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ABSTRACT 

Optical Character Recognition (OCR) is an area of research and development where a 

system is made to recognize document images. Cultural considerations and enormous flood of 

documents motivated the development of OCR across the world. Unlike other scripts, OCR 

development for Amharic characters has been started recently at SISA. Some developments 

have been made in recognizing specific font styles, font sizes, and fOllt types. But, as the font 

style, size or type changes the recognition accuracy fa lls dowll. 

The purpose of this study is, therefore, to explore the possibilities of developing a versatile 

OCR system that is independent of sizes of Amharic characters. To this end, different 

preprocessing techniques and pattern recognition techniques have been reviewed. Since the 

segmentation algorithm that was used by previous studies in the area works well, it is 

incorporated in this study with some modifications. Template matching, statistical, 

syntactic/structural, and neural network approaches are found to be the most commonly used 

pattern recognition techniques and the pros and cons of each technique is reviewed. To take 

their advantage, a hybrid system of syntactic/structural and neural network approaches is 

implemented. 

Syntactic/structural approach enables the developed OCR system to extract primitive 

structures of characters and generate a unique pattern for each character to be used by the 

neural network. The neural network enables the developed OCR system to classify/recognize 

the patterns generated and it can also predict for new cases. The network takes the output of 

the syntactic/structural approach as an input. With this procedure, the neural network is 

trained with VG2000 Agazian font of sizes J 0 and J 2. The pel/ormance of the developed 

IX 



system is tested with documents written using VG2000 Agazianfont of sizes 8, 12, and 14. Th e 

results showed that, with minor differences, the developed OCR system classifies/recognizes 

the test cases of different font sizes with more or less the same level of accuracy. Based on the 

results, further research areas are a/so recommended. 
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1.1. BACKGROUND 

CHAPTER ONE 

INTRODUCTION 

Optical Character Recognition (OCR) is a process that allows printed (type written, printout 

as well as handwritten) text to be recognized optically and converted in to machine-readable 

code that can be accepted by a computer for further processing. Technically, OCR comprises 

procedures such as scarUling documents by scarming devices (handheld or flatbed scarUler), 

segmenting each character in the scarmed document, extracting features of a character (which 

may help to differentiate the character from others) , and match these features to the ones 

already stored to identify the character (Genovese, 1970; Gray, 1977). 

The identified/recognized results are then electronically transferred into the domain that uses 

them directly for further processing or it can be placed directly into other programs such as 

spreadsheets, databases and word processors. 

The text input is captured either online (at the time of writing) or offline (from documents 

after the writing is completed). Each character is recognized as it is being written in the 

online case and the preferred input device for this process is an electronic tablet with a stylus 

pen (Negussie, 2000). Online recognition uses dynamic writing information: the number of 

strokes, the order of strokes, and the direction of stroke creation in order to extract and 

identify the strokes of each character. Offline data capturing is usually performed by optical 

scarUling. And an optical image scanner is often used to convert the image of writing in to a 

bit pattem. The result will be stored in a fil e of picture elements called pixels. These pixels 



have values OFF (0) or ON (1) for binary images. At a typical sampling resolution of 300 dpi 

(dots per inch), an 8.5 by II inch page would yield an image of 2550 x 3300 pixels. This 

image takes up to 8.4 Megabits of memory (Negussie, 2000; Dereje, 1999). 

Investigation into the techniques of OCR statied relatively early in the field of pattem 

recognition. It dates back almost to thai of the history of computer (Simon, 1992). The 

concept was introduced and got recogn ition after Taushbeck and Handel obtained a patent on 

OCR in 1929 in Germany and in 1933 in the US respectively (Mori el ai., 1992). During the 

early days of OCR, standards that aimed at standardizing the character set, the type of paper 

used, the ink and character positions were developed to help guide automatic document 

processing. Despite this effort, the idea of a machine that reads characters and numerals 

remained a dream until the 1950s (Mori el ai., 1992). 

Modern OCR technology is said to have been born in 1951 with the invention of 

GISMO - A Robot Reader Writer (Srihari & Lam, 1996). The technology since its conception 

has shown development despite its focus on limited language characters and much effoli was 

vested on the recognition of typed and machine printed characters. Despite the challenge, 

there has been strong market demand for OCR products (Mori el ai., 1992). In response to the 

demand, a lot of successes have been reported in the area since the 1950s and hundreds of 

OCR systems are commercially available today. Furthernlore, unlike the early times, when 

OCR systems were considered exotic and futuristic being used only by govemment agencies 

and large corporations, today, due to less expensive electronic components and extensive 

research, OCR systems are less expensive, faster, and more reliable (Srihari & Lam, 1996). 
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These systems can be grouped into two basic categories: task specific readers and general 

purpose page readers. A task specific reader handles only specific document types. Some of 

the most common task specific readers read bank check, letter mail, or credit card slip. 

General-purpose page readers are designed to handle a broader range of documents such as 

business letters, technical writings and newspapers. They recognize handwritten, machine 

printed and typed scripts of different languages (Srihari & Srihari , 1996; Hull et ai., 1984). 

These OCR systems provide a tremendous opportunity especially in handling repetitive, 

boring, labor-intensive, error prone, and time consuming processes for human beings. Postal 

mail sorting according to destination addresses, bank check processing, bill processing, 

keying in data to the computer, etc belong to this category. The tasks can be perfonned with 

computers in a stable manner. If programmed con'ectly, a computer can perfOlm a routine 

activity with a very high efficiency and effectiveness relative to a human being (Green, 1993). 

The Multiline Optical Character Reader (MLOCR) used by the United States Postal Service, 

for example, recognizes up to 400 fonts and can process up to 45,000 mail pieces per hour. 

An Airline ticket reader also scans up to 260,000 tickets per day and achieves a sorting rate of 

17 tickets per second. Applications such as letter mail reading have throughput rates of 12 

letters per second with error rates less than 2% (Srihari & Lam, 1996). 

In order to increase accuracy and capability of the OCR system different pre- processing such 

as noise removal, fom1 removal, skew detection and correction, and post-processing 

algorithms such as spell checker and other semantic approaches are also applied. Thus, 

deriving a useful recognition system requires the development and integration of many 
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subsystems such as noise reduction, character segmentation, feature extraction, and spell 

checking and semantic approaches . 

There are many factors affecting OCR system. Some of them include: the mode of writing, 

the condition of the input page, the printing process, the quality of paper, the presence of 

extraneous markings, and the resolution and quality of scanning (Dereje, 1999). 

Handwritten text recognition has also been an area of research for a long period of time 

especially in limited problem domains, such as, bank check reading and mail sorting. Unlike 

machine printed and typed scripts, handwritten character recognition is extremely challenging 

due to the great variability in handwriting styles, handwriting instruments, etc (Mori et aI. , 

1992; The Pattern Recognition Group, 1997). To overcome such problems different 

constraints were imposed on the size of the lexicon, the type of handwriting and the number 

of writers. In addition , different approaches and techniques either in isolation, or in 

combination have been tri ed to address the problem. 

1.2. STATEMENT OF THE PROBLEM 

To exploit the potential of OCR technology, most countries 111 Europe, Far East Asia, 

Americans, etc. have been undertaking research as· to the application of OCR tec1mology to 

their own native language. These days OCR systems can read a variety of documents written 

in languages such as Latin , Japanese, Chinese, Hindu, Arabic, Swedish, Russian, Tibetan and 

the like (Million, 2000). 
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Studies in the app li cation of OCR techniques to Amharic characters have started recently at 

the School of Information Studies for Africa (SISA), AAU. In 1997, Worku conducted 

research on the app lication of OCR teclmiques to the Amharic characters. The scope of 

Worku 's work was adopting segmentation and recognition algorithms to the 33 base 

characters and their six [onTIs of the Amharic characters. His character recognition took in to 

consideration the nomlal typestyle of WashRa font with 12-point font size. He developed an 

algorithm, which for the main test (laser printouts of text with normal typestyle of WashRa 

font, 12 point font size) registered 97.3 1 % accuracy (Worku, 1997). 

As a continuation of Worku's effort, Eml ias (1998) further performed a research work on the 

recognition of formatted Amharic text in accordance with Worku's recommendation. The 

purpose of the research was to incorporate pre-processing techniques to previously adopted 

recognition algorithm so as to enable it recognize formatted Amharic texts. As documents 

written in the Amharic characters come in various font sizes, underline style, and have italics 

feature, Emlias adopted pre-processing algorithms for thinning italicized style and underline 

detection and removal. He incorporated the thilming and underline removal algOli tiullS with 

the previously adopted recognition algorithm to test the performance of the system (Ermias, 

1998). 

Dereje (1999) has also attempted to further work a research in the area with the aim of 

improving the Amharic OCR by enabling it recognize typewritten Amharic text. Based on hi s 

findings, Dereje mainly recommended that in order to enhance the recognition accuracy of 

Amharic OCR system, it is important to adopt recognition algorithms that are not very 

sensitive to the features of the writing styles of characters. 
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In 2000, Mi llion conducted research on the area with the aim to investigate and extract the 

attributes of Amhati c characters so as to generalize the previously adopted recognition 

algorithm handle the different typefaces of Amharic characters (Million, 2000). 

By the same year, Negussie (2000) had investigated the recognition of handwritten Amharic 

legal amounts of bank checks, the purpose of which is to investigate the application of OCR 

system approaches employed for other characters. He used artificial neural network as a tool 

for recognition and prediction. 

As indicated above, all research activities in the area are dependent on the font size and/or 

other quantitative parameters, which pose impractical restrictions on the format of the text. 

This study is, therefore, the continuation of research activities done so far with the aim to 

explore the Amhari c OCR development approaches, techniques and methodologies and to 

come up with a versatile algorithm that is independent of the font size and other quantitative 

parameters of Amharic characters . 

1.3. JUSTIFICATION OF THE STUDY 

Nowadays the need for the use of lnfomlation Technology (IT) in infomlation storage, 

processing and retrieval is becoming unquestionab le. In this regard, the task of converting the 

existing written information in to machine-readable form is a potential area of research in 

OCR of Amharic characters. 

There are many potential applications of OCR systems. To mention some of them: 

• to facilitate storage and retrieval; 
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• to make some modifications on the text; 

• to electronically preserve irreplaceab le materials; 

• to help the blind to read, that is once the text is recognized it could be printed using 

Braille printer; 

• to facilitate office automation. 

Ethiopia is the first country in sub-Saharan Africa to have produced a written literature of its 

own. The oldest of the inscriptions to have been found in Ethiopia dates back to the 5th 

century B.C. (Gerard, 1981; Pilaszewicz, 1985; Ferenc, 1985; Mantel, 1985). Since Amharic 

is the working language of most institutions in Ethiopia (especially after it is declared in the 

constitution of 1965 article 125 as the official language (Ferguson, 1969)), a bulk of printed 

Amharic texts have been circulating among governmental, non-governmental and private 

sectors, including information centres, libraries, museums, etc. Thus, the country can take 

share of these advantages by developing an Amharic OCR system as the country is endowed 

with countless historical, cultural and other documents written using Amharic characters. 

Due to the trend of IT, and the reasons mentioned earlier, converting Amharic documents in 

to electronic format is needed. In order to convert the text on these documents the 

conventional way is typing through the keyboard, which is not only time consuming, error­

prone, and tedious but also impossible in view of the magnitude of documents. The problem 

of typing in to computers is even worse for Amharic characters where typing each character 

needs two keystrokes on average. This emphas izes the importance and tremendous need for 

an Amharic OCR that is capable of recognizing characters. Thus, if automation of documents 

is needed an OCR software is the preferred means for converting existing documents in to 

machine-readable f0I111. 
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1.4. OBJECTIVES OF THE STUDY 

1.4.1. General Objective 

The general objective of this study is to explore the various OCR development approaches, 

teclUliques, and methodologies and to investigate the possibilities of adopting and/or 

developing algorithms for Amharic character recognition. 

1.4.2. Specific Objectives 

In order to achieve the general objective of this study, the following specific objectives are 

drawn. 

• To study the different characteristics of Amharic characters. 

• To review literature on different algorithms and teclUliques that are employed for 

recognition activities in OCR. 

• To select an appropliate recognition algorithm for the development of a prototype of 

Amharic OCR system. 

• To develop a program of the selected algorithms using Microsoft Visual C++. 

• To adopt an appropriate neural network aigoritlUl1 for the recognition of Amharic 

script documents . 

• To prepare training and test data sets required for neural network. 

• To test the performance of the program with Amharic documents. 

• To forward recommendations for further study. 



1.5. METHODS 

To undertake thi s research work, the following techniques have been used. 

1.5.1. Review of Literature 

Related literature from different sources (books, journals, Internet, etc.) is reviewed to 

understand the OCR technology, its development tools, techniques, procedures and 

methodologies and the characteristics of Amharic characters. Related literatures in the area of 

character recognition and machine learning systems in general , and Amharic OCR in 

particular are reviewed. 

1.5.2. Development andlor Adoption of Pattern Extraction Algorithms 

Prototyping approach was used in the course of developing the Amharic OCR system. To 

extract patterns from primitive structures of Amharic characters algorithms were developed. 

1.5.3. DeSign and Development of Character Database 

Numbers are assigned to Amharic characters and a database was developed to store characters 

with their cOlTesponding numeric codes. 

1.5.4. Neural Network Model Building 

BrainMaker neural network software was used for training and recognition of patterns 

extracted from primitive structures of Amharic characters. This is because: 

• BrainMaker is fully licensed software that incorporates the basic neural network tools. 

• BrainMaker is easily accessible. 
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• Eva luation versions of other neural network softwares downloaded from the Internet 

had limitations such as expi ry date problem and less number of input nodes than the 

required. 

Di fferent models were built uSll1g BrainMaker and the best model IS selected based on 

predictive capacity on new characters . 

1.5.5. Testing 

Testing was done on the collected materials. Neural network (BrainMaker) was trained with 

different data sets. Different Amharic documents scripted with VG2000 Agazian font type of 

font sizes 8, 12, and 14 were used during testing. 

1.6. SCOPE AND LIMITATION OF THE STUDY 

This study is the continuation of previous works in the area. The main purpose is to improve 

the performance of recognition accuracy by adopting an approach that is not sensitive to 

different font sizes. As there is no previous ly well-forn1ed algorithm, much time was exerted 

on developing an algorithm for the experimentation of the approach. Because of time 

constraint, slant primitives of Amharic characters were not considered in thi s study. To test 

the developed algorithm VG2000 Agazian font of various sizes were considered in the 

training and test set. 
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1.7. ORGANIZATION OF THE STUDY 

The thesis is organized in to five chapters. The first chapter of the thesis includes the 

background, the statement of the problem and its justification. It also includes the objectives 

of the study, and discusses the methodology used to accomplish the research. 

The second chapter discusses about the basic methods of preprocessing techniques of 

character images. Different pattem recognition techniques reviewed from literature are also 

discussed. 

The third chapter discusses about the nature and characteristics of the Amharic writing system 

and reviews the different approaches used so far to develop an OCR system for the Amharic 

characters. 

Chapter four deals with details of the experimentation performed to test the performance of 

the Amharic OCR system developed in the present research work. 

Based on the results of the experiment, the last chapter (chapter five) presents the conclusion 

and recommendations of the research. 
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CHAPTER TWO 

REVIEW OF OCR SYSTEM 

2.1. INTRODUCTION 

The development of Optical Character Recognition (OCR) is motivated by the need to cope 

with the enormous flood of documents such as bank checks, commercial forms, govel11ment 

records, credit card imprints and posted letters. Cultural considerations and the rapid 

development of computer hardware have focused the attention of many researchers all over 

the world (Lee, 1997). Over the last few years, research on character recognition has steadily 

increased (Negussie, 2000). 

In this chapter different preprocessing techniques of OCR systems are di scussed. The most 

commonly used pattel11 recognition techniques, of which character recognition is one 

discipline, are also presented with special emphasis on structural! syntactic techniques and 

a11ificial neural networks. 

2.2. BASIC METHODS OF PREPROCESSING 

In this section the most widely used preprocessing techniques of image data has been dealt. 

Their relevance to pattel11 recognition lies in their ability to make the raw input data palatable 

to the recognition process. Digitization, segmentation, size normalization , thilming, image 

restoration, slant correction and others belong to the preprocessing stage of the overall 

recognition engine. 
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2.2.1. Digitization 

It is described that Optical Character Recognition (OCR) is the process of converting scanned 

images of machine printed or handwritten text (numerals, letters, and sYl11bo ls), in to a 

computer processable fOl1l11at. Paper documents, which are an inherently analog medium, can 

be converted into digital form by a process of scanning and digitization. This process yie lds a 

digital image. Thus, the first phase in character recognition process is digitization (Srihari & 

Lam, 1996). 

Scanners are capable of producing image representation in a vari ety of formats. One of the 

most common of these is the bit map (.BMP) fOl1l11at. A scanned image is represented as an 

8-bit per pixel or 256 level gray scale. This has to be converted to a I-bit per pixel or 

monochrome to be used with the other preprocessing and recognition techniques that follow 

(Pandya & Macy, 1996). 

2.2.2. Segmentation 

Worku (1997) described segmentation as a process of separation of an image into regions that 

contain pixel groups that are similar in value. Segmentation is the most important part of the 

recognition system and should be given due consideration (Million, 2000). 

There are basically two commonly used segmentation algorithms : stage by stage and 

recursive segmentation. In stage by stage algoritlull a character is segnlented in three steps: 

li ne segmentation, word segmentation, and character segmentation. Recursive segmentation is 

an approach that merges segmentation and recognition together. It is said to be convenient for 

characters of connected nature (Dereje, 1999). This topic is covered in previous works and for 

further reading refer Worku (1997), Berhanu (1999), and Dereje (1 999). 
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2.2.3. Thinning 

Thinning is an important approach to representing the shape of a plane region. The objective 

of thitming is to reduce the representation of a region to a chain of single pixel width while 

preserving all other relevant features (Pandya & Macy, 1996). 

Hilditch, one of the originators of thinning, detennined four conditions necessary for thitming 

to occur (Mori et ai, 1999): 

I . Thinness. The thitmed line's width must be one pixel. 

2. Position . The thinned line must lie along the center of the original line. 

3. Connectivity. The thinned line must keep the connectivity of the original line. 

4. Stability. At each step of the thinning process the thinned line cannot be eroded 

away from its end points. 

Mori et ai. (1999) roughly classified algorithms on thinning as two kinds: sequential and 

parallel. In general sequential algorithms are good at preserving continuity, and parallel 

algorithms are good at bringing the thinned line nearly to the center of the line. 

2.2.4. Size Normalization 

Image nomlali zation is the process of enlarging and shrinking an image size. As Pandya and 

Macy (1996) described the usefulness of size nomlali zation is to scale the input image to a 

manageable size for the recognizer and for subsequent preprocessor stages. The amount of 

normalization is application specific. In the context of character recognition problem, 

experiments have shown that a 16X 16 representation is sufficient to preserve the shape of the 

input image (Pandya & Macy, 1996; Berhanll, 1999). 
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2.2.5. Slant correction 

Negussie (2000) noted that slant is the position of the image with respect to the vertical line. 

He used slant correction technique with the aim to nOlmalize a handwritten word and/or 

character with a slant of zero to the vertical. Slant normalization is, therefore, essential for 

recognition especially for highly slanted characters. 

Negussie (2000) discussed the two principal approaches for estimating the slant of a word: the 

projection method and the chain code method. To find out the average slant of words, the 

projection method looks for the greatest positive derivative in all of the slanted histograms 

computed. Once the average slant has been found, the image is con'ected through a shear 

transformation method. On the other hand, the chain code method estimates the average slant 

of characters in a word or in a line using the chain code of the border pixels. The detailed 

techniques used to implement slant nonmlization are briefly discussed by Negussie (2000). 

2.3. PATTERN RECOGNITION TECHNIQUES 

The primary goal of pattern recognition is classification. Pattelll recognition/ classification is 

expected to perform one of the following two tasks (Jain et al., 1999; Pandya & Macy, 1996): 

(i) Supervised classification (e.g., discriminant analysis), where given pattelll has to 

be identified as a member of already known or predefined class. Classes are 

defined by the system designer. 

(ii) Unsupervised class ification (e.g., clustering), where a pattelll needs to be assigned 

to a so far unknown class of pattellls. Classes are learned based on the similarity of 

pattellls. 
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Character recognition has long been a research interest because it is a crucial component of an 

intelligent man-machine system. A variety of techniques have been proposed or implemented 

by researchers from worldwide (Pandya & Macy, 1996; Looney, 1997; Jain et aI., 1999). The 

most commonly used techniques are: 

(i) Template matching 

(ii) Statistical classification 

(iii) Syntactic or structural matching 

(iv) Neural networks 

(v) Hybrid Approach 

Jain et at. (1 999) briefly described and sunmlarized the companson of each of these 

approaches as below in Table 2.1. 

Approach Representation Recognition function Typical criterion 

Template matching Samples, pixels, curves Correlation, di stance Classification error 
measure 

Statistical Features Discriminant function Classification error 

Syntactic or structural Primitives Rules, grammar Acceptance error 

Neural networks Samples, pixels, curves Network function Mean square error 

Table 2.1. Comparison of pattern recognition techniques. 

2.3.1. Template Matching Approach 

Template matching, or matrix matching, is one of the most common classification methods. 

Jain et at. (1999) described template matching as a generic operation in pattern recognition 

which is used to deternline the similarity between two entities (point, curves or shapes) of the 

same type. In template matching approach of character recognition, individual image pixels 

are used as features (Srihari & Lam, 1996). 
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Classification is perforn1ed by comparing an input character image with a set of stored 

templates (or prototypes) from each character class (Srihari & Lam, 1996; Jain et ai., 1999). 

Each comparison results in a similarity measure between the input character and the template. 

The similarity measure, often a correlation, may be optimized based on the available training 

set. One measure increases the amount of similarity when a pixel in the observed character is 

identical to the same pixel in the template image. If the pixels differ the measure of similarity 

may be decreased. After all templates have been compared with the observed character image, 

the character's identity is assigned as the identity of the most similar template (Srihari & Lam, 

1996). 

Template matching is computationally demanding, but the availability of faster processors has 

now made this approach more feasible. Although template matching approach is effective in 

some application domains, it has a number of disadvantages. For instance, it will fail if the 

patterns are distorted due to the imaging process, view-point change, or large intra-class 

variations among the patterns (Jain et al., 1999). 

2.3.2. Statistical Approach 

Statistical methods use a set of characteristic measurements usually called global features 

extracted from characters by partitioning the feature space (Lee, 1997). Each character is 

represented in terms of d features or measurements and is viewed as a point in a d 

dimensional space (Jain et al., 1999). Pattern recognition, thus, involves choosing features 

that allow pattern vectors belonging to different categories to occupy compact and disjoint 

regions in a d-dimensional feature space. 
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The effectiveness of the feature set is determined by how well pattems from different classes 

can be separated. Given a set of training pattems from each class, the objective is to establish 

deci sion boundaries in the feature space which separate patterns belonging to different 

classes. In the statistical decision theoretic approach, the decision boundaries are detem1ined 

by the probabi lity distributions of the patterns belonging to each class, which must be either 

specified or learned (Jain et al., 1999). 

Decision-making in thi s case is performed using appropriate di scriminant functions which are 

scalar function of pattern x. Thus, thi s discipline is also referred to as the Decision Theoretic 

Approach since it utili zes decision functions to partition in the pattern space. Regions in the 

pattem space enclosed by these boundaries provided by the decision functions are labeled as 

individual classes (Pandya & Macy 1996). 

Generally, in app lications involving patterns that can be represented meaningfully, uSll1g 

vector notations the statistical approach is ideal. However, this approach lacks a suitab le 

fonnalism for handling pattern structures and their relationships (Pandya & Macy 1996). 

2.3.3. The Syntactic or Structural Approach 

The word syntactic is an adjective that pertains to the noun sentence that is known from the 

English grammar (Looney, 1997). This approach is, therefore, analogous to how a language is 

fonned. The bui lding blocks in any language are a set of alphabets. These alphabets are the 

fundamental units that characteri ze the language. These units are combined to fom1 words and 

a meaningful group ing of words form sentences (Mori et al., 1999; Jain et aI., 1999). 
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Thus a syntactic pattem recognition problem can be fOlmulated based on the assumption that 

the objects in a population have features that can be put in to a one-to-one cOITespondence 

with the letters, or terminals, in an alphabet Z (Looney, 1997). Then each pattem can be 

considered to be a sentence in Z· (the set of all strings over Z). An alphabet is a finite set Z of 

symbols, called letters and can be designated by a, b, c, and so on. A string over Z is a finite 

ordered list ofletters from Z that is fonned as follows (Looney, 1997): 

(i) letters from Z may be concatenated- that is, placed side by side horizontally; 

(ii) any letter in Z may be used any number of times; 

(iii) other strings may be concatenated; 

(iv) the empty string 0 that consists of no letters is also a valid string. 

The length of a string x, usually denoted by ~I, is the number of letters it contains, and can 

vary from one string to another in a language. A language over the alphabet Z is any subset L 

c Z· of sentences, where Z· is the set of all strings (sentences) over the alphabet Z 

(Looney, 1997). 

Looney (1997) and Berhanu (1999) defined a grammar of a language as a tuplet 

G=(Z, V, S, P) where, 

Z: is an alphabet of letters or a set of primitives (e.g. words), 

V: is an auxiliary alphabet ofletter-valued variables (e.g. verb, adjective), 

S: is the stati variable or root from V (e.g. sentence), and 

P: is a set of production rules that determines the construction of sentences, which 

includes intermediate strings composed of letters and letter-valued variables 

(e.g. phrase, clause). 

The rules provide a means of constructing strings from letters (from Z) and letter-valued 

variab les (from Z). S must be used to stati any such string. A sentence catmo! contain any 
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letter-valued variables from V, so they must all be replaced with letters in intermediate strings 

according to rules in P. 

In recognition problem where the structure of a pattern plays an important role, a meaningfu l 

recognition scheme can be established only if the various important components are 

identified, and their structure with the relationships among them are adequately represented 

(Pandya & Macy 1996). The syntactic or structural approach can be used for representing 

hierarchica l structural information in terms of simpler sub patterns recursively. 

The key idea in structural and syntactic pattern recognition is the representation ofpattems by 

means of symbolic data structures such as strings, trees, and graphs. In order to recognize an 

unknown pattern, its symbolic representation is compared with a number of prototypes stored 

in a database (Olszewski, 200 1). 

In many recognition problems invo lving complex patterns, it is appropriate to adopt a 

hierarchical perspective where a pattern is viewed as being composed of simple sub-patterns 

which are themselves built from yet simpler sub-patterns. The simplest elementary sub­

patterns to be recognized are called primitives and the given complex pattern is represented in 

terms of the interrelationships between these primitives. In syntactic pattern recognition, a 

formal analogy is drawn between the structure 0 f patterns and the syntax of a language. The 

patterns are viewed as sentences belonging to a language, primitives are viewed as the 

alphabet of the language, and the sentences are generated according to a granmlar. Thus, a 

large collection of complex pattel11s can be described by a small number of primitives and 

grammatical rules. The grammar for each pattel11 class must be inferred from the available 

trai ning samples (Jain et ai., 1999). 
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Structural pattern recogn ition is intuitively appealing because, in addition to classification, 

this approach also provides a description of how the given pattern is constructed from the 

primitives. This paradigm has been used in situations where the patterns have a definite 

structure, which can be captured in tenns of a set of rules. The implementation of syntactic 

approach, however, leads to many difficulties which primarily have to do wi th segmentation 

of noisy patterns (to detect the primitives) and the inference of the grammar fi'om training 

data. Thus it demands large training sets and very large computational efforts 

(Jain et al., 1999). 

Structural pattern recognition , sometimes referred to as syntactic pattern recognition due to its 

origins in fonnal language theory, rel ies on syntactic grammars to discriminate among data 

from different groups based upon the morphological interrelationships (or interconnections) 

present within the data (Looney, 1997). 

Structural methods express characters as compositions of structural primitives such as lines, 

curves, and loops and then identify the characters by matching representations of its 

primitives with those of a reference character, or by parsing the representations according to 

sets of syntactic rules. These methods are more tolerant of irregularities than the statistical 

methods (Lee, 1997). 

Structural pattern recognition systems have proven to be effective for data which contain an 

inherent, identifiable organization such as image data (which is organized by location within a 

visual rendering) and time series data (which is organized by time). The useful-ness of 

structural pattern recognition systems, however, is limited as a consequence of fundamental 
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complications associated with the implementation of the description and classi fication tasks 

(Olszewski , 200 1). 

The description task of a structural pattern recogni tion system is diffi cult to implement 

because there is no general solution for extracting structural features, commonly called 

primitives, from data. The lack of a general approach for extracting primitives puts designers 

of structural pattern recognition systems in an awkward position: feature extractors are 

necessary to identify primitives in the data, and yet there is no established methodology for 

deciding which primitives to extract. 

The resu lt is that feature extTactors for structural pattern recogni tion systems are developed to 

extract either the simplest and most generic primitives possible or the domain- and application 

specific primitives that best support the subsequent classification task. 

The difficu lti es associated with making the syntactic approach work for practical problems 

has been outlined by Jain et al. (1999). 

(i) It is difficu lt to identify a comprehensive set of primitive patterns. 

(ii) It is difficult to find a grammar which generates all and the only valid strings. 

(iii) It is not possible to utilize context in the well defined framework of context free 

grammars. 

(iv) The syntax analysis is slow. 
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2.3.4. The Neural Network Approach 

An At1ificial Neural Network (ANN) is an information processing paradigm that is inspired 

by the way biological nervous systems, such as the brain, process infOimation. The key 

element of this paradigm is the novel structure of the infonnation processing system. It is 

composed of a large number of highly interconnected processing elements (neurons) working 

in unison to solve specific problems. ANNs, like people, learn by example. An ANN is 

configured for a specific application, such as pattel11 recognition or data classification, 

through a learning process. Leal11ing in biological systems invo lves adjustments to the 

synaptic connections that exist between the neurons. This is true of ANNs as well 

(Stergiou & Siganos, 2002). 

2.3.4.1. The Biological Neural System 

Much is still unknown about how the brain trains itself to process infonnation, so theories 

abound. In the human brain , a typical neuron collects signals from others through a host of 

fine structures called dendrites. The neuron sends out spikes of electrical activity through a 

long, thin stand known as an axon, which splits into thousands of branches. At the end of each 

branch, a structure called a synapse converts the activity from the axon into electrical effects 

that inhibit or exci te activity from the axon into electrical effects that inhibit or excite activity 

in the connected neurons. When a neuron receives excitatory input that is sufficiently large 

compared with its inhibitory input, it sends a spike of electrical activity down its axon. 

Leal11ing occurs by changing the effectiveness of the synapses so that the influence of one 

neuron on another changes (Stergiou & Siganos, 2002). 
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Figure 2. 1. Components of a biological neuron. 
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Figure 2.2. The Synapse. 

2.3.4.2. From Biological Neural Network to ANN 

Neural network simulations appear to be a recent development. However this field was 

establi shed before the advent of computers. The first artificial neuron was produced in 1943 
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by the neurophysiologist Warren McCulloch and the logician Walter Pitts (Looney, 1997; 

Taylor, 1995; Stergiou & Siganos, 2002). 
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Figure 2.3. The McCulloch-Pitts neural model. Adapted fro m: Looney (1997). 

The above figure shows a model of a bio logical neuron according to what was then "known" 

about neurons. The input values of 1 (excitors) and - 1 (inhibitors) for the X" were thought to 

be analogous to the synaptic inputs, and an output of either 1 or - 1 for y was activated 

depending upon whether or not the sum s of inputs exceeded the threshold value of T 

(Looney, 1997). 

The input lines were called synaptic inputs, and inputs lead to the activation of an output y. 

However, this model contained no mechanism fo r learning other than setting the threshold. 

Wj denotes the mUltiplicative weight (synaptic strength) corll1ecting the j'h input to the neuron. 

T is the neuron threshold value, which needs to be exceeded by the weighted sum of inputs 

for the neuron to fire (Looney, 1997). 
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2.3.4.3. Why Neural Networks are Used? 

Neural networks, with their remarkable ability to deri ve meanll1g from complicated or 

imprecise data, can be used to extract pattel11s and detect trends that are too complex to be 

noticed by either humans or other computer techniques . A trained neural network can be 

thought of as an "expert" in the category of information it has been given to analyze. This 

expert can then be used to provide projections given new situations of interest and answer 

"what if' questions (Stergiou & Siganos, 2002). 

Taylor (1995) wrote the pros and cons of ANNs as follows . 

Factors favoring neural networks are: 

• They can be trained to classify poorly structured inputs; 

• They are robust against noise in training data; 

• They are robust against loss of neurons; 

• They can generalize; 

• They can be used in hybrid neural netl arti fi cial intelligence systems; 

• A hardware system is possib le. 

Taylor also described factors against neural networks as: 

• They failed in 1969 when the problem of scaling was first raised; it is sti ll a problem 

for both neural nets and artificial intelligence. 

• They are only marginally better on benchmarking against traditiona l methods, but wil l 

win when implemented in hardware. 

• The basic theory is not yet full y understood. 
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2.3.4.4. Network Layers 

The commonest type of artificial neural network consists of three groups, or layers, of uni ts: a 

layer of input units is connected to a layer of hidden units, which is cOlmected to a layer of 

output units (Stergiou & Siganos, 2002). 

• The activity of the input uni ts represents the raw infonnation that is fed into the 

network. 

• The activity of each hidden unit is detellnined by the activities of the input units 

and the weights on the connections between the input and the hidden units. 

• The behavior of the output units depends on the activity ofthe hidden units and the 

weights between the hidden and output units. 

In thi s simple type of network the hidden un its are free to construct their own representations 

of the input. The weights between the input and hidden units detemline when each hidden unit 

is active, and so by modifying these weights, a hidden unit can choose what it represents. 

Neural networks can have single-layer or multi -layer architectures. The single- layer 

organization, in which all units are cormected to one another, constitutes the most general case 

and is of more potential computational power than hierarchically structured multi-layer 

organizations. In multi-layer networks, units are often numbered by layer, instead of 

following a global numbering (S tergiou & Siganos, 2002). 
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2.3.4.5. Architectures of Neural Networks 

There are two main classes of architecture: feed forward and feedback networks. 

Feed-forward lIetworks 

Feed-forward ANNs (Figure 2.4) allow signals to travel one way only; from input to output. 

There is no feedback (loops), i.e. the output of any layer does not affect that same layer. Feed­

forward ANNs tend to be straightforward networks that associate inputs with outputs. They 

are extensively used in pattern recognition. This type of organization is also referred to as 

bottom-up or top-down (Taylor, 1995; Stergiou & Siganos, 2002). 

Inputs Hidden layer OutputS 

Figure 2.4. Feed forward network. Adapted from: Taylor (1995). 

Feedback (Recurrellt) lIetworks 

Feedback networks (Figure 2.5) can have signals traveling in both directions by introducing 

loops in the network. The simplest of such networks have complete connectivity, with no 

distinction made between input, hidden and output units (Taylor, 1995). Input to the network 

consists of clamping an initial state vector (by speci fyi ng which neurons are active, which are 

not) . The node outputs are connected back to their inputs via a delay device (0) to overcome 

timing problems during operation (Berhal1l1, 1999). 
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Feedback networks are very powerful and can get extremely complicated. Feedback networks 

are dynamic; their state is changing continuously until they reach an equilibrium point. They 

remain at the equilibrium point until the input changes and a new equilibrium needs to be 

found. Feedback architectures are also referred to as interactive or recurrent, although the 

latter term is often used to denote feedback cOlmections in single-layer organizations 

(Stergiou & Siganos, 2002). 

Nodes 

Figure 2.5. Feedback networks. Adapted from : Berhanu (1999). 

2.3.4.6. The Learning Process 

Knowledge in ANNs resides in the weights or connections W;j between nodes j and i. The 

weights are learned through experience, using an update rule causing the change in weight Wu 

(Berhanu, 1999; Taylor, 1995). All learning methods used for neural networks can be 

classifi ed into three categories (Taylor, 1995): 

o Supervised learning: is learning with a teacher, which tell s the net the output required for 

a given input. During the learning process global information may be required. Paradigms 

of supervised learning include error-correction learning, reinforcement learning and 

stochastic learning. An important issue concerning supervised learning is the problem of 

error convergence, i.e ., the minimization of error between the desired and computed unit 
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values. The aim is to determine a set of weights which minimizes the error. One weJl­

known method , which is common to many learning paradigms, is the Least Mean Square 

(LMS) convergence (Stergiou & Siganos, 2002). 

o Reinforced learning: is learning with a critic. The network rece ives a global reward/ 

penalty signal. Weights are changed so as to develop an input output behavior which 

maximizes the probability of receiving a reward and minimizes that of receiving a penalty 

(Taylor, 1995; Berhanu, 1999). 

o Unsupervised learning: is learning without an external teacher and is based upon 

only local infOlmation. It is also referred to as self-organization, in the sense that it 

self-organizes data presented to the network and detects their emergent collective 

properties. Paradigms of unsupervised learning are Hebbian learning and 

competitive learning (Stergiou & Siganos, 2002). 

A three-layer network can be trained to perform a particular task by using the following 

procedure: 

I. Present the network with training examples, which consist of a pattern of activities for 

the input units together with the desired pattern of activities for the output units. 

2. Determine how closely the actual output of the network matches the desired output. 

3. Change the weight of each corUlection so that the network produces a better 

approximation of the des ired output. 
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2.3.4.7. Trallsfer FUllctions 

The behavior of an ANN (Artificial Neural Network) depends on both the weights and the 

input-output function (transfer function) that is specified for the units. This fu nction typically 

fa ll s into one of four categories (Stergiou & Siganos, 2002; BrainMaker, 1998 ): 

• Linear (or ramp) : For linear units, the output activity is proportional to the total 

weighted output. 

• Threshold: For threshold units, the output is set at one of two levels, depending on 

whether the total input is greater than or less than some tlu'esho ld value. 

• Sigmoid: For sigmoid units, the output varies continuously but not linearly as the input 

changes. Sigmoid units bear a greater resemblance to real neurons than do linear or 

threshold units, but all three must be considered rough approx imations. 

• Gaussian: A gaussian transfer function is just like a two sigmoids, one increasing and 

another decreasing, stuck together. It is also known as a bell curve and thels no direct 

physical analogy to real neurons. But, a gaussian function can be used to so lve 

problems such as XOR with fewer neurons than other types of transfer functions 

require (BrainMaker, 1998). 

/ 

2.3.4.8. The Back-Propagatioll Algorithm 

In order to train a neural network and perfoml some task, the weights of each unit must be 

adjusted in such a way that the error between the desired output and the actual output is 

reduced. This process requires that the neural network compute the enor derivative of the 

weights (EW) . In other words, it must calculate how the error changes as each weight is 
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increased or decreased slightl y. The back propagation algorithm IS the most widely used 

method for determining the EW (Stergiou & Siganos, 2002). 

2.3.4.9. Nellral Network Parameters 

Initializing Weights 

All neural network training algoritIuns begin by initializing the weights in the network to 

some randomly chosen va lues (Berhanu , 1999). Two different initial weight sets can lead to 

drasticall y di fferent convergence behaviors (Looney, 1997). Looney concluded from early 

studies that the initial weight set should have small values (Jess than 0.5 in magnitude and that 

they must not be approximately equal or to large lest they fai l to converge. 

Learning Rate 

The leaming rate dete11l11ines how large an adjustment the neural network will make to the 

connection strengths when it gets the fact wrong. Reducing the learning rate may make it 

possible to train the network to a smaller tolerance (BrainMaker, 1998). 

Adding Noise 

Noise is a small random amount added or subtracted from inputs and/or pattems based on the 

value specified. BrainMaker (J 998) recommended the value to be between 0.05 and O. J. 

Adding noise helps the network to generalize better, if there doesn ' t ex ist enough training 

data. 

Train in g and Testing Tolerances 

Tolerance specifies how accurate the neural network output must be to be considered correct. 

It is defined as a percentage of the range of the output (BrainMaker, 1998). No cOlTections are 
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made to the network during training if the output is within tolerance. BrainMaker 

recommends setting the training tolerance tighter (lower) than the testing tolerance. 

2.3.4.10. Neural Network Statistical Data 

Average Error 

The average error, also known as the mean absolute error, is the average of the abso lute 

values of the differences between each output and the corresponding pattern. The average 

error is zero for a perfectly trained network and increases toward one for less well-trained 

network (BrainMaker, 1998). 

Average Error= L 10 
-pi , where: O=Output, P=Pattern, N=Number of training data sets. 

N 

Root Mean Squared (RMS) Error 

The RMS error is similar to the average error except the square of the differences rather than 

their absolute value is used. This puts a higher weight on larger errors. A network with small 

errors on most outputs and large errors on a few wi ll have a smaller average error (close to 0) 

but a larger RMS error (close to I) . 

~L((O- p)') 
RMS Error= , where: O=Output, P=Pattern, N=Number of training data sets . 

N 

2.3.5. Hybrid Approach 

By using different feature sets and different classification techniques, classification systems 

have different performance. Most classifiers have particular strengths and weaknesses in that 

they can reliably distinguish between some patterns, but may confuse others. One way to 

reduce this confusion is to combine the complementary or nearly complementary classifiers. 
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The pattern recognition techniques discussed so fa r are not necessaril y independent to each 

other and attempts have been made to design hybrid models invo lving two or more of 

recognition techniques (Jain et aI., 1999). 
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CHAPTER THREE 
THE AMHARIC WRITING SYSTEM 

3.1. INTRODUCTION 

As indicated in the previous chapter various approaches have been taken to develop an OCR 

system for Amharic writing system. But all of them were dependent of quantitative 

parameters and other features . The purpose of this research is to develop a versati le system 

that is invariant to different writing styles. This chapter discusses about the Amharic writing 

system and for further reading anyone can refer Worku (1997), Ermias (1998), Dereje (1999) 

Million (2000) and Negussie (2000). 

3.2. THE AMHARIC WRITING SYSTEM 

Srihari , S. & Srihari, R. (1996) described that fundamental characteristics of writing are the 

following: 

• it consists of artificial graphical marks on a surface; 

• its purpose is to communicate something; 

• this purpose is achieved by virtue of the mark's conventional relation to language. 

Although speech is a sign system that is more natural than writing to humans, writing is 

considered to have made possib le much of culture and civilization. Early writing as a means 

of conU11unication started in Egypt. Before, 3000 BC, Egyptians used picture writing called 

Hieroglyphic on monuments, wa ll s and rocks (Dereje, 1999). 

Different writing systems, or scripts, represent linguistic units, words, syllables and 

phonemes, at different structural levels . In alphabetic writing systems, principal examples of 
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which are the Latin, Greek and Russian scripts, alphabets are the primitive elements, or 

characters, which are used to represent words. Several languages such as English, Dutch, 

French, etc, share the Latin script. The Devanagari script, which represents syllables as we ll 

as alphabets, is used by several Indian languages including Hindi. The Chinese script, which 

consi sts of ideograms, is an alternative to alphabets. The Japanese script consists of the 

Chinese ideograms (Kanji) and syllables (Kana). There are ro ughly two dozen different 

scripts in use today (Srihari & Srihari , 1996). 

Each script has its own set of icons, which are known as characters or letters, that have certain 

basic shapes. Each script has its rules for combining the letters to represent the shapes of 

higher- level li nguistic units. For example, there are rules for combining the shapes of 

indi vidual letters so as to form cursively written words in the Latin alphabet. In addition to 

linguistic symbols, each script has a representation for numerals, such as the Arabic-Indic 

digits used in conjunction with the Latin alphabet (Srihari & Srihari , 1996). Likewise, 

Amharic script is used as a writing system for Ethio-Semitic languages. The script is used to 

represent letters and numbers (Amsalu, 1984) . 

The ancient Egyptian language, which is the first written language, is one family of 

Afroasiatic languages super-family (Dereje, 1999). The ancient Semitic language is also a 

family of Afroasiatic. As indicated in the figure below the Amharic script is a descendant of 

the ancient Semitic fam ily (Bender et al. , 1976). 

According to Bender et al. (1976), the present writing system of Amharic is taken from Geez, 

which was brought to the highlands by immigrants Ii'om south Arabia in the first century A.D. 

By the 16th century, Geez gradually gave way to Amharic. During that time, Amhari c was 

spoken at the royal court, and began to be used for literary purposes at the beginning of the 
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19th century as the administrative state changed its way of communication from oral to written 

one. Amhari c literature flouri shed since the 1910 after the importation of printing press from 

Europe (Mulatu & Yohannis, 1988; Ullendorff, 1973; Amsa1u, 1967 E.C.) . 

Afroasiatic 

Chad Berber Ancient Egyptian Omotic 

East Sem itic West Semitic 

South Arabian Ethio-Semitic Arabic Canaanite Aramaic 

Geez Tigrinya Amharic 

Figure 3.1. The Genetic structure Amharic language. Adapted from: Bender et al. (1976) & 
Yonas et al. (1966 E.C.). 

3.2.1. The Amharic Characters (Fidel) 

Since the 1 Sl century, modifications and additions one Amharic has been undergone and the 

current Amharic script has 33 basic characters. There are other six orders derived from the 

basic forms and represent syllable combination consisting of a consonant and vowel except 

the 6th order, which may represent either the consonant alone or the consonant followed by a 

vowel (Bender et aI., 1976; Ullendorff, 1973). 
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Thus, there are 23 1 core characters in Amharic writing system. Besides there are over forty 

others which contain a spec ial feature usually representing labiali zation (Bender et al., 1976) . 

The li st of these Amharic characters is shown in Table 3.1. 
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Table 3.1. The Amharic script core characters 
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3.2.2. Nature of Amharic Characters 

The 33 basic characters can be grouped in to five classes based on the similarity of their 

shapes (Negussie, 2000). 

1. Symbol s that have one straight ' leg ' . 

2. Symbols that have two straight ' legs'. 

(I Ii (l h 'Ii 11 If 

3. Symbols that have three' legs'. 

rh m (,r,I, 

4 . Symbols that have rounded bottom. 

5. Symbols that have horizontal bottom li ne. 

t. t. 

The task of learning characters is simplified by several facts (Bender et ai., 1976). 

a) The basic shapes show similarities . 

For example: Ii and (I ; :r and .,-; 'f: and J!.; 7 and " 

b) Many basic characters are related in structure. 

For example: ~ and h ; m and at. ; t. and t •. 
-.J 

c) The six non-basic forms are fonn ed according to the patterns of great regularity 

except the 6 th and 7'h orders. The deri vations of the six orders from the basic 

characters is shown below (Negussie, 2000). 
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Characters Method of Construction Example 

2nd order Add a horizontal stroke at the middle of the ri ght 
1J· fl· ,h· 0'" 

side of the base character. 

3'd order Add a hori zontal stroke at the bottom of the ri ght 

leg of the base character. 
'L fl. ,h. "'I. 

4111 order Elongate the right leg of a two or three leg base 
'I " ,I, '''I 

character. 

Add a diagonal stroke at the bottom of the leg ofa ."J ;1' ;I: :r 

one-leg base character. 

5th order Add a ring at the bottom of the right leg of base 
'l lI. ,h, 'lOt 

character. 

6th order Highly irregular. II '/I () .(1 

Some characters bend their legs, IJ ,." '" ·1· 
Some looped characters add horizontal stroke at (/}. Y: :~ 7.' 

their loops. 

7"' order Highly irregular. 'f" 9' 'I l' 

Shortening the last leg (or the last two legs for 
(t (l (Il ,/' 

characters that have t1u'ee legs). 

Adding loop at the top-right of the character tJ' flo .j\ C' 

Table 3.2. Method of order formation in the Amharic writing system 

3.3. THE AMHARIC CHARACTER OCR DEVELOPMENTS 

As stated before, research on the application of OCR for Amharic writing system started 

recently as compared to other writing systems. However, achievements are reported, 

especially in preprocessing techniques. The achievements in these works are presented as 

follows. 
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3.3.1. Segmentation 

Worku (1 997) tested the stage by stage segmentation algorithm that was suggested by Pal and 

Chaudhury (\ 995). This algoritlun first segments lines in a page, then words in each line, and 

fi nally characters in each word. The algo ri thm considered all cOImected characters as a single 

character and works well fo r unconnected characters. On the other hand Berhanu ( \ 999) 

implemented the segmentation process (using stage by stage algorithm) in two steps: li ne 

segmentation and character segmentation. 

3.3.2. Image Restoration 

Image restoration is a process by which a degraded image is fi xed to their ori ginal contents. 

To achieve better recognition accuracy degraded images should be restored. In hi s research, 

Dereje (1999) used a technique called Binary Morpho logical Fil ters to fi x highly degraded 

document of typewritten Amharic scripts. Binary morphological filtering algori thm was first 

suggested by Liang el at. (1996) to restore documents degraded because of additive or 

subtractive noise. Subtractive noise is created when unwanted holes are fo und in the digitized 

image. Additive noise is created when addi tional fo reground pixe ls are found in the digiti zed 

image (Dereje, \ 999). 

As Dereje (1 999) proved through experimentation, additive noises could be removed in the 

process of segmentation used by Worku. Therefore, he used the subtractive noise removing 

algorithm for the purpose of image restoration. 

3.3.3. Underline Detection and Removal 

Underlines are not cons idered as part of the characters and, hence, they are considered as 

noise and should be removed. Emlias (1998) used the algorithm suggested by Pal and 
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Chaudhuri ( 1995) for the removal of the matra line £i'om the BangIa script. He modified the 

algorithm so as to remove the underline from the Amharic script. Through experiment Ermias 

found that the maximum number of black pixels in a row for a character having the maxi mum 

width to be 34. Therefore, he set 40 as a thresho ld value and a row having the number of 

black pixels greater than the threshold is considered as underline and so it is removed . Sample 

test result of thi s algorithm is given below. 

Figure 3.2. The underlined image. 

Figure 3.3. Image after underline removal. 

3.3.4. Thinning 

Ermias (1998) tested the Zang-Suen and Hilditch th ilUling algoritlUlls for Amharic wri ting 

system and repOlied that the Zang-Suen algorithm is more effi cient and effective. Based on 

this result, Mi llion (2000) considered the Zang-Suen thirming algorithm in addition to parall el 

thirming algorithm suggested by Ha and Bunke (1997). In both algorithms thirming is 

undergone by eroding process £i'om the bounding/edge of the character. 

Million tested the two algorithms on Amharic characters and compared the resu lts based on 

criteria like connectivity after thilUling, similarity to the shape of the original character and 

computational speed. He then repOlied that both algorithms exhibited cOlUlectivi ty loses and 

high shape distoliion. To curb this problem, Million integrated the two algorithms through 
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iterative experimentation. This integration has resulted in a hybrid thinning algorithm that 

better performed the thirming process, solving the above stated problems (Million, 2000). The 

test results of the hybrid thinning is given below. 

Figure 3.4. Image before thirming. 

(} 
Figure 3.5. Image after thinning. 

3.3.5. Size Normalization 

Berhanu (1999) and Negussie (2000) used size nOnl1alizing algorithms to scale segmented 

character images to 16X16 pixel size. For the character image that was greater than l6X16 

they compressed the image. On the other hand, character images of sizes less than l6X16 

pixel size had been stretched. This was so because the number of input nodes they used for 

the neural network was 256. Thus, the color value of each pixel was used as an input. 

3.3.6. Feature Extraction 

Feature extraction is a central component of an OCR system (Suen, 1982). For selecting good 

features, the following criteria are considered useful (Kundu et at. , 1989). 

• features should be easi ly computable, 

• features should be preferably independent of translation and size, and 

• features should be chosen so that they do not replicate each other. 
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Dereje (1999) used feature extraction for identifying and recognIzing each typewritten 

character from contour analysis. In his study, Dereje extracted the following features from 

each character image. 

• Width of the characters 

• Height of the characters 

• Width of the characters at each row 

• Left primary global description { LPk: k= 1 ,2, ... h} where LPk is the distance from the 

left border of the segmented character image window to the first black pixel in kth row 

and h is the height of the character. 

• Right primary global description {RPk: k=1 ,2, . .. h} where RPk is the distance from the 

left border of the segmented character image window to the last black pixel in kth row 

and h is the height of the character. 

• Left secondary global description {LDIFk=LPk-LPk_J : k= 1,2, ... h} where h is height 

• Right secondary global description {RDIFk=RPk-RPk-J : k= I,2, ... h} where h is height. 

To extract the above features , each segmented character is submitted to the program written to 

extract features and the result is stored in an output file. The output files of each feature are 

used to develop a database containing feature functions that is used to identi fy the 231 core 

characters. 

3.3.7. The Neural Network Approach 

Berhanu (1999) and Negussie (2000) used neural networks for prediction. Their neural 

network design consists of 256 input nodes and 8 output nodes. Berhanu used one hidden 

layer of 40 nodes and Negussie used again one layer but with 20 nodes. The input nodes take 

thei r values directly from the color value of pixels of character images. Pixels having black 
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color would have a value of I ; and those havi ng white co lor would have a value of O. Each 

character image was scaled to 16X 16 pixel size as di scussed above. This wo uld make up a 

total of 256 pixels for a single character image. The 8 output nodes represented the binary 

representati ons of predicted character values. On their test result Berhanu reported 35% 

recognition accuracy and Neguss ie reported that 16 characters were correctly classified out of 

38. 
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CHAPTER FOUR 

DESIGN AND DEVELOPMENT 

4.1. INTRODUCTION 

This chapter discusses about the primitive structures that fornl complex structures of the 

Amharic characters, rule/grammar fornlation, pattern generation and the teclmiques used to 

make the generated patterns suitable for attificial neural network input. It also includes the 

design and prototype developments of this study. The algorithms were coded using Microsoft 

Visual C++, as this research is the continuation of previous research works done at SISA. In 

some cases the modules codes used in the experimentation are presented where the Visual 

C++ codes are more understandable than their cOlTesponding algoritlmls. All the reports 

concerning the computational speed are based on a 256MB RAM Dell Computer having Intel 

(R) Pentium Processor with a speed of 1.70GHz. 

4.2. PRIMITIVE STRUCTURES IN AMHARIC CHARACTERS 

Identifying primitives tS a central component of structural/syntactic pattern recognition 

system. However, it is not easy to find primitives that effectively represent variations. 

Therefore some rules or criteria to select primitives are necessary. Mori et ai. (1999) gave the 

following guidelines for primitive selection. 

I . Primitives must conform with our intuitive notions of simpler components of a 

complex picture. 

2. Primitives must have a well-defined mathematical characterization. 
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3. Primitives and characterization must be subject independent. 

4. The shape description by primitive has the same complexi ty as the raw data in 

tel111S ofinfol111ation. 

5. When a full set is reduced to a th in set by some type of limiting processes, the 

regular shaped components should be reduced to regularly shaped thin 

components. 

Using these guidelines, Amin & Singh (1998) and Amin & Singh (1999) used a total of six 

primitives (Horizontal, Vertical, Backslash, Slash, Comer, and Dot) for recognition of hand­

printed Chinese characters. 

The Amharic characters are considered to have the best appearance when written as thick 

vertical strokes and thin horizontal strokes (Bender et al., 1976). Due to this fact much of 

horizontal strokes in Amharic characters have few pixel length and sometimes there doesn ' t 

exist especiall y in degraded documents. But sti ll , the people that can read and write Amharic 

will not be much confused with the absence of these horizontal strokes. 

For the purpose of this study, Amharic characters are characterized by basic primitives like 

I (vertical lines), / (fo rward slash), " (backward slashes), and • (appendages). All 

characters can be constructed from these basic primitives. Horizontal lines are used only to 

cormect these primitives. Of course, the type of connection helps to identify characters that 

are expressed by the same set of primitives. For example, U and n have the same set of 

primitives: { I , I }. But the connection ex isting between these characters c1assi fies one from 

the other. Simi lar examples can be \, H, and Jl where all are expressed by { I , I }. This and 
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other problems can be eliminated by describing the type of cOlmection between primitives. 

Therefore, the above examples can be identified as fo llows: 

\ := { I (bottom), I (top)}. 

H := { I (middle), I (middle)} . 

11 := { I (top), I (top)}. 

Generally, in Amharic character set there are three types of cOlmections, namely: top, middle, 

and bottom. In some characters like 'Ii primitives are connected to the ri ght at two middle 

points. Each primitive is connected to another primitive in one or more of the connection 

types. All Amharic characters are basically constructed by connecting one or more primitive 

structures. The only exception is Fi and its seven orders in which case there is no connection 

between ,, ~ "and "n". Even in this specific case each primitive in the character is connected 

to at least one another primitive. 

Loops can be considered as one primitive sll1ce there are many characters having loops. 

Especially, as indicated previously, the 5th order fonned by adding loops at the right bottom 

part of the basic character. But in Amharic documents many of them are scripted in 

unconnected style. For example, <P is sometimes written as (~ and thi s makes extracting loop 

features difficult. In addition, for the unconnected loops the primitive extraction resu lt would 

be very different from those that are extracted wel l. Taking the above example, this very high 

difference can be shown below. 

Case 1: Taking loop as primitive 

<P: = {o(connected to verticall ine),1 (cOimected to loop), o } 

(~ := {t (no connection) ,1 (middle-bottom), ,} 
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Case 2: Taking loop as two primitives connected at two points 

'i':= {, (top-middle, bottom-middle), 1 (middle-top, middle-bottom)" } 

,~ : = {, (no connection), 1 (middle-bottom), )} 

As can be seen there is much difference in representation of two different structures of the 

same character in case I than case 2. Therefore, it is helpfu l if a loop is considered as two 

vertical lines connected both at two points. 

4.2.1. The Vertical Line Primitives (I) 

In Amharic writing system vertical lines fDlm mall1 primitive of characters. There is no 

character without having at least one veliicalline primitive. However, as there is difference in 

their length, the vertical line primitives should also be re-classified to differentiate characters 

such as n, '1 and fl because all are represented by two vertical lines connected at the top. The 

same problem also ex ists in Ii, I'] and r'l. Sub-grouping vertical line as long, medium and short 

will lead to solve the problem at hand; and they are defined as fo llows. 

Long Vertical Line (LVL): a verti cal line that runs from the top to bottom level of the 

character. 

Medium Vertical Line (MVL) : a vertical line that touches either the bottom or top level of 

Short Veliical Line (SVL): 

the character but not both at the same time. 

a vertical line that touches neither the top nor the bottom 

level of the character. 
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Based on this classification of vertical lines, all Amharic characters having vertical line 

primi tives wi ll have no ambigu ity. And the above examples can thus be represented as 

follows : 

n := {LVL(top), LVL(top)} 

r) : = {MVL(top), LVL(top)} 

[l := {LVL(top), MVL(top)} 

n := {MVL(bottom), MVL(top),MVL(top)} 

I'J := {MVL(bottom), SVL(top),MVL(top)} 

,., := {MVL(bottom), MVL(top ),SVL(top)} 

4.2.2. The Appendage Primitives ("' ) 

This primitive is usually found at the beginning and ending of a hori zontal stroke. Its shape 

varies as ,, "' " and" • " . The first is fo und at the right end of the hori zontal stroke whi le the 

second is found at the left end of the horizontal stroke. In some cases both are also written 

likely as " . " . Someti mes it is very similar with the SVL plimitive. But in most cases the 

width height of this primitive are proportional where as in SVL, the height is slightl y greater 

than the width. 

4.2.3. The Backslash Primitive (" ) 

This is a primitive that deviates from the verti ca l line position to the left. It is found in 

characters such as n, n, and ~. There is no fUliher classification for these primitives. There is 

no long backward slash primitive that runs from top to bottom of a character. But if in case it 

occurs, there is no problem if it is considered as long veliical li ne. 
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4.2.4. The Forward Slash primitives (/) 

The shape of this primitive varies greatly. It includes shapes like f (as in h and II), I (as in 

7, ~ , and 'I) and / (as in 7', t. , t.) . Generally, fOlward slash primitives are those that 

deviate to the right from the normal vertical line. They can be further classified in to two: long 

and medium ; and they are defined as follows. 

Long Forward Slash Primitive (LFSP): a forward slash primitive that runs from top to bottom 

of character image. 

Medium Forward Slash Primitive (LFSP): a fOlward slash primitive that touches either the 

top or bottom of character image but not both at the 

same time. 

4.3. PRIMITIVE RELATIONSHIP HANDLING AND PATTERN 

GENERATION 

In chapter two, the advantage of structuraUsyntactic approach for pattern recognition IS 

discussed. It is described that the main advantage of thi s approach is handling of the 

relationship existing between primitives of a character. After primitives are extracted, they 

should generate a unique pattern consisting of primitives and relationships for each character. 

Generating a pattern of primitives and their relationships need a rule because different 

characters may generate the same pattern if there is no some sort of rule. For example, fA and 

I\, both have the same number and type of primitives. And as far as no rule is concerned they 

may generate the same pattern. 
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A: = {\ , ( , ,} 

1\. : = { \ , ( , ,i. 

But as can be seen, " , " is connected to "( " in the case of A. But in 1\. , " , " is connected to 

" \ ". Holding this information is important in pattern generation. One way of achieving thi s 

goa l is storing the primitive to which a primitive is connected. For example, the above 

characters can be expressed as follows. 

A: = { \ (( : middle), ( (\: top; , : midd le & bottom)" (( : top & bottom)} 

1\. : = { \ (f: middle; ,: middle & bottom), ( ( \: top)" ( \ : top & bottom)} 

Again this lacks to hold information about the direction of connection. It doesn't tell to which 

direction (left or right) the primitive is connected. If this information is added to the above 

example, classification will become too complex to deal with. The problem becomes worse 

for characters that are constructed from higher number of primitives. Therefore, thi s approach 

doesn't seem applicable. 

To solve the problem of holding info rmation about the direction of cOImection, a binary tree 

data structure having two pointers (for left and right) can be used. Using this approach the 

above characters are represented as follows. 

\ 

(a) I\. (b) A 

Figure 4. 1. Representation of primitives using binary tree. 
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There are three ways of traversing binary trees (Ammeraal, 1994). 

1. Preorder traversal: 

2. In-order traversal: 

traverses all nodes of a tree by traversing the root, then recursively 

traversing the left subtree, and then the ri ght subtree. Thus, the 

above examples are represented as follows. 

1\,:= {\, I , , } 

fA := { \ , I , , } 

traverses all nodes of a tree by recursively traversing the left 

subtree, then traversing the root, and finally the right subtree. Using 

in-order traversal, I\, and fA are represented as fo llows. 

1\, := {I, \ , ,} 

fA:= {I, " \ } 

3. Post-order traversal: traverses all nodes of a tree by recursively traversing the left 

subtree, then the right subtree, and finall y the root. Using post-order 

traversal the above examples are represented as fo llows. 

I\,:= {/ ",\} 

fA := {" I , \ } 

As shown above, pre-order traversal fails to classify fA and I\, because both generated the 

same pattern. Post-order traversal also has problem in that it doesn't tell whether " , " is found 

to the ri ght or left of " I " in character fA . If " , " were connected to the left of " I " , the 

sentence generated will also be {" I , \ }; the pattern doesn't change. But , using in order 

traversal , if " , " were connected to the left of " I "in character fA , the pattern would be 

{ \ , I , , }; different from {" I , \ }. Therefore, in-order traversal clearly generates stri ctly 

unique patterns for each character set in Amharic script. 
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Although binary tree solves the problems encollntered in generating a pattenl, it sti ll lacks 

holding information about the relationship between primitives. It is shown that the two 

previous ly discussed approaches, to generate pattell1, have their own good qualiti es together 

with their drawbacks . The first approach holds information about the relationships of 

primitives. But it lacks to generate different primitive pattell1s for different characters. The 

binary tree approach (in-order traversal) is effective in generating unique pattern for each 

character and also gives infornlation about the direction of connection. However, this 

approach has its own drawback for it doesn't give any information about the relationship 

between primitives. 

Combining the good qualiti es of the two approaches will give a complete method to generate 

primitive unique pattell1s having information about the relationships between primitives. As 

discussed before, all Amharic character primitives are connected to each other in one or more 

of the three connection types (top, middle, and bottom). The binary tree data stmcture should 

be modified to incorporate the three connection types. Instead of having only one left pointer, 

there should be three left pointers; one fo r each connection type. In the same way four right 

pointers are needed one for each connection type (at the right side two primitives can be 

corll1ected to the middle of a primitive; so, a total of four primitives can be connected to the 

right of a primitive). Therefore, the data structure will have a total of seven pointers. This 

combined approach gives the following tree data structure. 
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000 000 
\ Top Middle Bottoln) 

V 
Left 

(fop Middlel Midd le2 Bottoln'; 

V 
Right 

Figure 4.2. Tree structure developed for holding primitives of characters. 

The tree can be traversed by in-order approach, as in the binary tree, to generate pattern. First 

the left nodes are traversed; then the parent node follows and finally the right nodes are 

traversed. Now, the examples primitives of fA and II. can be represented by the tree as fo llows. 

Figure 4.3 . Representation of primitives using the developed tree structure. 
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Each node in the tree should have information about the type of connection between two 

cormected primitives. The cormection can be on one or more of the three connection regions . 

The pointers on the node of the tree structure (top, middle, bottom) describe the first detected 

region where a primitive is connected to another in one of the two directions (left, right). 

These pointers have no enough information about how the primitives are cOlmected to each 

other. They only gave a way to generate a pattern of primitives. Full connection information 

can only be found using Table 4.2 . Storing this connection information on the parent node has 

problems in that parent nodes have many child nodes. This means that the parent has to store 

information about all its children and this brings complexity. Rather, storing the connection 

information on the chi ldren has no difficulty because each child node has only one parent 

node. Therefore, every child node should have information on how it is connected to its parent 

node. 

This leads the data structure of primitives to look like as Figure 4.4. The data structure holds 

complete information about each primitive of all Amharic character set. 

strucl PrimiliveTree 
{ 

j, 

inl ConneclionType,PrimitiveType; 
int Top,Bollom,Left,Right; 
boo I Marked; 

struct Primitive Tree *LeftTop, *LeftMiddle, *LeftBottom; 
slruct PrimitiveTree *RightTop, *RightMiddleJ, *RightMiddle2, *RightBot/om, 

Figure 4.4. Data structure for storing primitives and their relationships. 

There are cases where a primitive is connected two other primitives as in O. If a primitive is 

connected with two other primitives that are in the primitive tree, the following rule is used to 
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build primitive tree: append full connection and primitive type information as usual for the 

first connected primitive and append only connection information for the second connected 

primitive. Using thi s rule the character 0 has the fo llowing primitive tree structure . 

Figure 4.5 . Primitive tree for the character o. 

4.4. NEURAL NETWORK APPROACH 

Previous works that attempted to use neural networks take inputs directly from the color 

values of pixels of character images. As discussed earlier, 256 input nodes were used. In th is 

study, neural networks do not take their input values from the color values of pixels of 

character images . But rather, neural networks are designed to take their input values from the 

patterns generated from primitives and their relationships of character images. Therefore, 

primitives and their relationships have to be converted into a form that can be accepted as an 

input by the neural network. Inputs of neural networks (BrainMaker) should be in the form of 

binary digits. Primitives and their relationships should be, therefore, represented by binary 

numbers. 

For Amharic character set, seven different primitive types and 19 relationships between the 

primitives (including no cOlmection) are identi fied (see Table 4.1 and Table 4.2). Seven 

primitives require a maximum of 3 binary digits (23=8) and nineteen relationships require 5 
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binary digits (25=32). Using th is fact each primitive is assigned a 3 digit binary number and 

each relationship is assigned a 5 digit binary number. The assignment of binary numbers is 

done in such a way that simi lar primitives have similar binary representation. The same logic 

is also used for binary representation of connection types. This binary number assignment is 

shown below in Table 4.1 and Table 4.3 . 

Primitive type Binary Decimal 
Representation Representation 

I (Long vertica l line) 
111 7 

I (Medium vertical line) 110 6 

I (Sh0l1 vertical line) 100 4 

I (Long forward slash) 
all 3 

/ (Medium fOlward slash) 
010 2 

" (Backslash) 
001 1 

.. 101 5 
(Appendage) 

Table 4.1. Binary representation of primitives of Amharic character set. 
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Additional connection 
First Middle Bottom Bottom Middle Middle 

detected Bottom Middle Bottom Middle Middle 
connection Bottom Bottom 

Middle Bottom 
Top n P 9 Top 

0 ~ B 
n ~ qu 0 'I B 

Top rl cj Middle 
rh <l' 

Top r Bottom 
n 

Middle h p q 6 Top 
rh <l' Ii'. n. 

Middle H Middle 
H 

Middle 
J-I Bottom 

l)J 

Bottom ., 
Top 

\ 
Bottom Lj Middle 

llj 

Bottom U Bottom 
U 

Table 4.2. Types of connections existing between two primitives of Amharic characters. 
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Type of connection 

TT 
TT MB 
TT BM 
TT BB 
TT MM BM 
TT MM BB 
TM 
TM BM 
TB 
MT 
MT MB 
MT BM 
MT BB 
MM 
MB 
BT 
BM 
BB 

Binary 
representation 

00000 
10000 
11100 
11010 
11011 
11110 
11111 
10001 
10010 
10101 
00100 
01101 
01100 
01001 
00101 
00111 
00010 
00011 
00001 

Decimal 
representation 

0 
16 
28 
26 
27 
30 
31 
17 
18 
21 

4 
13 
12 
9 
5 
7 
2 
3 
1 

Legend: 
T=Top 
M=Middle 
B=Bottom 

Table 4.3. Binary representation of relationships existing between primitives of Amharic 
character set. 

When a specific cOlmection is found, there should be some sort of rule to determine the 

connection region. As discussed earlier, two primitives can be cOlmected on more than one of 

the connection regions. For example, in B, two vertical line primitives are connected at three 

different regions (top-top, middle-middle, and bottom-bottom). Thus, to avoid ambiguity in 

detetmining the connection region, a rule is established which is stated as: the first detected 

connection type, as one goes /rol/1 top to down, is used as the connection region. Based on 

this rule, a summary that shows the connection region of different connection types is 

presented in Table 4.4. 
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Different cOlmection regions ex isting between two primitives 

'" g 
0 
t:: 
0 -u 
" § 
0 
U 

Left Top Left Midd le 
TT TM 
TT MB TM BM 
TT BM MM 
TT BB BM 
TT MM BM 
TT 
MT 
MT MB 
MT BM 
MT BB 

Legend: 
T=Top 
M=Middle 
B=Bottom 

Left Bottom Ri ht Top Right Middle Right Bottom 
TB TT MT BT 
MB TT MB MT MB BM 
BB TT BM MT BM BB 

TT BB MT BB 
TT MM SM MM 
TT MM BB MB 
TM 
TM BM 
TB 

Table 4.4. Types of cOlmections occurring at different regions of primitives of Amhari c 
character set. 

4.5. GENERAL DESIGN OF AMHARIC OCR SYSTEM 

The overall architecture of the Amharic character recognition system developed in thi s study 

is shown in Figure 4.6 below. 
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2 

1 

Training Phase I: 
.II Recognition Phase II "II 

, 8 Ir' , , 
I Document Image I I Document Image I .. .. 
r Digitization l I Digitization I .- .. 
I Segmentation II Database of Amharic characters I 

and their numeric codes I Segmentation I 
1 + + 

[Input pattern generatiol [output pattern generation from l 
from character images character codes 

Iinput pattern generation I 
from character images .. .. .. 

r 
Supervised training of the -I r Neural Network I 

uenerated Datterns 1 "I Mode l 1 

+ I Predicted output I 
pattern generation .. I Database of Amharic characters I I Character code I and their numeric codes oeneration .. + .. 

r 
Character l identification .-

I Text file I 

Figure 4.6. Block diagram of Amharic text recognition system. 

The above figure shows the block diagram of the Amharic recognition system developed in 

the present research. The first step in using the OCR system is to train a neural network and 

build a network model. Thus, training data is first prepared. To this end, the Amharic 

characters used for training the neural network is scanned and digi ti zed using an optical 

62 



scanner. Then, the digitized image is segmented in to individual characters. Subsequently, 

primitive structures and their relationships of characters are extracted and input pattems will 

be generated from the primitives and their relationships. Since supervised learning is used in 

the course of training the network, output patterns are generated from a character representing 

the segmented character image. Thus, characters are selected from a database containing a list 

of Amharic characters and their con-esponding numeric values. The numeric va lues are used 

to generate output pattern. Then, the patterns generated are used as input data for the neural 

network. The network is trained with varyi ng network parameters and the best model wi ll be 

selected. 

The next step in the recognition system is preparing input pattem for the test case. Up to input 

pattern generation the steps are the same as those used to prepare training data. But, in thi s 

case, output pattem is not needed as it is to be predicted by the system. The input pattem is, 

then, submitted to the selected neural network model. As a result, the network generates 

output pattems, which can be used to generate numeric values of characters. The generated 

number is compared with the characters' numeric values in the database. If the generated 

number is equal to anyone of the numeric values of characters, then the character will be 

selected as recognized. Othelwise, if there is no any match, the system will result in an 

unknown character. 

4.6. PREPROCESSING 

Preprocessing helps to improve recognition accuracy of many OCR systems because it 

reduces unwanted complexities of an image. Preprocessing algorithms done so far for 

Amharic characters that are inline with the present study are integrated to the Amharic OCR 

developed. 
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4.6.1. Digitization 

In order to convert an analog paper text in to digiti zed image, a Scanjet Pro scanner was used. 

And while scarll1ing gray level image was made to be converted in to monochrome bitmap 

(.BMP) format. This was then used for further preprocessing and recognition techniques. 

4.6.2. Segmentation 

As stated previously, the stage by stage segmentation algorithm that was used by Worku 

(1997), Ennias (1998), Dereje (1999), Million (2000) and Negussie (2000) works well for 

uncormected and non-skewed characters. This algorithm has three procedures: line 

segmentation, word segmentation and character segmentation. Therefore, the present study 

uses this algorithm to segment characters. It is clear that when the font size changes the spaces 

between words in a sentence and characters in a word also changes. Thus segmentation 

algorithm was modified in such a way that it should adapt the environment for different font 

sizes. The modified algorithm is given below and see Appendix VII for implementation. 

Segment each line 
• Segment each character 

• Calculate the value of the space between each character 

• Sorl the values of the spaces in ascending order 

• Calculate DifferenceOJ=Space(j)-Space(j- l), for )=2,3,4, .... n where n= the number of 

space values 

• Find the first Difference(j) (X»=Threshold Value, for ) =2,3,4, ... . n where Threshold 

Value is set thorough experimentation. (For this study, Threshold Value=5 is effective 

to separate words.) 

• For two neighboring characters if the space between them is less than X. then they 

are characters ill a word. Otherwise, they are considered as characters in two 

different words. 

The sample output of this implementation is shown in Figure 4.7 (b). 
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4.6.3. Identification of Character Boundary 

This is the step where the character image boundaJY is identified. The input to this step is the 

segmented document image. It is used to determine the height and width of each character 

image, which is, in turn, used to determine the identity of primitives. After the segmentation 

preprocessing is fini shed, the character image boundary can be identified by the following 

algorithm; and the algorithm is implemented for each segmented character image as shown in 

Figure 4.7 (c). 

For each segmented character image 
{ 

} 

Top = BottomLevelOfSegmentedCharacter; 
Bottom = TopLevlOfSegmentedCharacter; 
Left = RightSideOfSegmentedCharacter; 
Right = LeftSideOfSegmentedCharacter; 

from (i= LeftSideOfSegmentedCharacter to i<= RightSideOfSegmentedCharacter) 
from 0= TopLevlOfSegmentedCharacter to j<= BottomLevlOfSegmentedCharacter) 

} 

{ 
if (Pixel(i,j) = Black) 
{ 

} 

if(j<Top) Top=j; 
if(i<Left) Left=i; 
if(i>Right) Right=i; 
if(j>Bottom) Bottom=j; 

hnn nri nr'l 
rn 11.tt ITII" rn n m 

(a) 

BDD.[m.D~ 
!JJ! OJ &-.m O.!JJ! 0 III 

(b) 

'~OD OlJ OLl 
lJJl [E gJ ill !J IJJI 0 [[I 

(c) 

Figure 4.7. Results of the segmentation and image boundary extraction algorithms. 

(a) . Samplt texi irnage. (b). Segrnentation. (c). Boundary extraction. 

65 



4.7. PRIMITIVE EXTRACTION 

Primitive ex traction involves the selection of character sub-pattell1s by grouping pixels having 

similar colors and regions. To extract primitives in Amharic character set, there is no 

previously developed algori thm. However, the idea to identify primitive structures was taken 

from Amin & Singh (1998) and Amin & Singh (1999). As di scussed previously chapter 

Amin& Singh used a total of six primitives fo r hand-pri nted Chinese characters. 

One way of grouping pixels of the same region and color is searching rectangular regions 

filled with black pixe ls in the character image. A primitive is then formed from the 

combination of one or more rectangular regions. 

This approach checks evety combination of pixels in the segmented area of a character. The 

growth in combination of pixel rectangles is exponenti al which has a drastic impact on the 

time required to extract primitive structures. For example, if a segmented region is IX I pixels 

size the number of comparisons made will be I. For IX2 pixels size region the number of 

comparisons is 3. For IX3 it becomes 6. The tab le below shows li st of di fferent combinations 

of rectangular shapes in a specific segmented region and the time elapsed to accomplish the 

task. 
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Segmented area Rectangular areas in th, Total # of RectangulaJ Time elapsed 
region (x I ,yl ,x2 ,y2) regions 

IXI (1 ,1,1,1) (1 ,1,1,1) I < Isec. 
IX2 (1,1,1,2) (1 ,1,1,1) < Isec. 

( I , I , I ,2) 3 

(1 ,2, I ,2) 
I X3 ( 1,1,1,3) (1 ,1,1,1) 6 < I sec. 

(1,1,1,2) 

(1 ,1,1 ,3) 

(1 ,2, 1,2) 
(1 ,2, 1,3) 
(1 ,3, 1,3) 

2X3 (1 ,1,2,3) (1,1 ,1, 1) 18 < Isec. 
(1,1 ,1,2) 
(1,1,1 ,3) 
(1 ,2, 1,2) 

(1 ,2, 1,3) 

(1,3 ,1,3) 

(1 ,1,2, 1) 

(1,1 ,2,2) 
(1,1,2,3) 
(1,2,2,2) 

(1,2,2,3) 

(1 ,3,2,3) 
(2, I ,2, I) 
(2, I ,2,2) 

(2,1,2,3) 

(2,2,2,2) . 
(2,2,2,3) 
(2,3,2,3) 

39X24 (1 ,1,39,24) (1 ,1,1, I) ... (39,24,39,24) 234,000 2min. & 3sec. 
40X25 (I, 1,40,25) (1,1,1 ,1) ... (40,25,40,25) 266,500 2min. & 33 sec. 
AXE (1,1 , A, B) (1,1 ,1,1) ... (A, B, A, B) [1+2+3 . . . +(A-I)+A] x 

[1+2+3 ... +(B-I )+B] 

Table 4.5. Rectangu lar regions fonned from pixel coordinates of a given segmented region 
and the time elapsed to accompli sh the task. 

Black pixe ls are excitatory where as white pixels are inhibitory of a rectangular region. The 

rectangular region is evaluated by the values of pi xels it contains. A simple ca lculation to get 

the va lue of a rectangle of dimension of (x I , y l , x2, y2) is given as follows: 
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Let 
(x' y, I 

B=. '5"' '5"' l)'xe!(' . n. where l)'xe!(i. i) = BLACK . 
1--' . ) 
\i=xl j =YI 

Value (xl ,yl ,x2,y2) = B - W 

This value is calculated for every combination of rectangular regions In the segmented 

character image and the one having the highest value is selected. The value of the rectangular 

region can be adjusted not to contain white pixels. This could be done by increasing the 

values of the inhibitor (white pixel). If the rectangular region contained more inhibitors its 

value would decrease drastically. In effect, it would not be selected. Implementing this logic 

gave the following results for the given types of image structures. The boundaries of the 

rectangular region having the highest value is colored with red . 

Structure 
Rectangular region having highest value 

Value=B-OxW Value=B-lxW Value=B-2xW Value=B-20xW 

- - - - -
I I I I I 
( I I ( ( 

I I I I I 
\ 11 l , , 
) ~ ) ) ) 

Table 4.6. Rectangular regions selected as having the highest values. 
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The interpretation of the formula used is given below. 

Value=B-OxW: In order to increase the dimension of the rectangular region, a black pixel is 

needed. 

Value=B-lxW: In order to increase the dimension of the rectangular region, at least a black 

pixel should exist for each white pixel added due to the increase in 

dimension. 

Value=B-2xW: In order to increase the dimension of the rectangular region, at least two 

fold black pixels should exist for each white pixel added due to the 

increase in dimension. 

Value=B-20xW: In order to increase the dimension of the rectangular region, at least twenty 

fold black pixels should exist for each white pixel added due to the 

increase in dimension. 

When each of the above formula were implemented on Amharic text, the following results 

were found. 

(b) •••••••••••••••••••••• 

(c) 

(d) 

(e) 

Figure 4.8. Results ofpattem extraction algorithm implemented on Amharic text. 

(a) 
(b) 
(d) 

Original image. 
Value=B. 
V alut:- B-2x \v . 

(c) Value=B-W. 
Value=B-20x\;V 
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After each rectangular region is identified, a threshold is used to classify the region into 

primitives and cOl/nectors. The threshold is set through experimentation and a primitive 

should satisfy the following condition (see Appendix VII). 

• The number of black pixels the rectangle contains must exceed 4. This also helps to 

remove noise pixels created during scanning. 

• The height of the rectangle should be greater than its width. 

If the rectangle does not satisfy the above-mentioned criteria, it will be considered as a 

cOimector. The red-colored rectangular region shows the primitives selected based on this 

criteria. 

As can be observed from the above figure, as the value of inhibitors (white pixels) increase, 

primitive extraction becomes more and more accurate. Because of this trend a randomly 

selected velY large number, 2000, is used to multiply inhibitors (white pixels) . This strictly 

prohibited the rectangular region from including white pixels. To favor primitives, another 

criterion was added through experimentation. The criterion was the area of the rectangular 

region. Observation showed that most primitives are thicker than the connectors and thus have 

higher area. This helped to give higher priority for primitives and they could be selected first 

than cormectors of the same value. By including all the above criteria, code was developed 

for the primitive extraction of Amharic characters (see Appendix VII) . 
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4.8. PATTERN GENERATION 

After primitives of a character have been extracted a pattern has to be generated for the 

training and recognition system. But, in order to generate a pattern of primitives (sentence), 

the primiti ves themselves should be stored in some standard way. As discussed before, a tree 

data structure is used for primitive storage. After primitives are extracted, the whole task of 

pattern generation has the following three procedures: selection of the root primitive, 

construction of primitive tree and parsing the primitive tree. 

4.8.1. Selection ofthe Root Primitive 

The difference in the selection of the root primitive (the starting symbol in formal language 

theory) in the construction of primitive tree may result in the difference of patterns generated 

for a single character. Therefore, there should be a standard way to select the root primitive. 

An algorithm developed for selection of root primitive was taking the left top primitive of the 

character image. This was implemented and promising result was found. That is, for any two 

Amharic character images having di fferent structures, they didn 't produce the same pattern 

and for the same character it always have the same root primitive. 

The algorithm developed for selecting the root primitive is the following. 

GET A LIST OF EXTRACTED PRIMITIVES 

Set the first detected primitive as the root primitive 

While (there are next primitives in the li st) 

{ 
CUlTent primitive=next primitive in the list 

If (current primitive is cormected at the left top of root primitive) 
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} 

Root primitive=current primitive 

Else If (cun-ent primitive is connected at the left middle of root primitive) 

Root primitive=current primitive 

Else If (cun-ent primitive is cOlmected at the left bottom of root primitive) 

Root primitive=current primitive 

4.8.2. Construction of Primitive Tree 

Once the root primitive is found the next step is construction of the primitive tree. As stated 

before, the primitive tree is used to hold primitives ' information and their relationship. A 

recursive algorithm is used to implement thi s procedure. A C++ implementation of the 

procedure is given below. 
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void CEthiopicOCRView::Bui ldPrimitiveTree(struct Primi tiveTree 'CuITPrimTreePtr) 
{ 

if(LeftT opPrimitive( CurrPrimTreePtr -> PrinlNo)! ~O) 
{ 

AddLeftTop(CurrPrimTreePtr, LeftTopPrimitive(CurrPrimTreePtr->PrimNo»; 
B u ildPrimi tiveT ree( CurrPrim TreePtr -> LeftT op); 

if(LeftMiddl ePrimi tive( CurrPrimTreePtr -> PrimNo) I ~O) 
{ 

} 

AddLeftMiddle(CuITPrimTreePtr,LeftMiddlePrimitive(CurrPrimTreePtr->PrimNo»; 
B u i IdPrimi tiveTree( CUITP rimTreePtT-> LeftM idd Ie); 

i f(LeftBottomPrimitive( CurrPrimT reePtr ->PrinlNo) ! ~O) 
{ 

AddLeftBottom(CurrPrimTreePtr,LeftBottomPrimitive(CurrPrimTreePtr->PrinlNo»; 
BuildPrimitiveTree(CurrPrimTreePtr->LeftBottom); 

i f(RightT opPrimi tive( CurrPrimTreePtr ->PrimNo)! ~O) 
{ 

AddRightTop(CurrPrimTreePtr,RightTopPrimitive(CurrPrimTreePtr->PrimNo»; 
BuildPrimitiveT ree( CurrPrimTreePtr ->RightT op); 

i f(RightMiddle I Primit; vee CurrPrimTreePtr-> PrinlNo)! ~O) 
{ 

AddRightMiddle I (CurrPrimTreePtr, RightM iddle I Primiti vet CurrPrimTreePtr -> PrinlN 0» ; 
B u ildPrimiti veTree( Curr PrimTreePtT->RightMiddle I); 

i f(RightM iddle2Primi tive( CurrPrimTreePtT->PrinlN o)! ~O) 
{ 

} 

AddRightM iddle2( CurrPrimTreePtr, R ightM i rlrlle2Primitive( CllrrPri mTreePtr->PrinlN 0» ; 
BuildPrimitiveTree(CurrPrimTreePtr->RightMiddle2); 

i f(RightBottomPrimi tive( CurrPrimTreePtr -> PrimNo) ! ~O) 
{ 

AddRightBottom(CurrPrimTreePtr,RightBottomPrimitive(CUITPrimTreePtr-> PrimNo»; 
BuildPrimitiveTree(CurrPrimTreePtr->RightBottom); 

Figure 4.9. Implementation of primitive tree construction. 

The function LeflTopPrimitive(CurrPrimTreePtr->PrimNo) retUl11S primitive numbers if 

there is anyone connected at the left top region of the current primitive. If there isn' t any it 

retUl11S O. In addition, if a primitive is connected at the left top region of the current primitive, 

the connection type also determined here (based on Table 4.3 ). The implementation of the 

function is here below. Other simi lar functions use the same logic and for their 

implementation see Appendix VII. 
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int CEthiopicOCRView: :LeftTopPrimitive( int CurrPrimNo) 
( 

} 

int RetValue,ConType=O; 
boo I COImected=FALSE; 
boo I TT=F ALSE,MT=FALSE,BT=F ALSE,MB=FALSE,BM=F ALSE,MM=FALSE,BB=FA LSE; 
struct PrimitiveList *CurrPrimPtr; 
CurrPrimPtr=RootPrim; 
while«!Connected)&&(CurrPrimPtr! =NULL» 
{ 

if( (!CunPrimPtr ->M arked)&&( CurrPrimPtr->PrimN 0 I=CurrPrimN 0» 
( 

)/li f 

TT=TopTopConnection(CurrPrimPtr->PrimNo,CurrPrimNo); 
MT=MiddleTopConnection(CurrPrimPtr->PrimNo,CurrPrimNo); 
BT=BottomTopConnection(CurrPrimPtr->PrimNo,CurrPrimNo); 
MB=MiddleBottomColmection(CllrrPrimPtr->PrimNo,CllrrPrimNo) ; 
BM=BottomMiddleConnection(CllrrPrimPtr->PrimNo,CllrrPrimNo) ; 
MM=MiddleMiddleCOImection(CurrPrimPtr->PrimNo,CurrPrimNo); 
BB=BottomBottomConnection(CurrPrimPtr->PrimNo,CurrPrimNo); 
if(TTII MTIIBT) 
( 

Connected=TRUE; 
if(TT) 
( 

} 

ConType=16; 
if(MB) ConType=28; 
if(BM) ConType=26; 
if(BB) ConType=27 ; 
if(MM) 
( 

if(BM) ConType=30; 
if(BB) ConType=3 1; 

else if(MT) 
( 

} 

ConType=4; 
if(MB) ConType= 13; 
if(BM) ConType= 12; 
if(BB) ConType=9; 

else if(BT) ConType=2; 

if(! Connected) CurrPrimPtr=CurrPrimPtr->Next; 
} IIwhile loop 
if ( !Connected) RetValue=O; 
else 
{ 

ClllTPrimPtr->ConnectionType=ConType; 
RetValue=CurrPrimPtr->PrimNo; 
rehlrn RetValue; 

Figure 4,10, Implementation to check if there is a primitive is connected at the left top 
position of another primitive, 
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The function TopTopConnection(CurrPrimPtr->PrimNo,CurrPrimNo) checks if the two 

primitives (having Plimitive numbers CurrPrimPtr->PrimNo and CurrPrimNo) are connected 

111 top-top mode. If there is successful connection, the function returns TRUE; otherwise it 

returns FALSE. The implementation of this function is give below. Other similar functions 

use the same logic and for their implementation see Appendix VII. 

boo! CEthiopicOCRView: :TopTopConnection(int LeftPrimNo, int RightPrimNo) 
{ 

/I Tests if there is a top-top connection between two primitives 
/I whose unique numbers arc LctlPrimNo and Ri ghtPrimNo. 
/1 LcftPrimNo is the unique number of the primitive found in the left and 
II RightPrimNo is the unique number of the primitive found in the right side. 
II lftep-top connection exists it returns TRUE, other wise it returns FALSE. 

bool TIC=FALSE,Done=FALSE; 
Siruct PrimitiveList *LeftPrimPtf,*RightPrimPtr; 
struc! ConnectorList *CurrCon Ptr; 
LctlPrimPtr=RootPrim; 
RightPrimPtr=RootPrim; 
CurrConPt r=RootCon; 
whilc«LeflPrimPtr->PrimNo!=LeflPrimNo)&&(LeftPrimPtrl =NULL» 

Left P ri m Ptr= Left P ri m P tr -> N ext; 
whilc«RightPriI11Ptr->PrimNo!=RightPrimNo)&&(RightPriI11Ptr!=NULL» 

RightPrimPtr= RightPri mPtr->Next; 

while«CurrConPtr!=NULL)&&(! Done)) 
{ 

if((LeftPrimPtr->Top-CurrConPtr->Top<=CurrConPtr->Bottom-CurrConPtr->Top+ 1 )&& 
(Cu rrConPtr->Bonom-LeflPrimPtr->Top<=CurrCon Ptr->Bottom-CurrConPtr->Top)&& 
(CurrConPtr->Right -LeftPrimPtr->Right>= 1 )&& 
(CurrCon ptf -> Left -LeflPrimPtr -> Right<= I )) 
{ 

) 

i f((R ightPrimPtr-> T op-CurrCon Ptr -> Top<=CurrConPtr -> Bottom-CurrConPtr-> Top+ 1 )&& 
(CurrConPtr->Bottom-RightPrimPtr->Top<=CurrConPtr->Bottolll-CurrConPtr->Top)&& 
(R ightPri mPtr-> Lcfl-CurrConPtr ->Lefl>= I )&& 
(CurrCon Ptr->Right-Right PrimPtr->Lefl>=-1 )) 

TIC=TRUE; 
Done=TRUE; 

CurrConPtr=CurrCon Ptr->Next; 

return TIC; 

Figure 4.11. implementation of detection of top-top connection between two primitives. 

The functi on A ddLeft Top(Cu rr Prilll TreePI r,Left Top Pri III iti ve(Cu rrPri III TreePI r- > PriIllNo)) appends 

the detected left top primitive at the left top pointer of the cunent primitive in the primitive 
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tree. The implementation of thi s function is given below. Other similar functions use the same 

logic and for their implementation see Appendix VII. 

void CEthiopicOCRView::AddLeftTop( struct PrimitiveTree *CurrPrimTreePtr, inl PrimitiveNo) 
{ 

/1 Appends a primitve whose unique number is PrimitiveNo at the left-top position 
II of the node of the PrimitiveTree pointed by CurrPrimTreePtr. 

struct PrimitiveList *CurrPrimPtr; 
struct PrimitiveTree *NewPrimTree; 

NewPrimTree=new PrimitiveTree; 
NewPrimTree->LeftTop~NULL; 

NewPrimTree->LeftMiddle~NULL; 

NewPrimTree->LeftBottom~NULL; 

NewPrimTree->RightTop~NULL; 

NewPrimTree->RightMiddle 1 ~NULL; 

NewPrimTree->RightMiddle2~NULL; 

NewPrimTree->RightBottom~NULL; 

CurrPrimPtr=RootPrim; 
while«CurrPrimPtr->PrimNo!~PrirnitiveNo)&&(CurrPrimPtrr~NULL» 

CurrPrimPtr=CurrPrimPtr->Next; 

CurrPrimPtr->Marked~TRUE; 

NewPrimTree->Pri.mitiveType- CurrPrirnPlr->PrimiliveTypt:; 
NewPrimTree->ConnectionType=CurrPrimPtr->CollnectionType; 
NewPrimTree->PrimNo=PrimitiveNo; 

CurrPrimTreePtr->LeftTop=NewPrimTree; 

Figure 4 .1 2. Implementation of appending a primitive at the left top position of another 

primitive that is already appended in the primitive tree. 

All the above procedures work only if there are sllccessful connections between primitives in 

a character. A primitive may not be connected to any other primitive, lIsually for two reasons. 

The first is due to absence of connection, for example, in degraded documents. The second is 

that sometimes the system developed may not detect connectors between primitives. In order 

to improve recognition accuracy, the unconnected primitives should also be included in the 

primitive tree 111 their right position but with no connection type information 

(Connection Type=O). Observation showed that most unconnected primi tives are considered 
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as if they are cOJUlected to an immediate right primitive. Thus, an immediate right primitive is 

searched in the list of primitives and if found, the position of this primitive is again searched 

in the primitive tree. Finally, the uncOJUlected primitive is appended at an empty pointer of the 

right position. If there is no immediate ri ght primitive an immediate left primitive is searched 

and the same procedure is app li ed as previous. The C++ implementation of thi s module (void 

CEthiopicOCRView:: AppendToPrimitiveTree(int PrimitiveNo)) is found in Appendix VII. 

Once the primitive tree is built the next step is generation of patterns [yom primitives. 

4.8.3. Generation of Patterns of Primitives 

Generation of input patterns of primitives use the same logic as primitive tree construction 

procedures. In-order tree traversal is used to parse the tree. The t1u·ee left nodes are parsed 

first and then the parent node is parsed; finally the right nodes are parsed. A recursive 

algorithm is also used to generate pattems of primitives. The C++ implementation is given 

below. 

void CElhiopicOCRView;;GeneralePattern(struct Primit iveTree *PrimTreePtr) 
( 

i f(Pri mTreePtr!=NULL) 
( 

i f(PrimTreePtr -> LcftTop!=N U L L) GcncratcPattem(PrimTreePtr -> LeftT op); 
i f(Pri mTrccPtr-> LcftM iddle 1= NULL) GcncratePattern(PrimTrecPtr-> LcftM idd Ie); 
if(PrimTreePtr->LcftBottom!=NULL) GcneratePattern(PrirnTrcePtr->LcftBotlom); 

BinarizePrimitive(PrimTreePtr->Conncct ionTypc,PrimTreePtr->Primiti vcType); 
i f(Pri mTreePtr ->RightTop! =N U LL) GeneratcPattern(PrimTreePtr ->RighITop); 
if(PrimTreePtr->RightMiddlc I !=NU LL) GcncratePattern(PrimTreePtr->RightM iddlc I); 
if(PrimTreePtr->RightMiddle2 b NULL) GcncratcPattcrn(PrimTreePtr->RightMiddle2); 
if(PrimTreePtr.>RightBottom!=NULL) GcneratePattern(PrimTrccPtr.>RightBoltom); 

Figure 4.13. Implementation of input pattern generation. 

The BillarizePrill1 itive(Prim TreePtr- > Co/IJlectiol/ Type, Prim TreePtr-> Prim itiveType) mudule 

changes decimal number representation of connection type of a primitive in to fi ve-digit 

binary number and primitive type of a primitive in to t1u·ee-digit binmy number. And finally, 
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the module writes the result to a text file which is to be used by the neural network either for 

training or testing. If the number of binary digits generated from patterns of primitives is less 

than 64, a series of O's is written on the file until the total number reaches 64. This is to 

generate the same number of binary digits as the longest number of binary digits (the Amharic 

character ill has the maximum number of primitives, i.e., 8. Thus it has 40 binary digits 

for connection types (remember that each primitive has one connection type and each 

cOlmection type is represented by 5-digit binary number) and 24 binary digits for primitive 

types (each primitive type is represented by 3-digit binary number). This gives a total of 64 

binary digits. It means that the number of strings generated by the system is 64. 

4.9. TRAINING PATTERNS WITH NEURAL NETWORK 

In the previous sections the image data is processed and changed in to a 64-digit binary 

number. This 64-digit binary number is used as input to the neural network. The learning 

system used in this study is supervised leal11ing because the neural network system should be 

told to which character each segmented image belongs. Therefore, in the training phase the 

neural network have infol111ation about the class of the input pattern. To tell the neural 

network that this 64-digit binary number belongs to an Amharic character, for each segmented 

character image in the document, a dialog box that contains all Amharic characters is 

displayed. 

78 



hnn n(1 nl'l Dialog ~ 

Select the Cha,octer 

OK 

Ignore 

Cancel 

Figure 4.14. A dialog used box to select a character to which an image belongs. 

All Amharic characters are stored in the database and all characters are given numeric codes. 

The Unicode value of characters was not used because some Amharic characters are 

represented by two Unicode values (e.g. n·). The trainer selects one of those characters and 

gives it to the system. Then the corresponding character code is changed in to 8-digit binary 

number (the number of Amharic core characters is 23 1 and can be represented by 8- digit 

binmy numbers). This 8-digit binary number is written in the text file in front of the generated 

64-digit binary number. Thus, a total of 72-digit binary number is used to represent both the 

actual character (the first 8 digits) and the character image (the last 64 digits). 

Due to limitation of time from the 231 Amharic core characters, I 18 of them were used to 

train the network. The characters were typed with VG2000 Agazian font type of sizes 10 and 

12. Then the documents were prepm'ed for training using the procedures previously discussed. 
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BrainMaker neural network software has an associated tool, NetMaker that converts text fil es 

into BrainMaker network files. In the NetMaker tool , the first 8 columns are assigned as 

output patterns and the next 64 columns are assigned as input values, as shown below. With 

this network file training can then be started . 

Ne-tMaker - 6ramRfS.hct .. r 

0 0 I 0 0 0 0 0 0 

2 0 011 0 0 0 0 0 

3 0 0 0 0 0 0 0 

~ 0 0 1 0 0 0 0 

5 0 0 0 0 0 0 0 0 0 0 

6 0 0 0 0 0 0 0 0 0 

7 0 0 0 0 0 0 0 0 

8 0 0 0 0 0 0 0 0 0 

9 0 0 0 0 0 0 0 0 

10 0 0 0 0 0 0 0 0 

11 0 0 0 0 0 0 0 

12 0 0 0 0 0 0 0 0 

13 0 0 0 0 I 0 0 0 0 

14 0 0 0 0 0 0 0 0 

15 0 0 0 0 0 0 0 

16 0 0 0 0 0 0 0 0 

17 0 0 0 0 0 0 0 

18 0 0 1 0 0 0 0 0 

19 0 1 0 0 0 0 0 0 0 

£ 
Figure 4.15. Preparing BrainMaker network file using NetMaker tool. 

The neural network training procedure used in this study was the one used by Berhanu (1999). 

The flowchart of the procedure is given below. 
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Determine neural network size (number 
of input, hidden, and output nodes) 

Decide on the node activation function 
to be used 

Initialize the network weights 

Training the neural network using the 
,--------- 01 back propagation algori thm and the 

se lected training data set 

Vary the number of hidden 
nodes and/or re-initiali ze the 

weights 

No 

Network 
performance 

good? 

No 

Yes 

Training time, 
error goal or 

epochs satisfactor 

Yes 

Save weighLs. Ifnetwork 
performance is satisfactory, stop. 

Test network 

Figure 4.16. Flowchart of neural network training. 

Using thi s procedure, the number of input nodes and output nodes were determined as 64 and 

8 respectively. Initially, training was started based on the default network parameters 

(learning rate= 1.0; neuron function= sigmoid; training tolerance=O.IOO; testing 

tolerance=0.400; training noise=O.OO; number of hidden layers= l ; number of hidden nodes= 

64; network weights=small randomly chosen numbers; number of test data= 10% of the data 

set) and gave the fo llowing network progress. 
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0.000 0.500 1.000 

0.000 
Runs 1 to 200 shown 

Figure 4. 17. BrainMaker Network progress using default parameters. 

This data was tested with the whole data set (both training and test sets) and seven characters 

were classified as unknown. 

Training had been continued by changing the di fferent network parameters until the desired 

perfOlmance was registered. Finally, a network model was selected that recognized all the 

data set. The model had the following network parameter changes over the default settings: 

Learning rate= 0.250; Connection noise=O.1 00. 

1.000 

0.000 
Run s 1 to 200 shown 

Figure 4.18. BrainMaker Network progress fo r the selected model. 

There were no bad data for the network. The Average and RMS Errors were 0.0299 and 

0.0420, respecti vely. 
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4.10. RECOGNITION 

Recognition of the Amharic OCR system developed in this study is based on the outputs of 

the neural network model selected as the best. The procedures for input pattern generation 

from the character images are the same as previously used algorithms. But, here only the 

pattern of character images is needed. This pattern will be fed in to the developed neural 

network model and the network tests the pattem and predicts an output. The output pattern is 

conve11ed into decimal number. The system classifies/recognizes based on the generated 

decimal number, as discussed in section 4.5. The procedure is summarized in Figure 4.6. 

4.11. AN IMPROVED PRIMITIVE EXTRACTION ALGORITHM 

The algorithm used so far for primitive extraction had drawbacks. The time it took to extract 

all primitives and connectors was too long. This was so because each combination of 

rectangular shape in the segmented region was considered for the existence of primitives and 

connectors. Besides, there was variation in time during extraction of primitives. The 

experiment showed that time variation comes in two cases. 

(i) Font size variation 

As the font size increases, obviously the rectangular regions to be compared wi ll also 

increase. As a result of this the time needed also increases. As shown in Table 4.5, a small 

increase in segmented region may cause very high increase in time elapsed. 

(ii) Font type variation 

Font types having' rectangular primitives needed less time than primitives of paralleleogramic 

shapes. As stated earlier, paralleleogramic and curved primitives are considered in this 

algoritlml as the combination of two or more rectangular primitives. This increases the time 
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needed to extract all rectangular primitives in a single non-rectangular primitive. The result 

of the experiment concerning the effect of font type and font size variation on the time 

elapsed to extract primitives is shown below. 

Character Font type Font size Output 
Time elapsed to 
extract all primitives 

ali" 
AGF-Zemen 14 m 45 sec. 

I.D ALXEthiopian 14 £tI: 1 min. & 16 sec. 

m: VGMain 2000 14 m: 3 min. & 3 sec. 

m VG2000 Agazian 14 m 21 sec. 

~ AGF-Zemen 20 ~ 7 min. & 27 Sec. 

Q;); ALXEthiopian 20 ~ 15 min. & 15 sec. 

(J;l: VGMain 2000 20 Q;\: 20 minutes 

ill VG2000 Agazian 20 III; 1 min. & 27 sec. 

Table 4.7. Comparison of computational speeds of different font types and sizes. 

The time needed to finish extraction of primitives and connectors is highly dependent on the 

type of the font. A primitive having vertical shape can be detected by one pass. But if the 

primitive is non-rectangular, this algorithm considers the primitive as the combination of 

muTe than Oile rcctanguiar ::,hapes and so It needs many passes to ti nlsh extractlon. 

As can be seen, even though primitives and connectors are extracted fairly this approach is 

impractical due to its slowness. This led the researcher to find another approach to extract 

The second approach is based on the assumption that primitives of character image are built 

fro m a group of black pixels that form a series of similar height columns and similar width 

fljW~. ThercliJTc, the tir:,t step ill pnf111tivc cxtnH': l iun i~ cJi.tractmg cuiumn anu ruw 
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information of the segmented character image. Then, column and row information is tested if 

they are similar to their neighbors. If they are similar then they belong to the same primitive; 

other wise not. This whole process includes the fo llowing steps. 

1. Collection of column information with in the boundary. 

After the boundary of the character image is identified, as in the prevIOUS algoritl1l11 for 

primitive extraction, all columns pixel information is extracted. This helps to identify a single 

pixel wide vertical line. Each column information is collected, i.e., when a column containing 

series of black pixels is found the column number, begirming and ending points are registered. 

The column number is the x-value of the pixel and the beginning and ending points are row 

numbers, i. e., the y-value. In a column there may exist more than one column information (as 

in the case of C) . In thi s case, even though their column number is the same they differ from 

one another in their begilll1ing and ending points. With thi s idea, all the columns information 

within the boundary of the character image are handled. The data structure used to implement 

this step is the following. 

struct Column Info 
{ 

int ColumnNo; II the column number ,i.e. , the x-value of the pixel 
int BegPnt,EndPnt; II the row number where the column information 

II begins and ends, i.e., the y-value of the pixel 
boo I NewCol; II used to mark if new column-wise primitive is expected to exist 

II at the fo llowing column and will be used by steps 5 and 6. 
II At thi s step only the first co lumn information is set to TRUE. 

struct Columnlnfo *Next; II a pointer used to point to the next column information 
} ; 

ColumnNo= I3 ColumnNo=14 ColumnNo=I4 ColumnNo=15 ColumnNo= 15 
BegPnt=20 r-. BegPnt=20 r-. BcgPnl=32 r-+ BcgPnt'=20 r--. BcgPnt=3 1 r--. EndPnl=27 EndPnt=27 EndPnt=40 EndPnt=27 EndPnl=40 NULL 

NewCol=TRUE NewCo]=FALSE NewCol=FALSE NcwCol=FALSE NewCol=F ALSE 

Figure 4.19. An example that shows how column information is handled. 
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2. Collection of row information with in the boundary. 

This step is similar to step I ; but in this case row-wise information is handled. Here, for each 

row in the boundary of the character image, the row number, beginning points and ending 

points are collected. The row number is the y-value of the pixel and the beginning and ending 

points are column numbers, i.e. , the x-value. Like step I , in a row there may ex ist more than 

one row information (as in the case of 0). The data structure used to hold row-wise 

information is the fo llowing. 

struct Rowlnfo 
{ 

int RowNo; II the row number ,i.e. , the y-value of the pixel 
int BegPnt,EndPnt; II the co lumn number where the row information 

II begins and ends, i.e., the x-value of the pixel 
bool NewRow; II used to mark if new row-wise primitive is expected to exist 

II at the following row and will be used by steps 4 and 7. 
II At thi s step on ly the first row information is set to TRUE. 

struct Rowlnfo *Next; II a pointer used to point to the next row information 
} ; 

RowNo=20 RowNo=21 RowNo=21 RowNo=22 RowNo=22 
BegPnt= 13 

~ 
BcgPIlt=12 r--. BcgPnl::30 

~ 
BegPnl=12 r--. BegPn!=3 1 

EndPnt= 19 EndPnt=19 EndPnt=39 EndPn{=20 EndPnt=40 
NcwRow=TRUE NewRo\\= F ALSE NcwRo\\= FALSE NcwRo\\= FALSE NewRo\\= F ALSE 

Figure 4.20. An example that shows how row information is handled . 

3. Grouping of similar-valued row information. 

4 NULL 

Step 2 simply co llects row information in the order of row number. When more than one row 

information exists in a single row, the order is by their beginning point. Thus, row 

info rmation following it in the linked list may not be its neighboring row. The purpose of thi s 

step is, therefore, to rearrange row information in such a way that any row information 
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following it in the linked li st is either similar-valued row or it is the start of another group of 

row information. 

RowNo=20 RowNo=2 1 RowNo=22 RowNo=21 RowNo=22 
BegPnt= 13 f--. BcgPnt= 12 f--. BcgPnt= 12 f--. BegPnt=30 f--. BcgPnt=31 --. EndPnt= 19 End Pni- 19 EndPnt=20 EndPnl=39 EndPnt=40 NULL 

NcwRow=TR UE NcwRow=FALSE NcwRow=FALSE NcwRow=TRUE NcwRow=FALSE 

Figure 4.21. Regrouping of row information of Figure 4.20. 

The flowchart used to implement th is procedure is shown in the foll owing flowchart. 

• - I 
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Sel curren t row 
in formation to be the lirSI 

row information 

,---- -----.... ~:::::::t'u rren t row informati on = NULL? 

Set current row 
information to be the 
next row information 

Ves 

Ves 

Make it the next row 
information to the current 
!'Ow ilifurlll<ttiull and 
rearrange the rest 

Mark nex t row information to the 
cu rren t row in fomlation as the 
slan ing point for new row-wise 

primitive 

Ves 

No 

No 

Is RowNo of this row 
in Formation >RowNo of 

current row info+ I? 

No 

Is RowNo of th is row 
informat ion <=RowNo of 

current row info? 

No 

Is thi s row informat ion in the same 

Ves 

Is thi s row informat ion sim ilar in 

No 

Ves 

No 

Figure 4.22. The flowchart used to implement regrouping of row information. 
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4. Grouping of similar-valued column information. 

This step is similar to step 3; but in thi s case rearrangement is made for column information 

that is collected at step I . The purpose of this step is, therefore, to rearrange column 

information in such a way that any column information following it in the linked li st is either 

simi lar-valued column or it is the start of another group of column information. 

ColumnNo= I J ColumnNo= 14 Coiumn No= 15 Co lumnNo= 14 ColumnNo= 15 
BcgPnt=20 

~ 
BegPnt=20 

~ 
BcgPnl=20 r-. BcgPnt=32 r-. BegPnt=3 1 -. EndPn(=27 EndPnt=27 EndPnt=27 EndPnt=40 EndPnt=40 

NULL 

NcwCol=::'fRUE NewCol=FALSE NewCol=FALSE NewCol=TRUE NewCol=F ALSE 

Figure 4.23. Regrouping of column information of Figure 4.19. 

The flowchart used to implement this procedure similar to Figure 4.22, except rows are 

substituted by columns. 

5. Extraction of column-wise primitives. 

Column-wise primitives are created based on the column information rearranged at step 4. 

This procedure compares two consecutive colunm information and if there is great change, 

new column-wise primitive will be created. The following flowchart shows thi s procedure. 
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Sct currcnt column information to 
be the first column information 

No 

Set the right of previously created 
primitive to bc the ColUl1mNo of the 

currcnt col umn information 

Is BegPnt o f current column 
information < top ofp reviollsly created 

primitive? 

Set the top, xTL, xTR of previously 
created primitive to be the BegPnt, 

Col umnNo, and ColumnNo of the current 
column information res }cctively 

Is EndPnt o f curre nt col umn 
information > bottom of previously 

created primitivc? 

Set thc bottom, xBL, xBR of previousl y 
created primitive to be the EndPnt, 

ColumnNo. and ColumnNo of the current 
column information respectively 

Yes 

Yes 

No 

No 

Fini shed 

Creatc col umn-wise primi tive; Set xTL. 
xTR. xBL and xBR. Le O and right of this 
pri mit ive to be the ColumnNo of cu rrent 
column infonnation ; and top and bottom 
to be BegPnl and EndPnt, respectively 

Is BegPnt of current column 
information = top of previo usly created 

primiti ve? 

Set the xTR of previously created 
primitive to be the ColurnnNo of the 

current column information 

Is EndPnt o f current column 
information = bottom of previously 

created primitive? 

Yes 

Set the xTR of previously created 
primitive to be the Col umnNo of the 

cu rrent col umn information 

No 

No 

Set current column 
information to be the next 

colu mn information 

Figure 4.24. The flowchat1 used to implement extraction of column-wise primitive. 
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6. Extraction of row-wise primitives. 

Extraction of row-wise primitives fo llows similar logic and procedure as that of column-wise 

primitive, only with some modificat ions. 

Sct curren t row information to be 
the fi rst row information 

Yes ~ 

-:::--.~ 

No 

Sct xBL, xBR an d bottom of previously 
created primitive to be the BegPnt, End Pnt 
and RowNo or the current row information , 
respectively 

Yes 

Is BcgPnt of current row No 
information < left of previously created 

primitive? 

Set the left of previously created primiti ve to be 
the BcgPnt Mthe current row information 

Is EndPnt of current row 
informat ion > right of prev iously 

created pri mitive? 

Set the ri ght of previously created primitive to be 
the EndPnt of the current row information 

Create row-wise primitive; 
Sct xTL, xTR, xB L and xBR, Left, righ t, 
top and bottom of this primitive to be the 
BcgPnl, EndPnt, BegPnt, EndPnl, BegPn t, 
EndPnt, RowNo and RowNo of current 
rw i n~ ·vl 

No 

SCI cu rrent column 
information to be the 
next row infonnation 

Figure 4.25 . The fl owchart lIsed to implement ex traction of row-wise primi tive. 
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7. Extraction of structural primitives. 

Structural primitives are constructed from the combination of row-wIse primitives and 

column-wise primitives. This means, row-wise primitive must ex its together with column­

wise primitive to be considered as structural primitive and vice versa. The overall procedure is 

represented by the fo llowing fl owchart. 

Extraction of structural primitives 

Extraction of column-wise Extraction of row-wise primitives 

Grouping of similar-valued Grouping of similar-valued rows 

Collection of column information Collection of row information 

Identification of boundary of character image 

Segmented character image 

Figure 4.26. The flowchart used to implement extraction of structural primitives. 

All the eight procedures of this primitive extraction algorithm were implemented and tested 

on various randomly selected images and Amharic characters and gave the following results 

(boundaries of column-wise primitives are lined with red and blue colors one after the other, 

and boundaries of row-wise primitives are lined with green and pink colors one after the 

other). 
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Figure 4.27. Result of the improved primitive extraction algorithm on various images and 
Amharic characters. 

This primitive extraction algorithm has the following advantages over the previous one. 

1. The time it took to extract primitives is too low. Only 15 seconds time was used to extract 

primitives of an image of size 1 OOOXI 000. To compare, the time needed to extract one 

primitive of a 49X25 image was 2 minutes and 33 seconds in the previous algorithm. The 

time elapsed was only a fraction of a second in the primitive extraction of an image size of 

49X25 using the second algorithm, 
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2. This algo rithm doesn't search only rectangular shapes. Parallelogram and irregular shapes 

are al so searched. So paralleogramic shapes are detected in one pass. In the previous 

algorithm they need many passes as they are considered as combinations of many 

rectangles. 

4.12. THE EthiopicOCR PROTOTYPE 

In the previous sections implementations of preprocessing techniques are discussed. For these 

implementations a prototype, named EthiopicOCR, is developed. The main screen loaded 

with an image of Amharic document looks like Figure 4.28. 

~EthlOlll(o[R - (EthlOpl] --

t-t1 

t~Crn 

Figure 4.28. Main screen ofEthiopicOCR loaded with an image of Amharic document. 

The Processillg menu is used to di splay other submenus that enable to give commands such 

as loading the image fil e, generating input and output pattems, and recognition. 
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Load Image File submenu 

This submenu loads the scanned document on to the screen. The command assumes a fi Ie 

named Test2.bmp to be present in the folder Ilres . The output of this command is shown in 

Figure 4.28. 

Preprocessillg submenu 

This submenu is a popup menu that contains another submenus, Segmelltatioll and BOIII/{[my 

Identificatioll. Segmelltatioll assumes an image fil e is loaded on to the screen. Then it 

implements the segmentation algorithm used in this study. It helps to see the output of 

segmentation. A sample output is shown in Figure 14. 7 (b). Boulldary Idelltificatioll 

implements the character image boundary identification algorithm discussed previously, it 

helps to see the output of character image boundary. A sample output is shown in Figure 

14.7 (c) . 

Patten Gelleratioll submenu 

This is a popup submenu that generates input and outp ut patterns of 0' and 1 's from extracted 

primitives and their relationship of characters and writes them on a text file named 

IIBrainRTS.txt. The output of this command will be used as an input for the neural network. A 

sample output is shown below. 
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~ BrcunRTS - ~otepad ' ,- -

File Ecit forrMt Help 

o 1 0 1 1 1 0 0 0 0 0 0 0 0 1 1 0 0 0 1 0 011 000 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 • 
o 1 0 1 1 1 0 1 0 0 0 0 0 0 1 1 0 0 0 1 0 0 1 1 001 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
o 1 0 1 1 1 1 0 0 0 a a a 011 0 0 0 1 0 0 0 1 0 0 0 1 1 011 0 0 0 0 0 000 0 0 0 0 0 0 0 0 0 
o 1 0 1 1 1 1 1 0 0 0 0 0 0 0 1 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
o 1 1 000 0 0 0 0 0 a a 011 0 1 a all 000 0 0 0 000 a 0 a 0 0 0 a a a 0 0 0 a 0 0 0 0 0 
0110001 0 0 0 0 0 0 0 011 0 0 0 1 0 1 1 1 1 0 1 1 0 1 1 0 001 001 1 0 0 0 0 0 0 0 0 0 
0110001 1 0 0 0 0 0 1 0 0 0 0 0 1 0 0 0 1 1 0 1 0 1 1 000 0 0 1 00 1 1 000 0 0 0 0 0 0 
011 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0 001 1 0 1 011 000 001 0 0 1 1 0 0 1 0 0 1 0 a a 
011 a 0 1 0 1 0 a a a a 1 0 0 0 0 0 1 0 001 1 a 1 011 0 0 0 001 0 a a 1 a 0 0 1 1 1 0 0 0 
o 1 1 a 0 1 1 0 0 0 0 0 0 0 0 1 0 0 0 1 0 1 a 0 1 0 1 0 1 1 0 0 1 0 1 0 1 1 0 0 0 0 a 1 0 1 0 0 OJ 
011 0 0 1 1 1 0 0 0 0 0 1 0 0 0 0 0 1 0 0 a 1 1 0 1 011 0 0 0 0 0 1 0 0 1 1 0 0 0 0 0 0 0 0 0 
0 1101 0 a 1 a 0 a 0 0 001 0 0 0 1 0 1 0 0 1 0 1 011 0 0 1 0 1 011 0 0 0 0 0 1 1 0 011 
o 1 1 1 0 0 0 1 0 0 0 0 011 1 1 1 0 1 1 1 111 1 0 1 1 1 1 1 0 a 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
o 1 1 1 a 0 1 0 0 0 0 0 0 0 1 1 1 1 011 011 1 1 011 all 0 0 011 011 000 0 0 0 0 0 0 
o 1 1 1 a a 1 1 a a 0 0 a 0 1 1 1 1 0 1 a a 1 1 111 a 0 a 1 1 0 001 1 all 000 a 0 0 0 a a 
o 1 1 1 0 1 a 0 0 0 0 0 0 0 0 1 1 1 0 1 0 1 1 1 1 1 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 a 0 0 0 0 0 0 0 
o 1 1 1 a 1 a 1 0 0 0 0 a a 0 1 1 1 0 1 0 1 1 1 1 1 1 a a a a 1 0 1 00 1 011 000 0 0 0 0 0 0 
011 1 0 11 0 0 0 0 0 0 1 1 1 1 1 0 1 1 1 1 1 : 1 0 1 1 1 1 1 0 0 1 011 0 0 000 0 0 0 0 0 0 
o 1 1 1 1 0 0 0 0 0 0 0 0 0 1 1 1 1 0 1 1 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 000 0 0 0 0 0 0 0 
o 1 1 1 1 001 0 0 0 0 0 011 1 1 0 1 1 0 1 1 0 0 1 001 0 0 0 a 000 0 0 0 0 0 0 0 0 0 0 0 0 
o 1 1 1 1 0 1 000 0 0 0 011 1 1 0 1 1 0 1 1 0 0 0 1 0 0 0 1 0 0 0 1 1 1 0 000 0 0 0 0 0 0 0 
o 1 1 1 1 011 0 0 0 0 0 0 1 1 1 1 011 0 1 1 0 0 0 1 0 011 a a 0 a a a a 000 0 0 0 0 0 0 0 
01 1 1 1 1 a 0 0 0 0 0 0 0 0 1 1 1 011 0 0 1 0 0 0 1 0 0 11 a 1 0 0 1 011 a 0 0 0 0 0 0 0 0 

o 0 011 0 1 0 0 0 0 0 1 1 1 0 0 1 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 a 0 0 0 0 0 0 0 
1 0 0 0 11 1 0 0 0 0 0 011 1 0 0 1 0 1 1 1 1 0 0 1 001 0 0 0 0 0 0 0 0 0 0 a 0 0 0 0 0 0 0 0 
1000111 1 0 0 0 a 0 0 11 001 0 1 011 0 0 011 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 a 0 0 
1 001 0 0 0 0 0 0 0 0 0 011 001 0 1 111 0 0 0 0 0 0 0 a 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
1 001 a a 0 1 0 0 0 0 0 0 1 1 0 0 1 0 1 1 1 1 0 1 001 all 0 0 0 0 0 0 0 0 0 0 0 0 000 0 0 
1 0 0 1 0 0 1 0 0 0 0 0 0 1 0 0 1 0 0 0 a 1 1 1 001 0 1 1 1 1 0 0 0 0 0 000 a a 0 0 000 a a 

001 0 al l 0 0 0 0 0 1 1 1 001 0 1 011 0 0 0 0 0 0 0 0 0 000 0 000 a 0 0 0 000 0 0 
1 001 0 1 0 0 0 0 0 0 a 1 0 0 1 0 a a a 0 1 1 001 0 1 1 1 1 1 0 0 0 0 1 a a a a 0 0 0 a 0 0 0 
1 001 0 1 0 1 a 0 0 0 0 1 001 0 a 0 0 0 1 1 001 0 1 1 1 1 1 0 0 0 0 1 0 0 0 0 1 0 1 0 010 

00 1 01 1 000 0 a 0 1 001 0 0 0 0 0 1 1 001 0 1 0 1 1 1 0 0 0 0 1 000 0 0 1 1 011 0 
001011100 0 0 0 011 001 0 1 1 1 1 1 0 a 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

1 0 0 1 1 0 0 0 0 0 0 0 0 1 001 0 0 a 0 1 1 1 001 0 1 1 1 1 1 0 0 0 0 1 0 0 0 1 001 011 a 
1 0 011 0 1 0 0 0 0 0 0 1 001 000 0 1 1 1 0 0 1 a 1 a ll 1 0 0 0 0 1 a a a 0 0 0 0 0 0 0 0 
101 0 0 0 1 0 0 0 0 0 0 1 001 0 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 a 0 0 a a 0 0 0 0 0 0 0 0 
101000 1 1 0 0 0 0 0 1 001 0 0 0 0 1 1 1 001 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
101 001 0 0 0 0 a a 0 1 0 010 0 0 001 1 0 0 011 0 1 1 0 0 0 0 a a 0 0 0 0 0 0 0 0 0 0 ~ 

Figure 4.29. A text file containing patterns ofO's and I 's generated fTom images. 

Recognition 

This submenu accepts a command that passes through all the recognition procedures as 

discussed in section 4.5 and 4.10, and outputs a Microsoft Word document file named 

IIRecognitionFile.doc. A sample output is shown in Appendices IV, V, and VI. 
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CHAPTER FIVE 

TESTING AND DISCUSSION 

5.1. TESTING 

Using the selected neural network model documents written in VG2000 Agazian font of sizes 

8, 12, and 14 were tested. To fairly compare and contrast the results between different font 

sizes, the content of the documents for each font size was made the same. The document was 

made to contain different areas of news like political, environmental , health and social issues. 

The document had 1010 characters, 466 of them were those included in the training set and 

the other 544 were found not included in the training set. The results of the experimentation 

are summarized in the following table. 

Characters included in Characters not included in 

Font 
the training set the training set 

Classification Qualification Nu. uf Tulal No. of Total 
size 

input % input % output output 
chars. Chars. chars. Chars. 

8 Recognized Correctly 303 466 65.02 - - -

Similarly 30 466 6.44 98 544 18.01 
Not similarly 2t 466 4.5 1 104 544 19.1 2 

Marked Correctly - - - 342 544 62.87 
Unknown Incorrectly 112 466 24 .03 - - -

12 Recognized Correctly 348 466 74.68 - - -
Similarly 5 466 1.07 67 544 12.3 t 
Not similarly 4 466 0.86 36 544 6.62 

Marked Correctly - - - 441 544 81.07 
Unknown Incorrectly 109 466 23.39 - - -

14 Recognized Correctly 341 466 73. 18 - - -
Similarly 5 466 1.07 57 544 10.48 
Not similarly 24 466 5. 15 106 544 19.48 

Marked Correctly - - - 38 1 544 70.04 
Unknown Incorrectly 96 466 20.60 - - -

Table 5.1. Test results of the system developed for Amharic documents written with 
VG2000 font sizes 8, 12, and 14. 
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5.2. DISCUSSION 

The developed Amharic OCR system classified character images in to one of the following. 

The system: 

• may recognize the character image conectly as expected. 

• may recognize the character image wrongly, but the output having simi lar shape with 

the expected. 

• may recognize the character image wrongly, with no simi larity between the output and 

the expected. 

• may classify the character image as unknown con·ectly (for characters not included in 

the training set). 

• may classify the character image as unknown wrongly (for characters included in the 

training set). 

5.2.1. General Error Analysis 

The enors encountered in the test result of the developed recognition system can be seen in 

two broad views: segmentation en·or and classification/recognition eITOr. Segmentation error 

is an en or occuned due to the segmentation algOIithm implemented for this study. Two types 

of segmentation enors may ex ist in documents. The first type of segmentation error is 

considering one character as one or more characters. This type of en or ex ists in degraded 

documents where primitive structures of a character are unconnected and in thi s study no such 

error was seen. The second type of segmentation error is considering two or more characters 

as one character. Such errors were seen in the sample test cases of the CUITent study. 

The classification/recognition error is an enor occurred when the deve loped system wrongly 

classifies/recogni zes characters. This might be misclassifyi ng trained characters as unknowns 
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or incorrectly recognizing characters. The system produced two types of wrong recognition. 

The first type of recognition error was an error in which the outputs are structurally simi lar 

with the input characters. For example, n may be recognized as n. The second type of 

recognition error was an error where the output character is not structurally similar with the 

input character image. 

5.2.2. Analysis of Results for VG2000 Agazian Font Size 12 

For the font size 12, the developed system correctly recognized 74.86% of the characters 

included in the training set. It also correctly classified 81.07 % of the characters not included 

in the training set as unknowns . This means the developed system correctly 

classified/recognized 789 of 1010 (78.12%). 

In the test data, 2 1.88% of the data was c1assi fied/recognized incorrectly. These errors were 

three types. The first types of en'ors were segn1entation errors. And only two characters were 

found having segmentation errors; one from characters included in the training set and the 

other from those not included in the training set. The segmentation error noted in this case 

was between the characters IJlj and T in 9 I)IJljT Ifr. Thus, segmentation en'ors constitute only 

0.90 % of the errors (0.20% of the test data) . 

The second types of errors were recognizing characters incorrectly. In this case, characters 

included in the training set were recognized as other characters included in the training set. 

Some of them were structurall y similar as the expected ones. For instance, t was recognized 

as t; T was recognized as \ and 1- was recognized as T. The developed system also generated 

structurall y dissimilar characters as compared with the expected ones. The cause of these 
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errors was the inability of the system recognizing appendage primitive structures (this, in tum, 

is also caused by appendage primitives becoming below the threshold set for them). As 

compared to other font sizes, such errors were less in this test case. Some characters not 

included in the training set were also recognized incorrectly. Much of them were recognized 

similarly as characters included in the training set. Most of these include r'I for nand n, r'i for 

r'i ,1\ for 1\, and T for T. 

The third types of errors were misclassifying characters included in the training set as 

unknowns. These errors were the most frequently occurred errors (49.32% of the errors). 

5.2.3. Analysis of Results for VG2000 Agazian Font Size 8 

For the font of size 8, the developed system correctly recognized 65.02% of the characters 

included in the training set. It also cOlTectly classified 62.87 % of the characters not included 

in the training set as unknowns. Thus, the developed system correctly classified/recognized 

63.86% of the data. 

In the test data, 36.14% of the data was classified/recognized incorrectly. Thirty-six characters 

were found having segmentation elTors; eighteen from characters included in the training set 

and the other eighteen from those not included in the training set. To mention some of the 

segmentation errors noted in this case: between the characters (fr and iJ in ~t(friJ£; between 

the characters (]1t and .\' in 'In(]1t.\''t'f; between the characters Il1J and f in 9r'1ll1Jf(fr; and 

between the characters (fr and ~ in (fr~~~' . The test case encountered highest segmentation 

errors than other test cases. These types of errors covered 9.86% of the elTors (3.56% of the 

test data). Thus, ignoring the segnlentation elTors, the system recognized 67.63% of the 

characters included in the training set. 
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The other type of en·or encollntered in the test data was recognizing characters included in the 

training set incorrectl y. Out of these types of elTors, structurally similar outputs as actual 

characters constituted 8.22% of the errors. This en·or was the highest as compared (0 other test 

cases due to several reasons . One reason was that medium verti cal line primitives were 

considered as long vertical line primitives (e.g. '1 was recognized as nand r'J was recognized 

as n). The other reason was also that some of the appendage primitives were below the 

threshold set for them than other larger font size test cases. 

There were also errors where characters included in the training set were classified as 

incolTectly unknowns. Such types of en·ors constitute 30.68% of the elTors and it was the 

highest number as compared to other test cases. As discussed above the segmentation error 

contributed for the increase of misclassification. 

5.2.4. Analysis of Results for VG2000 Agazian Font Size 14 

For the test case of font size 14, the developed system cOlTectly recognized 73. 18% of the 

characters included in the trai ning set. It also cOlTectly classified 70.04% of the characters not 

included in the training set as unknowns. This means the developed system cOlTectly 

classified/recognized 71.49% of the test data. 

In the test data, no segmentation error was observed. But, still 28.51% of the data was 

classified/recognized incorrectly. Except segmentation elTors, the other elTors observed were 

similar as those of other test cases, except small variation in number. 
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5.3. SUMMARY OF THE RESULTS 

In general, the most frequent errors were those occurred by misclassification (incorrect 

recognition and incorrect unknown) , The above table showed the most incorrectly recognized 

characters were those that were not included in the training set. This was, of course, due to the 

prediction capability of the neural network, Significant number of characters not included in 

the training set were predicted similarly, 

Observation of the test results also showed structurally more complex characters faced these 

recognition errors because as the number of primitive structures of a character increased the 

probability of a character being all primitives identified correctly would decrease, 
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CHAPTER SIX 

CONCLUSION AND RECOMMENDATIONS 

6.1. CONCLUSION 

To exploit the application of OCR techniques to Amharic texts, the first research conducted 

was in 1997 at SISA. Since then, various preprocessing techniques such as segmentation, 

thinning, underline removal, image restoration, size nOlmalization, feature extraction and 

slant correction algorithms had been adopted. Attempts were also made to recognize various 

types of machine-printed, typewritten and handwritten Amharic documents. 

In the present study, an attempt is made to recognize Amharic text written with different font 

sizes. To this end, the segmentation algorithm implemented in previous researches is tested 

and a remarkable resu lt is found , especially for font sizes 12 and 14. Thus, the same algorithm 

is used in this study to implement character segmentation. 

The developed system has two parts: pattem extraction and recognition. The pattern 

extraction part consists of primitive extraction, primitive tree building and pattern generation. 

Eight primitive structures and nine atomic cormection/ relationship types between two 

primitive structures (top-top, top-middle, top-bottom, middle-top, midd le-middle, middle­

bottom, bottom-top, bottom-middle, bottom-bottom) are identified in Amharic characters. 

Between two primitives, there may exist one, two or three of these cOlmection types. For this 

reason, out of these atomic cOllnection types a total of nineteen exist between two primitives 

in Amharic characters. 
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A special tree data structure having three left nodes and four right nodes is found to be 

effective to handle the relationship between primitives. The three left nodes hold primitives 

that are connected to the left of another primitive in a character (in Amharic characters a 

maximum of three primitives can be connected to the left of another primitive). The four ri ght 

nodes hold primitives that are connected to another primitive in a character (in Amharic 

characters a maximum of four primitives can be connected to the ri ght of another primitive). 

The first atomic connection type detected , as one goes from top to down, is used as the 

position where a primitive is appended to another. For example, suppose the following 

occurrences exist: two primitives are connected at two regions, say top-middle and bottom­

middle; the primi tive already appended in the primitive tree is the right primitive; the new 

primitive to be appended to the primitive tree is the left primitive. Thus, the left primitive will 

be appended to the primitive tree at the left middle node of the right primi tive. 

The primitive tree used for handling primitives and their relationships is also effective in 

generating unique pattern of primitives and their relationship for each character using special 

in order traversal (first, the left nodes are traversed in top-middle-bottom order, and then the 

parent node is traversed, and finally the right nodes are traversed again in top-middle-bottom 

order). 

The difficulties associated with making the syntactic approach work for practical problems 

outlined by Jain et Cli. (1999), as discussed in chapter two, were also the problems for this 

research. Since there is no previoLis work in this approach, the problems were even worse. 

The most diffi cult part in this study was implementation of identifying primitive structures 

from character images. Two algoritlullS were developed to extract these structures. 
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The first algorithm searches rectangular shaped primitives and slant primitives are considered 

as the combination of two or more rectangles. The second algorithm searches changes in the 

length of rows and columns. The second algorithm was found more efficient and effective to 

extract a single primitive. But because of time limitation only the first algoritluTI was 

implemented for further processing. Again due to shortage of time, identification of slant 

primitives is not implemented. 

The classification/ recognition of the developed OCR system used neural networks. 

BrainMaker neural network software was used for thi s experiment. It uses numeri cal data 

both for training and recognition/prediction. For this reason, primitives and their 

relationship/connection type were assigned a decimal number. The assignn1ent is made based 

on the fact that similar primitive types should have the more or less similar binary 

representation of the decimal number. The same logic was also used for 

cOlmectionirelationship type. 

To prepare data for training input patterns are generated from primitives and their 

relationships and output pattems are generated from numeric character codes stored 111 a 

database. The network has 64 input nodes, 64 hidden nodes (of I layer), and 8 output nodes. 

A supervised leaming with a back propagation algorithm is used to train and select the best 

network model. This network model is integrated with the developed OCR system. For the 

recognition purpose, an input pattern is generated from the character image and tested by the 

model , and then the model will produce an output. Through experimentation, threshold value 

of above 0.9 is used to round up the value of each output node to l. Output nodes having 

values less than 0.25 are considered as O. An output node having a value between 0.25 and 
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0.9 will lead the character image to be classified as unknown . The output is converted to 

decimal number and a character having numeric character code equal to the output decimal 

number is predicted. 

The developed system is trained with Amharic characters written with VG2000 Agazian font 

sizes of 10 and 12 and tested with sample documents of font sizes 8, 12 and 14. for the 8 font 

size, the developed system correctly recognized 65.02% of the characters included in the 

training set. It also cOlTectly classified 62.87% of the characters not included in the training 

set as unknowns. For the 12 font size, the system correctly recognized 74.68% of the 

characters inc luded in the training set. 81 .07% of characters not included in the training set 

was also correctly classified as unknowns. The results for font size 14 was also not far from 

the above two cases. The system correctly recognized 73. 18% of the characters included in 

the training set. For characters not included in the training set 70.04% was correctly classified 

as unknowns. 

The problems encountered in this study were mainly primitive extraction and/or 

identification . Medium vertical lines could sometimes be identified as long vertical lines or 

sh0l1 vertical lines. Short vertical line primitives might also be considered as an appendage for 

larger fonts. Appendages for the font size-8 case were also sometimes becoming below the 

threshold set for them. The other problem special to the font size-8 was the segmentation 

error. These problems and errors contributed to the decrease in classification/recognition 

accuracy. 
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However, in general, the result showed that the approach used is more or less independent of 

the font size. But still, it should be noted that great improvement is expected in the primitive 

extraction part as the recognition accuracy reli es mostly on it. 

In the next section, recommendations are drawn that need to be considered to enhance the 

performance of the OCR system. 
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6.2. RECOMMENDATIONS 

In order to design a versatile Amharic OCR system, the following recommendations are 

forwarded for further research. 

1. The segmentation algoritlun used in the current and prevIOUS studies worked 

reasonably for n01111al characters. But, it fails to segment italicized documents. 

Therefore, detailed image preprocessing techniques need to be developed. 

2. To fully utilize the developed Amharic OCR systems, there should be an algorithm 

integrated to detect forms, graphs and tables in Amharic documents. 

3. This study is the first to use structural/syntactic approach. There are no developed 

algorithms for primitive extraction, identification, and relationship/corUlection 

handling. For such procedures, much should be done. 

4. The second algorithm developed for primitive extraction is found to be better than the 

first in (t:rms of both efficiency and effecti veness. Better OCR system can be 

designed if the second algorithm is implemented for patte111 extraction. 

5. A primitive may not be identified, as it should be. For example an appendage 

primitive may be identified as short vertical line. And of course, a primitive has a 

probability to be identified as another similar primitive. Better result wi ll be achieved 

if sllch probabilistic approach is integrated with the system. 

6. In order to use the developed system for any other font type, size and style, slant 

primitives need to be implemented and incorporated in the system developed. 

7. The present system developed is assllmed to recognize black characters written on 

white paper. So, a system should also be incorporated to enable t~le Amharic OCR 

system to recogni ze documents written with any color with any background color. 
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8. To come up with better recognition accuracy and develop a versatile Amharic OCR 

system, the neural network should be trained with sufficient data of di fferent font 

types, sizes and styles. 

9. Other languages such as English have huge number of character image databases that 

are representative of different fonts types, styles, and sizes for research purpose. But 

there is no such database fo r Amharic characters. In order to fac ilitate research in 

Amharic OCR, such database shou ld be developed. 

10. Combining the results of di fferent independently trained networks with di fferent input 

pattern wi ll result in a better classification capabi lity. This method of using neural 

networks would increase recognition accuracy if implemented. 

11. Post processing techniques such as spell checking, grammar and semantic analysis 

need to be incorporated in order to improve recognition accuracy. 

12. Different Ethiopic softwares have their own writing styles and ASCII codes. To 

facilitate the researches undergoing in the area of character recogn ition, the 

representation ofEthiopic characters need to be standardized. 
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APPENDICES 

Appendix I. The Amharic Character Set (Bender et al., 1976) 

Order 
Labiali zed 

1st 2nd yo 4tn stn 6tn 7'" 
lJ lJ' 'L '/ '/. u If 
fl fl· fl. 'I fI. t\ fl .. ~. 
,h ,h· ,h. ", ,h, ;" ,h 

UI' 00. u'!. U? °1. 9" '/0 "J. 
IP /P. ~l. ~I ~l. P' 'I' 
t. 0;. & &. t. C c· ~ 

n n· n. t') t'l. fl (t 9. 
i'i j'f. i'i. '1' l'i. 7i r ~: ,,. 

'" </: j> 'Il ~, ,II </1, "", <): <J:. 
{1 {1. fl. fJ (\, 11 n I). .,. ." t ;r ." :r .y. ;t 
:r :,: :r: .. ;1' :j) :f- .y. X 
.) .). ·t ;) .~ 1 .Ii' .) .. .)' :\ :\, 

~ ~. ~ C; 'b 'J lj' 5: .., o~. 7. ;;: 1. '} ~ ... !;: 
)', )',. Jl. >t 1l. 7, ). 

OJ OJ. ee 'P 'I] OJ' 9' 
0 o· 't '} '}, () p 

11 11· 11. l-] 11, h P I1u 11' I;l. 9-
1i 'tj. 'tj. 'lj 'f!. 1i '11 
tt /I. II. 'I II. ott II !I. 
1f It: "IC 'If lG 'ff '11' ;( 
[' \? 1' .. Y {.lu f. I" 
1 1· 'l ;J 1. '7 'I 1 .. 'j' 'l 1-
r. ,1',. ?. ? J.'. f: f'. ~ 
;>: ~ :<>" '. ~. :( x: "f. 
m m· m. fll ((1. 'I' (ll ',. 
(.Q, all m. 6"1. /J;J:' 6JJ' (,"b 1JfI. 
? l'.. ?. 1\ ?. ?. ;! ~. 
0 O· 'I. 'I '/, () }' 

A ~ A. .<\ A. A' P-
/,. 4- .k ". t.. r,: c;: ~ 
T To '( :r 'I; T 7' 

ii· 7i. 

113 

.,... 

')" 

11<-

1<. 

I 
I 
I 

J 



Appendix II. The Amharic Characters Included in the Training Set 

u l} U If 
m ri1' rh rh rh ill rh 
au [Jfr qn 
[JJ u> llJ. Uj Uj, 

C C 
r'I r't 1\ ri r\ ('I 

i'i n. i\ i'j i'i. i'i 
<1' '1: <I? ip 

n rJ. n. rJ n. il fl 
'I- 'k t t t 
f 'Ii f Of :t 
l ~ l 'i \ '1 ., ,. 1. i'j "\ 11 
rn rn. '{l 'P 'll [fr 

0 (} '1. '1 '\, 

\l 
H H- H. 1-1 Ii. li rt 
1f lj; 1{ 'If 1{ 1-r ']-I' 

1 r 1. 1 
m rTr m. IT] m rn 
ill m rn "l. bTh !;<l> 

B & 't ~ 't 
T l' T l' l' 
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Appendix III. The Amharic Document Used for Test Case 

i'1[1"l gu'1'r URC ~11.t\"~,11 ITTJ1nc'r'l;' trhS':(1'1 ClITTJt ~ lS': ITTJ.M'1 ilC Olm .I'n£[fIlc'rTur 

~'1ETU [fIlm'f ur;l IC'£hH, nt .I'HI')Tur nH, Iii\R n6.t Mm'1'1''11 [fIllJ'\- ~n(]ln i'>([1l rJ'1 

ur;l ITTJaS':'1'1 i'1JCi\ [fIlguG.I' 11'l8 OlClR. .I' URC nhITTJ.IlCl a'fGt 1'll}l'lt'1 ngu'1t q[fll:rT 

t~Crn ~lnGur ~<¥>fl'1 ~1')r'Ln!) nli'.t'i 2'i £e',~ tguuct n.H n. 'j' fJl}nc'r tguUCT 

nH'1S':C'ur ~tguuct H[fIl'1 n'1R.'I''fCl [fIl~t !)g ~ttniC ~1ITTJ 1-IS:;y. n'1hillln. 

n'1ITTJg£e', "!)Tur ~i'1llrtn.ur i'1C(1 i'1£N Ii[flll'lnt ~R.C n'1Mt'1 mil<¥> I'lturClS': ITTJ<¥>H'1 

q!)ITTJ'l'ur .I'£e',1- MC ~t~ 'fC' 'fn!!' hnrtt [fIl~~ITTJTur'1 ~hCliC .,ilC'1 n.C' M;l'Ol'l' 

i'1 gurt1\'i1i [fIl G 9";y. nMgu gClq, rn C I '!.''1 ~[fIl'l' mCl 1i'.!)1t n. 'i c'rT urgu ~ ill rtr}] 'f.l'<t> ~ [fIl [filM 

liq,gu n'1£MTur ~m<¥>fJI}t nM niH nn(]ln 1'1£C rJ'1 n1'1£C ntITTJ nITTJ.'I''fiCt q[fll:rT 

~M i'1g n. li.9:n ni'i;l''1 nC'rt n[flln!)nCl'1 ni'iH;y.'1 n[fll'1nrtnil ~ITTJ..I'MCl IC'£ht 

~ITTJ..I'HJ.<t Iigur'l1' rtnfJl}.I'N t[fllCmlf'Cl ~rJ\- ~8e', 1i.9:r'l IiMrtrtG \1ITTJ.t n'nl'Jn. lit 

qnITTJ~l} IJ ~n i'i;l'ur'1 MI'Jn. It M[fIlClht ntHJ£ urgg ')- !)g n'1£ 1nETt rtl'lfJl}.I'9"1i 

i'1gR.i\ ntrtl'l gu.,rte', n'1g J>:CH ntn1nur tm!!' ITTJ. nlJ'\-t nt([1l;y. i'1'1~ nlJ'l;y.ur 11£C 

nli'1J>: olC 1H, urr'l'f IC'£ht 'l'CBur .I''I'CrtiC ni'11C i'iITTJ"IW;y. 'I' !) Cl q,rTlt MITTJ.Olr'l'1rtTur 

t[fllMiur ol£ 'ftl. ;l'Tur g[fllMiC nrJ\- TM [fIlguG.I' ~ol'1£Cl [fIlTl!)nCl'1 guC[fIlc'r hli'.Cl ;l!)6. 

[fIlt M!!' .,CITTJ Y.Cr'l(1 n'1Rn-t TM ol'1£iC'1 n[fllTl!)nCl M!)ur }JJc'r q,J>:ITTJ..I' n'ft 

n~t'1'1'I'J'I'n n.lJ''1gu 1'ne',tnn- ol'1£iC'1 nITTJur1rt'1 nli'.tu i'11l!)t nITTJq,e','n gClq, 1-R~'1 

ni'igu.,Cl'1 n'1R..I'Clq, .I'£CJCl ~r'LfJI} Ole',R Ii'.C9: n.t R'i lit tn~,~, (1 'I'e', nli'.C9: n.H nhCl 

nJ>:C1t ~~ITTJ.N !)g ~rTl'1 url'J\ n'1Rgn'f ~U1C i'iITTJ.,i\N nlillrtn..I'Tur 1'ne',tn'n !)g 

tM'i n'1£ITTJ..I'£C1'1 ~Ii!!'n. ill., ITTJr'lUl9";y. n1H,ur n1£ITTJg'l'm t'1"e',If'Cl n'l'rTlg J>:C1 t'1 

~ ~ ITTJ. 9" ;y. ill ., 6. t n ITTJ q, e', il n 11-1 n '1 £ ITTJ..I' £ C1 ITTJ r'l ;I' ol !!' 'j' ur'1 If' Cl ;l' Ii. '1 s: C aq i'i1 ITTJ a n Cl 

H., flCl 
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Appendix IV. Result ofthe Test Case with Font Size 8 

?cn "i\? U1C ?ct??~ ??n?'P trhmM ?i\t ??? au??? fl? M ?r'I?au?tlfr ?\&? aumll 

Ifr? nil???? ?t~Hr'lflfr nH r'I?? n?1-] r'I?m'l?? auUI- ?r'I(I? [}qn rJ\ Ifrll ?r'I?\? r'I?Cr 

??? 1M rn??\! ?i'ill n?"in? r'I??t r'IlJ-r'lt'l r'I"i\t nl(?t t?C? ?\n?1fr ?'I'II? ~?Cnr'J 

n?t? ?'i ??? t?U?? n?? nt IW'n? HU?t nH???1fr ?t?Uct Hau? l???T? au?t r'J? 

?ttn? ??"i H?? ?\nllnn r'I \rn.-?????Ifr ??nrJ[1.1fr r'I?? ?m? \ lau?1lt ~ l? ??Mt? 

mll'l' r'lt'l'? ??~t? ?r'J?rn ???1 ?r'lC ?t??? ?n? ?nrJt au'l''I'''l.? ???? ?llC'I [1.11 

?r'lHr? r'lf rJ1?? au?H nM? ??? ?C \1.' \ ?au?m? ?r'J?t [1. f ?flfr? ?.n11 IH ?m? ~auaur'l? 

1'1"1'11 ?lfrrr'Jflfr ?m?1W'1' n?? nn? nr'l?? ??m? rJ \ n? \'11? nt? n??Tr'l1' ?auHt ?N r'I? 

1\ l\?r'I n??\ r'I?TT ?aun???? nr'lt??? r'lau?nnn 'n ?"i?r'I \? T???1' ?11?H?? ?Mt 

rJ??H, tau?m'P? ?rJ I- ?B? ?mr'l ?r'ltrJn? 'II (I? r'l1l?n. ?? '1r'1?~LJ. ?? ?n??? r'Ir'1r'1[1. \? 

?r'lau??? n?Hi'i? 'P? 'I' ?? ???lr'1&t nr'l~1I ?~~? ntnr'l 111rJ? r'I'I~ ?C?I- ntr'llr'1lfr 

tm?1fr ?U1.? nt?h r'I?? ??\?? II??? n??m rnC 1? ?? ?1IP.II 'r ?IIBIfr ?'I'?rJr'I n?1? 

r'l1-]???? 'l'r'J? ?fTlt r'Ir'1rn.-r'l?rJ?1fr tau?r'l1fr rn? 1I??f1fr ?au??? nWi, ?r'I? f??i'i ?rn\?? 

au'!'r'JnR.? ?lIau? n?? 1Ir'J? au? ?r'I? I-]?rn.- Il,Cr'lr r'I\?r'lt ?r'Ir'1 rn???\ r'laun?'!'? nr'l?1fr 

?? 'Pm?? r'l1I? r'I?t\?r\'I'r'I [1.U\11 ?fl?tr'lll ?\P"r'I? nrrn111'1 Mtu r'lnnt n???n ??'P 

??? \ n?11LJ.?? r'I???i'i'P m???? ?I\IW' rn? ??? Il,? ?? r'I? 1' r'I?? ??? n~?? ??I-] nn? 

n??1t ?~??? r'I? ?fTl \ rnr\? ???mr'l? ?U1C r'I????? n??rJ??1fr ?ll?tr'lll r'J? t??'i 

???????1? ???n .n? ?'P??H n??? ??rh??'I'?Il t?l?'II? n?fTl? ?C?H? ?~(I'II \ .n? ?t 

n"i'P?ll ?11i ??????O "ir'l?rnll,lfr? 'PR.? ?????r'I \ 11r'1n? H1rJ? 
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Appendix V. Result of the Test Case with Font Size 12 

?[I"l ?(1? lJ?? ??t??? ??n?'l? trh?(1'l Hit ?m? ???? il? m? ?r'l?[JIl??rrr ??&lJ [JIlm? 

rrr? ????H ?t?H?trrr ?1tt ??? n?t ??m?'I'? [JIl?t ??i'i.ih ?qu rt? rrr? ?r'l?M ???? 

???? 1r'lB m?'r? ??? n???? r'l[Jll?t r'l?r'l\? r'l??t 9[J1l?T t??? ?\??rrr ??fl? ?1'J?n? 

?? t f1 ?? ??? t?lJ?t f1?? f1t ?h? ??lJ?T nH???rrr ???lJ?T H[JIlr'l r'l????? [JIl?T I'J? 

?1' tM ??f I-I?T ??hil?f1 ?r'l?????I'J'I' rrr ??iVl?rrr ??(1 'f?H ??r'lh? ?rt? ???1'J1' ? mll? 

r'l1' rrr?? i'i. ??T? ?1'J??rrr rh??1 ??? ???1l!> Tn? ?nllt [JIl?'I'?trrr? ???r'l l 'nC'l n.C' 

flr'l?m? ??1l1l?? [JIl?(]l)? hr'1?? ??? m?\t? ?[JIl'l'mr'l ??rh.t n.??'frrr? ?mlir"J.? T?'1i 

?[JIl[Jllr'l? ??? ????l'Jt? ?m??T nM n?? ?r'1i'i.? ???? rt? n?r'l?? ?t? ni'i. ???T 9[J1l?T 

??"1, ?? ? ??r'l nri?? r'l??t r'l?h???? nr'lt?:t\ r'l[Jll\hllh? ???r'l:t? ?l??t ???H?? ??nt 

1lr'l??H t[Jll?m'l'? ?rt? ?B? ??r'l ??tllll? [JIl?t r'l1l1'Jn. ?? 9r'l??l} \? ?nr'l?rrr? ?1'J1'Jn. \t 

??[JIl??? ntH?? rrr??t I'J? ???l?&t Iln(]l}??? ???? htllr'l ?11l? n'l? ???? ntr'llnrrr 

1' m?i'i. hU?T h1'qu? ??i'i. i'llf \?rrr ???? n7i?? m? 1tt rrrn? ????T ??Brrr ???Ilr'l n?1? 

????rt:t ??? ip"lt ??????Iltrrr t??nrrr m? ???trrr ?[JIl?I'J" nrtt ?r\r'1 [JIl??? ?m??? 

[JIlTil'Jh?'l ?fl[Jll? ??? ??rt [JIl ? ?r'l? ??? ??r'l(1 ????T ??r'l m??r'lr'l ?[JIlTil'Jh? ??l'Jrrr ?? 

???? r'l?? m'l?t?'I'I'J'I'n n.U?? ?il?tr'lr"J. m???? n?rrr1li'l r'l?tlJ ??l'Jt ??ip?ll ??ip ???? 

n????'l ?????? ????? ?r'l? m?? ??? ?t ?? ?? t??? M? n??? f1 H n?? n?C1 t 

?EJ?H ?? ?"l? rrrl'J~ ????n? ?U1C ?i'i.???? n??Iln.?trrr ?il?tr'lll ?? tr'lr'l}JJ ?\?????1'l 

???n ih? ????H n1ttrrr ?\?li??W t'l??'l'? n'l'''l? ?C1t? ?EJliH m? ?? n???1l ?11-1 

fl??????1 ???m??rrr? 'l'?? ???C[JIl?? ?nh? H?Il? 
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Appendix VI. Result of the Test Case with Font Size 14 

?Cfl rn.-?? lJ?C ?i\ ???i\ ~Gn?'{' trh?,.,'l ??T 1?? ???? ilC rn? ???uoHrn- ??&? uom? 

rn-? IC??IJl:t ? 'r'{'HHrn- n? Ii?? nR.? 4>?m'l?? uon ?lirn.-? ?qo t-J? rn-? rn.-?m?'l 

??CG uo?']'? 11i8 rn?1'>? ?rn.-n. n??hIi. ?rn.-?? ?i.tn?'l 1il-l?T quo?t tip?? ??n?rn- ??Il'l 

?I'J?WI 'l'?t? ?? ??EJ ?~lJ?? uoH uo 'j' [JI}'l'? ?[JI}lJ?? nH???rn- nl-llJ?t Huo? ????I? 

uo?qo I'J? ???M ??~ f-m ???'nnIL ?????????rn- ???fl?rn- ?Crh ??N ??lint ??C 

4>??l'JqolJ1' mil? ?trn-?? ?rn.-?t? q?Hrn- ???1 ?IiC ?t?l? In). ?nflt uo??~trn-? 

??U, lJilCil n.? 4>??rn? ??fl1\?? uo?~:t 'l'1i?? ?1? ?C \?"I ?uo?m? lJ1'1'J?T n. '1 ?f rn-rn.-

'l't? nnnt quo?t ?H ?~ "l ??Ii n??lJ1' lint ??Mn?? nlitH? liuo?nfl'l'il 

???Ii':f,? ????t ?[JI}?H?rn.- ?l-l?t flli??H tuo?m'f1? ?t-J), ?8? ??? If?tflfl? ??? liil?n. 

If? q?~?l} \? ?n??rn-lJ1' ?1'J1'Jn. \qo ??uo??? ntH?? rn-??? ?? ???11i&? flli[Jl}?l-1? ?TIt;? 

'l'tfl? l-lrnm ?'l? ?cH Ot?llirn- tm?? nl1~t 'l'1,qo:t ??? ??\:trn- ?l'JmC n??? rn? 

1? rn-li? ?limt ?C8rn- R. ??flli ni\lC ?~??H ?I'J? ip"lt M?rnli?fl?rn- tuoi\lirn- rn? 

I??frn- lfuo?rhli nt-J1, ;~?Ii uo?R.,{, ?rn??? uon?hIi.'l ?CuoR. ??r\ [l1'J? gut 4> liip ??? 

?CIi,., ???lit ??? rn???? ?uon?n? n?l'Jrn- ?']' ???? ?rn.-t rn.?t????? n.??l-l Gil???1l 

rn???? n?rn-THil Ii?t? ?n?t n???il ??? 1-??[l ?iprn.-??? ?????? ????? ??[JI} rn?lf 

lJ1'C? gut ?? 4>t tli?~ "'rn.-? n?c? uoH ni'i? nlfnriT ?EJ?l-l:t ?? ?"l? rn-1'Ji'i ????lil 

?U1C Ii?lJ?H ni\ nfln. ??rn- ':'il?t?il I'J? t? ?? 4> ??1$. ??Ct'l ???uo rhrn.- ?n?ri'i:t n??rn-

????4>?CIl t'1??'f1? n?"l? ??1?rn.- ?EJ?H rh? ?? n~ip?il ?11i 4>??~???1 ?1i?rn'Pfrn-? 

'f1?? ??'f1C??'" ??n? H??1i 
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Appendix VII. Source Code of the Experimentation 

Since the number of pages of the source code is greater than the maximum number acceptab le 

by the Addis Ababa University, School of Graduate Studies, it is compiled separately. It is 

available in the SISA Bibliographic Lab. 
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