have tested AlexNet and GoogLeNet to compare its 

performance with our model SLRNet. We have selected these two models because they won 

ILSVRC in different years with higher degree of recognition accuracy. We have implemented the 

selected models by using the described architecture published on journals [62, 67]. We have 

trained and tested these two state-of-the-art models using our own dataset. To compare the 

performance of our model SLRNet, the experiment is conducted with the same dataset, simulation 

environment, and number of epochs. In terms of training accuracy, testing accuracy, training and 

testing loss, time taken to train the model, number of parameters, and model size, we compared 

the performance of our proposed SLRNet model to that of each state-of-the-art model. 
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Comparison with AlexNet Model 

The researchers used our own dataset to train and test the AlexNet model, which is similar to our 

proposed model SLRNet. As shown in Figure 5.11, AlexNet achieves 94% training accuracy and 

93.87% testing accuracy. When the model is trained using the same settings as our SLRNet model, 

it achieves this classification accuracy. It has a 3 percent lower accuracy than our SLRNet model, 

which achieves 97 percent training and 96.82 percent testing accuracy. The model was trained in 

a total of 4.58 hours, with each epoch taking an average of 329.76 seconds. 

  As the number of epochs increases linearly up to the last epoch, the training and validation 

accuracy improves. After epoch 20 the accuracy of the training and validation accuracy increase. 

But the training loss not constant, it is oscillating in each epoch, but the training loss constantly 

decrease from epoch 1 up to the last epoch.  

 

           

 

 

                        

Figure 5.11 Training loss and accuracy curve of AlexNet Model 
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Figure 5. 11: Classification accuracy of AlexNet while applying Gabor filter applying 

segmentation and Gabor 

5.5.1 Comparison with GoogLeNet Model 

Figure 5.14 shows that the GoogleNet model achieves 93% training accuracy and 92.41%  testing 

accuracy. This classification accuracy is achieved when the model is trained with the same settings 

as our SLRNet model. Our SLRNet model, which achieves 97 percent training and 96.82 percent 

testing accuracy, has a 4 percent lower accuracy. The model took 5.48 hours to train in total, with 

an average of 394.56 seconds spent on each epoch. 

The GoogLeNet model's training loss and accuracy curve is shown in Figure 5.13 below. The 

curve shows that as the number of epochs increases up to epoch 25, the model's training and 

validation accuracy increases linearly. Up to epoch 30, the validation loss increases, but after epoch 

35, it decreases until the last epoch. From the first to the last epoch, the training loss decreases. 

From the first epoch to the last epoch, the training and validation accuracy improves. 
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Figure 5. 12: Training loss and accuracy curve of GoogLeNet model 
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 Figure 5. 13: Classification accuracy of GoogLeN while applying Gabr filter applying 

segmentaon and Gabr 

5.6  Summary 

An experimental evaluation of the proposed model for Ethiopian sign language recognition is 

described in this chapter. The dataset that was used and how the proposed model was implemented 

are both detailed descriptions. Furthermore, the test results are presented and compared to current 

state-of-the-art models. In terms of classification accuracy, SLRNet outperforms AlexNet and 

GoogLeNet. It was also trained faster and weighs less than the other two models. The model took 

a random sample from our datasets, the datasets changes at each evaluation step, and the validation 

loss changes as well. Each epoch has 208 iterations (70 percent of the training dataset, 6656 divided 

by the batch size, 32).
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CHAPTER SIX 

 CONCLUSION AND RECOMMENDATIONS 

6.1  Conclusion 

Sign language is the only way to communicate with the deaf each other and with hearing peoples. 

Normal individuals, on the other hand, do not understand sign language. As a result, hearing-

impaired people are unable to communicate with normal individuals in their daily lives. As a result, 

there is a communication barrier between the deaf population and the wider community. Hearing-

impaired people's lives are made difficult by this gap. Local research initiatives to bridge the gap 

between those people are beneficial. This research is part of an effort to solve the problem of 

hearing-impaired people communicating with hearing people. 

Deep learning has been recently identified as a major advancement in the area of sign language 

recognition. The strength of deep learning systems comes from the capability of automatically 

learning features from raw data, and classifying and/or recognizing data with better accuracy than 

other machine learning algorithms. In our research, we proposed a deep learning architecture called 

SLRNet that recognizes Ethiopian sign languages with better performance. 

To optimize the model the researchers, apply four techniques to improve the learning model and 

to reduce the overfitting and the underfitting problem of the model. So, those techniques are batch 

normalization, dropout with smaller value at initial stages, data augmentation, and stochastic 

gradient descent. From the result of the experiment indicate the optimization techniques very 

important to increase the accuracy of the model and reduce the overfitting and the underfitting 

problem. 

In this research we have used segmentation by using Ycbcr skin color detection. The segmentation 

improves our model. Hence, applying segmentation is vital for the performance of the model to 

increase the accuracy and to reduce the overfitting and underfitting. We used the Gabor filter to 

extract features. Also, the Gabor filter is vital for the performance of the model to increase the 

accuracy. 
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The significance of the developed system will bring change in the progress of recognition in terms 

of accuracy. The system has learned 97% training accuracy and 96.82% testing accuracy in 

recognition of Amharic letters, Amharic words, and numbers sign of Ethiopian sign language. 

6.2  Contribution 

The proposed convolutional neural network provides a systematic approach for recognizing 

Ethiopian sign languages. The proposed CNN model, SLRNet, train faster and classify more 

accurately than state-of-the-art models such as AlexNet and GoogLeNet. In this thesis work, 

therefore, the researchers have made the following contributions. 

➢ We proposed system architecture for the recognition of Amharic letters, Amharic words 

and numbers sign to text for Ethiopian sign language. 

➢ Performance enhancement: the proposed CNN model, SLRNet, achieves higher 

accuracy while keeping the amount of training time and the number of parameters to be 

learned much lower. In terms of time, it improves AlexNet and GoogLeNet model by 

around 3 hours and 4 hours. In terms of the number of parameters learned, SLRNet is 

required to learn nearly 0.5 million parameters while AlexNet is required to learn above 58 

million parameters and GoogLeNet is required to learn above 6 million parameters. In 

terms of recognition accuracy, SLRNet improves AlexNet and GoogLeNet recognition 

accuracy by 3% and 4% respectively. Generally, SLRNet learns 120x fewer parameters 

than AlexNet and 12x fewer parameters than GoogLeNet, while being more accurate. The 

smaller size of SLRNet makes it more efficient in the use of scarce computational 

resources such as memory and processor. 

➢ Segmentation: a YCbCr segmentation algorithm is proposed to segment the ROI part of 

the image so that researchers focus on the most characteristic features of a letter, word, or 

number image. The yellow, blue, and red colors of the algorithm are set by careful 

inspection of the result or the ROI part of the image. Hence, our contribution, in this case, 

is the setting of colors that most fit most images of our dataset. 

➢ Classification framework combining Gabor filtering and CNN for the recognizing of 

Ethiopian sign language. 
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6.3  Future Work 

In this research work, the researchers achieved a result in recognizing Amharic words, Amharic 

letters, and numbers Signs in Ethiopian Sign Language. But some gaps should be filled in future 

researches. Since this research cannot be used as a complete Ethiopian sign language translation 

system. Based on the research and research results, the following suggestions are made for future 

research work: 

➢ Our work presented one-way communication which means it only translates the sign to 

text. Therefore, researchers suggested that other researchers will design the system which 

should work like two-way communication to translate sign to text and vice versa. 

➢ The researchers used a uniform background (nearly black color) while researchers captured 

videos of the signs. However, in the real world, researchers are not able to find such 

uniform background. Therefore, future local researchers should consider complex 

backgrounds on videos and images of signs. 

➢ In this research work, we have done recognition at word-level, numbers from 0-9, and first 

letters of Amharic alphabets. Hence, we suggest other researchers to extend our work to 

sentence level, other alphabets, and other numbers.
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APPENDIX A: SAMPLE SOURCE CODE FOR SLRNET MODEL  

import matplotlib 

matplotlib.use("Agg") 

# import the necessary packages 

from keras.preprocessing.image import ImageDataGenerator 

from keras.optimizers import SGD 

from keras.preprocessing.image import img_to_array 

from sklearn.preprocessing import LabelBinarizer 

from sklearn.model_selection import train_test_split 

import matplotlib.pyplot as plt 

from imutils import paths 

import numpy as np 

import argparse 

import random 

import pickle 

import cv2 

import os 

from keras.models import Sequential 

from keras.layers.normalization import BatchNormalization 

from keras.layers.convolutional import Conv2D 

from keras.layers.convolutional import MaxPooling2D 

from keras.layers.convolutional import AveragePooling2D 

from keras.layers.core import Activation 

from keras.layers.core import Flatten 

from keras.layers.core import Dropout 

from keras.layers.core import Dense 

 

class SLRNet: 

 @staticmethod 

 def build(width, height, depth, classes): 

 # initialize the model along with the input shape to be 

 # "channels last" and the channels dimension itself 

 model = Sequential() 

 inputShape = (height, width, depth) 

 chanDim = -1 

 

 # if we are using "channels first", update the input shape 

 # and channels dimension 

 if K.image_data_format() == "channels_first": 

 inputShape = (depth, height, width) 

 chanDim = 1 
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 # (CONV => RELU => CONV => RELU ) * 2 => POOL 

 model.add(Conv2D(32, (5, 5), padding="same", strides=(2,2), 

 input_shape=inputShape)) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim))  

 model.add(Conv2D(32, (3, 3), padding="same")) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 #model.add(MaxPooling2D(pool_size=(3, 3))) 

  

 model.add(Conv2D(32, (5, 5), padding="same", strides=(2,2))) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(Conv2D(32, (3, 3), padding="same")) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(MaxPooling2D(pool_size=(2, 2), strides=(2,2))) 

 model.add(Dropout(0.1)) 

 

 # (CONV => RELU => CONV => RELU) * 2 => POOL 

 model.add(Conv2D(64, (3, 3), padding="same")) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(Conv2D(64, (3, 3), padding="same")) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 #model.add(MaxPooling2D(pool_size=(2, 2))) 

  

 model.add(Conv2D(64, (3, 3), padding="same")) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(Conv2D(64, (3, 3), padding="same")) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(MaxPooling2D(pool_size=(2, 2), strides=(2,2))) 

 model.add(Dropout(0.1)) 

 # (CONV => RELU => CONV => RELU) * 2 => POOL 

 model.add(Conv2D(128, (3, 3), padding="same", strides=(2,2))) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(Conv2D(128, (1, 1), padding="same")) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 



Appendix  

113 

 

 #model.add(MaxPooling2D(pool_size=(2, 2))) 

 

 model.add(Conv2D(128, (3, 3), padding="same", strides=(2,2))) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(Conv2D(128, (1, 1), padding="same")) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(AveragePooling2D(pool_size=(2, 2))) 

 model.add(Dropout(0.1)) 

  

 # first (and only) set of FC => RELU layers 

 model.add(Flatten()) 

 model.add(Dense(512)) 

 model.add(Activation("relu")) 

 model.add(BatchNormalization(axis=chanDim)) 

 model.add(Dropout(0.4)) 

 

 # softmax classifier 

 model.add(Dense(classes)) 

 model.add(Activation("softmax")) 

 

 # return the constructed network architecture 

 return model 

 


