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ABSTRACT 

Considerable information is found ca rved in hard copy documents. Those documents conta in 

valua ble information which needs to be accessible, easily reachable and searchable by end 

users. Optical Character Recognition (OCR) systems in thi s aspect play an impOrlJIlI ro le in 

liberating this information by converting the text on paper in to an electronic form so thai 

content index ing and searching and accessibilit ies to the resources will be easy. 

The development of such systems for Amharic sc ripts was not a recent research focus. 

However, OC R for Amharic scripts is still an area that requires the contribution of many 

researcb works for recogni zing differen t document images with higher accuracy rates. In thi s 

study, an attempt has been made in exploring the various recognition techniques with the ai m 

o f enhancing the performance of Am haric OCR system, towards recognizing real-li fe 

documents. 

This study applied the basic OCR pre-processing methods like noise remova l and image 

thresholding algorithms in documents that are taken from real-li fe. Two noi se filterin g 

(Median and Wiener) and two thresholding algorithms (Otsu and Sauvola) are tested in thi s 

regard. From the experiment. it was found Wiener coupled Sauvola found to perform best. 

And for segmenting ou t li nes, words and characters from docu ment images, a modified 

project ion profile method is used. The method employed is able to adjust automatically the 

threshold values for word and character segmentations. Us ing this method 98.79%, 95.67% 

and 95.6.1 % of the lines, words and characters are correctly segmented in the test set 

respectively. Also, underline detection and removal and size normalization of characters is 

performed. For identify ing the unique discriminating fea tures o f Amharic characters. a 

mod ified zoning technique is employed. 

Training and testing is performed using linear multi-class SVM. For the purpose o f trai ning, 

the complete set of Amharic alphabets are used which are prepared in h...-O commonly used 

fonts (i.e. Nya la and Visual Geez Unicode). The test result shows that the combined features 

of the two font's resuhs a better performance ra te than the uni-folll built models. Apply ing 

this model registered an average recognition rate of 98.94% and 88.38% in training and test 

SCiS respectively. This is a promising result towards deve loping an applicable Amharic OCR 

system. But. since Amharic script contains highly similar characters and rea l-life documents 

are full of noise, there is a need to explore advanced segmentation algorithms along with 

shape and noise invariant feature extract ion techniques. 
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1.1 Background 

CHAPTER ONE 

INTRODUCTION 

We humans recognize characters easily and repeal this process thousands of limes every day 

as we read papers or books. Reading for us comes as natural and is something we have 

learned to do. Our eyes are the capturing mechanism that uansport signals to our brain which 

in terprets them. This part of human activity is sti mulated in computer world through Optical 

Character Recognition. In the case of computers, a scanner or camera usually fun ctions as a 

capturing mechanism while the Optical Characler Recognition part can be considered as a 

brain that decodes the information captured as image (Kieri 2012). 

Optica l Character Recognition (OCR) is thus a process lhal allows scanned images of text 

converted into computer editable texts (Tawde and Kundargi 20L3). The input fo r OCR 

system is a scanned document image and can be of handwritten, typewriuen, and/or machine 

(computer) printout script that contains leHers, numera ls, punctuations, and/or symbols. The 

output is a computer readable format, such as ASC II , thal can be interpreted into a 

corresponding character (Sharma and Khandelwal 20J3). 

According to the mode of data acquisition, OCR systems are broadly categorized into fWO 

main streams: off-line and on-line character recognition systems (Patil and Mane 20 13). Off­

line character recognit ion system is the one thm gets its data through optica l scanners or 

cameras. Whereas the on- li ne recognition system uses the digi tizers which di rectly capture 

writing with the order of the strokes, speed, pen-up and pen-down information. Some 

scholars, however, argue tha t OCR is only instance of off-line character recogni tion, where 

the system recognizes the fixed sta ti c shape of a character and should not be confused with 

on- li ne character recognition (Sharma, et al. 2013). 

Diffe rent literatures discuss and class ify the whole processing steps involved in OCR systems 

into differem ways. However, we can genera lly categorize them into three basic processes; 

namely, document scanning, recognition process, and verifyitJg process. According to 

Charles, et al. (2012), the document scanning process is the stage where a scanner or camera 

is used to scan the handwritten or printed document in order to find the digi tized form . Here 

factors such as the quality of the scanned document, resolut ion used du ring scann ing have 

huge effect on the overa ll recognition process. The next stage, recognit ion process, uses 



severa l complex algorithms to reach althe corresponding ASCI I (or Unicode) representation 

of a characler. AI th is slage a spelling checkers can also be used to check the generated word 

for correction . The last stage, verifying process, is dOll e with human intervemion 10 check the 

final results that is presented in the structured texi form. 

The recognition process is the most complex and diffi cult step in OCR system. The major 

success ive tasks can be further divided into preprocess ing, segmentation , feature extraction, 

classification, and POst·processing phases (Charles, et al. 20 L2). The preprocess ing phase 

includes several activities such as skew detection and correCiion, noi se detection and 

removal, binarization, underline detection and removal , thinning, normalization ete. The 

preprocessing phase is then followed by the segmentation phase in which lines, words, and 

characters are extracted from the document image. This is then followed by feature extraction 

task which work to represent the character images into a reduced formal. Fina lly, a 

class ification module helps to classify character features inlO their corresponding class labe ls 

and post process ing steps such as spell or error checkers can be appl ied afterwards. 

1.2 History and Generations of OCR 

The history of OCR was start ed with the early inception of pattern recognition. Panicularly, 

at that time, OCR received much more attention in the fi eld as characters were easy to deal 

with . But this attention was cha nged as people diversified their interests over a wide range of 

IOpics in the area, such as image understand ing and 3D object recognition (Mori, Suen and 

Yamamoto 1992). 

According to Mori, Suen and YamamolO (1992), the first concepts of OCR were recognized 

when Tausheck and Handel got a patent in their works on German and USA respectively. 

Tausheck work was based on the principle of template matching. He used a mechanical 

devices and photo detectors to recognize individual characte rs. Though his work was 

primitive, it laid a foundation for subsequent OCR techniques. 

Eikvil (1993), notes that commercial OCR system development can be generally categor ized 

into fou r generations depending on the versatility, robustness and efficiency of the system. 

The firs t generation spans the time between 1870 (where Carey invented a retina scanner) to 

the 1950. Thjs first generation was able to recognize symbols that are deci sively designed for 

machine reading. The symbols used were so much constrai ned that they did not even look 
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natura l for a human reader. The first commercia lized system of this generation was IBM 

L418, which was designed to read a specia l IBM fonl (Eikvi! L993). 

Following Ihi s, in the 1960's, machine primed and hand-printed characters were able to be 

recognized and began to be used in leiter sorting 011 postal services (Eikvil 1993). When 

hand-printed characters were considered, the character set was constrained to numera ls and a 

few !ellers and symbols. The generat ion also int roduced standard character sets fo r English 

alphabCls that look familiar to huma n readers in order (0 fac ilitate ocn recognit ion process. 

The next generation of OCR systems was started when people try to apply them in poor 

quality documents as well as in unconstrained handwritten character sets. The generation 

spans the period between L975 to 1985 (Ghadiyaram 2009). During this ti me there was also 

an ambit ion to make OCR systems less expensive and more efficient. 

The current generat ion, the fourth, is characterized by recogni zing com plex documenLS that 

contains mi xed teXIS, graphics, mathematica l symbols in low-quali ty noi sy docume nts 

(Ghadiyaram 2009). 

1.3 Statement of the Problem and Justification 

Amharic is a language that was spoken s ince the 13th century, though, it started to be widely 

used as language of litera ture in 191h century. Sta rling from Ihis century, Amhari c symbols 

begun to be used for writing purposes. Governments & monarchs also used the language to 

ad minister the different ethnic groups under one administrati ve rule (Ermias 1998). I-lavi ng 

such a long hi story in its existence as a language, there is no dou bt that ri ch information 

exists in written forms mou nted up in museums, libraries, governmental and non­

governmenta l institutions. 

Converti ng those in formation reach contents into a more accessible, easi ly reachable and 

searchable format is therefore a necessity towards bui lding an in formation soc iety in 

Ethiopia. Especially, OCR systems must be stud ied in this regard to bridge the gap that ex isLS 

between the ri ch information formats but yet inaccessible, not eaSi ly reachable, and 

searchable. Typica lly, OCR systems that has high accuracy of general iza tion are important in 

such scenarios 10 correctly transcribe those documents into their correct computer 

representations. 

3 



Curremly, OCR systems for languages such as Latin-script is considered largely to be a 

solved problem. Typical accuracy rates exceed 99%, although cenaill applications demand 

even higher accuracies. Open sy !eIllS such as Tessera I (which is curremly deve loped by 

Google"') is an example of Ihis \"hich can process English, French, Italian, German, pan ish, 

I3razilian, Portuguese and DUich scripts ( harllla, et at. 20 13). 

Adopting a R techniques used in other languages for Amharic scripts ,"as not a recenl 

research focus. For the firs t time Worku ( 1997) attempled 10 study the basic topological 

fe<ltures of the 23 1 Amharic characters (the 33 basic core characters along with their 6 

va ri ants). The topological features ex tracted are thcn lIsed to bu ild a class ifi ca tion trec which 

is used as a classifier. Following his work, Ermias (1990) funhcr worked on fomlatted 

printcd Amharic text s. He concentrated on preprocessing phases such as underline removal 

and normali7 .. mion of ital icized characters in order to expand the cJpabili ties of the recognizcr 

!>reviously adopted by Worku. 

Dereje ( 1999) also further modi fi ed the algori thm to be lIscd in typewrillentex ts by studying 

bC:lsic femures of Iypewrillen scripts. He also explored differellt segmentation algorithms and 

noise removallechn iques. In the same yea r Berhanu (1999) worked on recognition of printed 

characters using ANN as a combined feature extractor and classi fier where the color values of 

normalized characters served as pattern for recognition. 

Ot her attempt was also done by Million (2000) who worked towards having a generalized 

approach to make previously adapted algorit hms work on printed characters with different 

fonts and sizes. Million used topological feat ure extraction techniques for thinned character 

representa ti on. Again, in the same yea r Nigllssie (2000) tried to recognize handwritten 

Amharic characters fou nd in legal cheques. 

Following this, Yaregal (2002) worked on printed Amharic characters using primitives 

(structuraVlopological pattern) as fea lures and used ANN classifier for recognition purpose. 

Messay (2003) also made an attempt 10 recognize handwritten postal address labels using lhe 

S<l me classifier where he used a least square method (i1 stalistici11 feature extraclion approach) 

for extracting fea tu res from chari1cters. In the following year, Wondwassen (2004) worked 

wi th special type of handwritten Amharic characters "Yekum Tsi fet " where he used A N as 

a combined feature extractor and classifier. And recent ly, Abay (2010) worked on recognition 

of real-life documents and app lied basic noise removal algori th ms on document images. For 

hi s work he used ANN as a combined fealll re extractor and classifier. 
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Other works done towards developing 0 R system for Amharic script include: Worku and 

Fuchs (2003) for recogni zi ng handwritten check amounts us ing the Hidden Markov Random 

Field method, Mill ion and Jawahar (2005) for recognizing real-life documents us ing muhi­

class SVM, Yaregal and Bigun (2007) for recognizing printed characters, and agai n Yaregal 

and Bigun (20 11 ) for recognizing handwritten scripts lIs ing Hidden Markov Model which all 

made val uable contribution in the area. 

Even though, to date a high recogni ti on rate was achieved by the contribu tion of those 

researchers, it is sti ll an area that requires the cont ribution o f ma ny ot her resea rchers in order 

to recognize new unseen rea l-life documents with hi gher accuracy ra tes. The find ing of Abay 

(2010) on printed Amharic rea l-life documents suggests that recogni tion of Amharic OCR 

sys tem is great ly affected by s imilari ty of shape between characters and effec t that noise 

removal algori thms bring on the st ru cture o f the character. He also nOled that in order to 

address such challenges il requ ires to further ex plore feature extraction techniqucs and 

advanced noise detection and remova l algorithms. 

I-Ience, thi s study explores the vari ous character recognition techniques with the aim of 

enhancing the performance of Amharic OCR system in recognizing real- life documen t 

images. Towards achieving Ihis aim, the current research attempts 10 answer the following 

research questions. 

• What are the uniq ue characteristics of Amharic characters formation? 

• Which noise detection and reduction techniques are suit able for Amharic real -life 

docu ments? 

• Which zoning based feature extraction method best represents Amharic characters 

lhat are found in printed documents? 

• To what extent the performance o f the OCR system is improved? 

1.4 Objectives of the Study 

1.4.1 General Objective 

The general objective of the study is to adopt previously tested lechniques along with novel 

techn iques for the recognition of printcd Amharic rea l-life docu ment images in order to 

enhance the performance of Amharic OCR system. 
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1.4.2 Specific Objectives 

Towards achieving the memioned general objective, the study tries to accomplish the 

following specific objectives. 

• 

• 

• 

• 

• 

• 

To review previous works done IOwards developing Amharic OCR system so as to 

understand the approaches and algorithms used in developing such systems. 

To study the unique characteristics of Amharic writing system and types of noises Ihat 

are prevalent in Amharic rea l-life documents. 

To select the most relevant no ise detection and remova l, bi narization, and fea ture 

extraction algorithm for further testing. 

To prepare train ing and test datasets for testing the candidate algorithms. 

To design and develop a prototype Amharic OCR system that recognizes rea l-life 

documents. 

To evaluate the recognition rate of the overall scheme. 

1.5 Scope and Limita tion of the Study 

This study is concerned with experimcilling noise removal, binarization, and feature 

extraction techniques along with tbe basic sleps that OCR systems employ with the aim of 

enhancing the recogni tion rate of Amharic real-life documents. Among the many available 

noise detection and removal, binari za lion, feature extraction and classifi cation algorithms; 

se lected techn iques are studied and tested in rea l-li fe document images. Test datasets are 

taken from sample printed real-l i fe documents such as books and newspapers. 

Even though the resea rch works on prin ted Amharic characters, it does not include 

handwritten characters. Other enhancement pre-processing techniques such as text area 

detection, slant correction, skew corrections etc . are not covered with this study. Also, 

because of time limitations, class ification task is performed in only one learning algorithm. 

1.6 Significance of the Study 

Studying OCR techniques for recognizing Amharic scripts is vital. The main reason for this 

argumen t is that rich infonnaLion for the language are present in manual fOnTIS as Amharic 

characters (,{,f.t\) are being used in literature since the 19th century. Converting those rich 

documents through typing is ted ious, as most of the Amharic characters need an average of 

two keys 10 press in standard keyboards. This method is also time consuming, error-prone, 

and become in feas ible as the magnitude of documents increase. In th is regard, OCR systems 

will provide valuable aid by automatically presenting texts wi thou t a need to type it. 
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Beyond thi s major contribution, OCR systems generally bring the foll owing rewards. 

• 
• 

• 

• 

• 

Help to transcribe valuable documents electronically for future references. 

Faci litate quick digital search in contents. 

Save considerable storage area and allow text modifi ca ti on. 

Help visually impaired people to read documents instantly combined with OIher 

systems (such as speech synthesize r). 

Enhances document accessibility and portabil ity (as we now began to usc smart 

phones for reading). 

Also, the researcher believes tha t the outcome of the study will provide a ground work for 

other researchers to carry OUI fUri her work towa rds developing an app licable OCR system for 

Amharic text. 

1.7 Methodology of the Study 

To undertake this research work and achieve the speci fied objectives, the following 

techniques are used. 

1.7.1 Literatu re Review 

This is the most crucial step whereby related articles from differen t sources are reviewed to 

have a thorough understanding of OCR techniques. Sources such as books, journal articles, 

conference papers, manuals, web sites etc. are consulted to get clear understa nding of the 

issue. Also, past and present research works in Amharic and other script OCR systems are 

reviewed lO have a good background on the way of knowing which algorithms worked better 

than others. 

1. 7.2 Development Tools 
In order to test the relevalll noise removal, binariza tion, and feature extraction technique 

MATLAB® Image Processing Toolbox"· along with Visual C# libraries are used. In areas 

where C# li braries lack funct ionality MATLAB Image Processing Toolbox"" is interfaced 

with C# in order to fi ll the gap. MATLAB® here is selected because it got rich libraries for 

images processing which minimizes the time needed for development. In cases where 

algorithms (or func tionalities) are not found in both environments, source code is written 

using C#. 

For the purpose of class ification a C# library is used due to its availabi lity, ease of usc, and 

easy integration in the environment. 
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1.7.3 Dataset Collection 

Training and testing data set are taken from computer printed and rea l·life documents 

respective ly. The training data set comes from a computer prin tout of Ethiopic Alphabets 

(JJ.A ) that arc printed in multiplc copics us ing two commonly used fOIll faces. For this set, a 

total of 3,210 character images werc gathered by scanning 10 computer printout pages. 

Similarly, for testing purpose 10,260 character images are gathered by scann ing 13 sample 

pages from the Holy Bible, from fiction 'Fiker Eskemckabir', from the Amha ric newspaper 

'Addi s Zemen', and from 'Federa l Negaril Gazcll e'. 

1.7.4 Perform ance Evalua tion 

Once the train ing and testing data sets are prepared, sample pages ex tracted fro lll those 

documents are passed through Dcn processing techniques in order to come up with a fea ture 

vector representation of the characters. The features of the characters from the training scts 

arc fon. .... a rded to a class ifier in order to construct a model. 

The constructed model is then tested by featu re vectors from training as well as tcsting 

datasets for measuring its genera lization capabi lity. In order to measure its accuracy: 

recogn ition ra te and error rate arc calculated. These measu rement techniques are common 

and are wide ly used fo r evaluating DCn systems (Ghadiyaram 2009) . 

1.8 Document Structu re 

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

background , the statemen t of the problem and its justifi cation along wi th the objectives of the 

study, and the methodology used to accomplish the research. 

The second chapter discusses the nature and charactcrist ics of the Amharic writing system. 

The chapter also reviews the general steps involved towards bu ilding an DCR system along 

with the cha llenges for building such system. It also reviews the d ifferent approaches used by 

authors so far to develop an OCR system for Amharic scri pts. 

The third chapter provides the basic methods (a lgori thms) involved in image pre~processing 

and recognition. 

Chapter four deals with the experimentation activity undertaken to implement the methods 

and techniques described in chapter three. In thi s section of the paper, the success and 
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difficuhies faced while trying to implement the techniques to the problem domain are 

presented. The sect ion al so presents the performance ra te achieved for tra ining and test sets. 

The last chapter summarizes the over-al l task performed with the techniques Llsed and the 

resuhs achieved by the implemented techniques. The chapter also forwards a set of 

recommendations for further consideration and research guide. 
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CHAPTER TWO 

LITERATURE REVIEW 

oen is a method to recognize text stored in an image such that it works to convert documcni 

images into a computer recognized form such as ASCII or Unicode. In order to accomplish 

th is task it is crucial to examine the basic steps involved in OCR systems. Thus, thi s chapter 

dedicates itse lf in explaining the major steps involved in building such system along with the 

wri l ing system of Amharic language as recognit ion heavi ly depends on the propcnies of 

underlyi ng writing system. The chapter also present s the challenges posed towards building 

such systems and rev iews different altcmpts made so far by diffe rent researchers towards 

developing an OCR system for Amharic printed, typew ritt en and hand written scripts. 

2.1 Overview of an OCR System 

The main object ive behind an OCR system is to recognize characters that are found on 

document images to conven them into computer recogni7.able fonnat for Ihe pllrpose of 

editi ng, index ing I searching and red uction of storage size (Pat il and Mane 2013) . To achieve 

this task, an OCR system uses a series of processing techniq ues. Those processing techniques 

arc baSically <tl gori thmic steps that are applied on the SCJnncd image. 

Though different literatures claSSify these series of processing techn iques into di ffe ren t 

phases, Charl es, el al. (20 12) generally categorize them into three bas ic phases: document 

sconning, recog nifion phase, and verifying process (sec Figure 2. L) . 

. 
Testing Training 

D'~ 5~' 

Document 
Scanning Phase • 

pre-p.-oces.sing 
Techniques 

· Binarization 
• Noise Removal 
- Size NormalilAltion 
- Underline Removal 
· etc. 

Segml'f1tatlon 
Ftature Extracuon 

Training 

, 

, 
Recognition Phase 

Figure 2. 1: General framework of an OCR system 
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2. 1.1 Document Scanning 

The document scanning phase is the first phase that any OCR process starts. This phase in 

some literalures termed as digitalization or image acquisition. According to Charles, et al. 

(20 12), this phase is the stage where a scanner, camera, or any image capturing device is used 

to scan the handwritten or primed document in order to find a digitized form. The acquired 

images that are captured through those devices should have a specific forma t such as JPEG, 

BM P, T IFF etc. so that the computer understands them as a matrix of pixels. 

One of the major concerns that mList be deal t during Ih is phase is Ihe resolution of the 

scanned image which is measured in DOls-Per-lnch (DPI). This is because it got a huge 

impact on the overall recognition process of the ocn system. A dot per inch defines the 

number of pixels the image spans in an inch of measure. Generally, a higher resolution (or 

DPI) is preferred as it produces better images than lower resolutio n as it tends to break thin 

lines and fill gaps that exist in characters (Halston and el. 2000). 1-I 0\Vever, increasing the 

scanni ng resolution toO far will produce image th.H have bigger s ize which eventually wastes 

disk space and slows down the scanning process. 

According Yeasmin, Shabbir and Naser (2011), most OCR systems lise a resolution that 

range between 300 dpi to 1000 dpi for better accuracy in text extraction. Also, a higher 

resolution is preferred while scann ing pages that appear in books and magazines than 

scanning those that appear in desktop printou t papers. 

One of the OCR system providers for desktop as well as mobile phones, ABBYY 

Technologies (www.abbyy-developers.eu), recommends a resolution rate according to the 

font s ize of texts. For regular texts written in English scripts using font sizes o f 8to 10 po ints. 

it recom mends to use 300 dpi resolutions. I r scans have a smaller resolution, for example 200 

dpi, then the 10 poilll font will be 100 small and will contain broken pixels in the cha racter 

image. For smaller fOIll text sizes (8 points or smaller) it recommends to use a 400-600 dpi 

resolution. One thing to note at this point is that. Ihe higher the scan resolution is the more 

pixels are used to build a character which in turn increases the quality of the scanned lex t 

(Abby 2013). 
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2. 1.2 Recognition Phase 

The recogn ition phase is the most difficult phase which employs several sub-phases Ihal tIfC 

vita l for the detection process. It spans techniques thai are applied to a digitalized image to its 

final A II or Unicode represcllIJlion of characters. In order to accomplish thi s complicated 

task, the following major sub-phases arc involved (Charles, e l al. 2012). 

• 

• 

• 

• 

• 

2. 1.2. 1 

Pre-Processing techniques 

Segmentation 

FeJlure extract ion 

lassi fication 

POSt process ing techniques (optional) 

Pre-Processing Techniques 

The goal of apply ing pre-processing techniques is to si mplify the pattern recognition problem 

without missing any v ital in forma tion. It helps 10 reduce the noises and any inconsislCIlI data 

that arc found in the image which influence the classification accuracy of the system. Some 

of the techniques employed under this sub-phase include binari7.ation, noise reduction, stroke 

width nonnaliZ<l ti on, skew correction, underline detection and remova l, slant removal, 

fi ltering, noise modeli ng, size normaliZ<ltion, contour smoothing, restoration, lhinning etc. 

( POlel 20 13). 

According to Wond wossen (2004), those algorithmic steps involved in pre-processing phase 

can be div ided into fWO , based on the neceSS ity of applyi ng them in every OCR systems. The 

first set is ca lled mandatory steps. Th is is because those steps are so impollant that every 

o R system should incorporate them. One instance of this could be binarizalion. On the 

other hand, the optional steps can be taken or left based on the type of document or problem 

domai n they are applied for. Examples of these steps include noise detection and removal , 

underline detection & removal, size nonna lizalion, ske\v detection, slant removal, thinning, 

filtering, contour smoOlhing, restorat ion etc. 

However, while apply ing OCR techniques in rccognizing real-life documents, it is imponam 

to incorporate optional step like no ise detection and removal as degradation is inevitable. 

Degradation of printed texts in docu menls images may come from different sources. Million 

(2008), noted that degradation mostly occur due [0 the quality of paper used and/or ink drops 

caused by printers, photocopy, or fax machi nes. Based on the commonality of observation in 

prin tcd rca I-life documents, he generally idcntified four groups of noi se types. 
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• 

• 

• 

• 

Soll-and-Pepper: it is a common form of noise typically seen on real-life images 

which occurs randomly as whi te and black pixels spreading all over the image. If the 

image is poorly thresholded. it takes black va lue in ,,-'hite background and \"hite value 

in black foreground . If the image is in its greyscalc, it lakes random illumination 

va lues for black and while. 

C UlS: it is a type of noise 11m manly occurs due to folding of paper in the printed area 

slIch tha t the folded pan will remain while . Such incident creates disconti nuity in the 

image when the paper is flaucncd. II also happens due 10 print fom quality where the 

ink lIsed is unable to fi ll the character image. 

lJIobs: arc ink drops which ex ist in printed docu lllents thai crealc unwan ted 

connections between separate or parts of the 5<lllle characters. They usually occur 

when the printing device emits excess ive ink during the print ing process. 

Erosion: occurs when image is improperly scanned there by causing the boundaries of 

the image to lose sharpness. 

Figure 2.2 show the different noise types discussed above and lhei r corresponding effects in 

sample Amharic text. 

(a) (b) (e) (d) 

Figure 2.2: 5.1mple image degradt'C.I wilh (a) Salt -;lI1d-pcPI>cr (b) CutS (c) Blobs (d) Erosion 

It is important at this point to note that there are al so other types of noises that are found in 

rea l-life documents. Again, al so there arc noise types that materialize duri ng conversion 

process (Le. during document scanni ng). Some of these type include ruled line noises 

(unwanted lines created while scanning a ruled paper), marginal noises (dark shadows that 

appea r in vertical or horizontal margins of an image that are a result of scanning th ick 

documents or borders of pages in books), Ciutrer noises (unwanted foreground content which 

is typically la rger than the text in binary images which may be resu lts of punched holes or 

connection of huge pepper noise). For further reading on those noise types along with their 

proposed noise removal algorithm one can refer (Farahmand, Sarrafzadeh and Shanbehzadeh 

20 13). 
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Once an image is identified with noise, noise removal (or filtering) algorithms are applied to 

remove them. So far, volumes of fi ltering algori thms are proposed for different types of 

noises that appear on images. According 10 Motwani , el al. (2004), we can generally classify 

them into twO domains as: spa/ial {iltering and rransform domain {iltering based on the 

approach they use to remove noise. The spalial filt ering domain can also be classified into 

l ineor and non-linear methods. Linear method contains Meon and H'einer {ilrers whereas the 

non-linear method gOI Medion and Weigll /ed Median fi lters. For trans form domai n filt ering 

group, we have several layers of filtering methods that can be applicd in an image (see Figure 

2.3). For further descriptions on those noise filtering algorithms one can refer 10 Motwani , et 

aJ. (2004). 

U n.ar 
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Figur~ 2.3: Classificalion of noise removal algorithms (Motwani, ct al. 20(4) 

2.1.2.2 Texi Segmenlalion 

Text Segmentation is a process of decomposing images into individual sub-images that are of 

certain pattern. In case of OCR, text segmentation, involves segmentation of lines, words, and 

characters out of a document image (Saha, et al. 20 10). In order to produce those segmented 

resu lts, this process scans the image to iso late interest ing pallerns from the background. 

OCR systems can jump into any of these segmentation stcps. But for proper reconstruction of 

recogni zed characters from the image, it is advised 10 segment lines of tex t first, then 

segmenting words from the segmented lines and fi na lly segmenting characters from the 
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segmented words (Saha, el al. 2010). Since correctness at each stage of lext segmentation 

assures efficiency in generalization, it is considered as one of the critical component in the 

recognition phase (Patel 2013). 

For segmenting out text lines out of documen! images there are several methods available in 

the literature. Soujanya, el al. (2012) investigated th ree line segmen!ation methods, namely: 

Projection Profile, Run Length Smearing, and Adapfive Run Lenglh Smearing technique. 

The projection profile method is a technique used for segment ing lines for both printed and 

handwritten documen!s. The method works by hori zontally summing the count of black 

pixels which eventually used to identify gaps that exist between text lines. In places where 

line spaces exist, the sum gives a value near 10 zero indica ting poin! of segmentation. The 

method can also be modified to segmen! words and cha racters from a text line (i.e . by 

projecting venica l sum of black pixels). The algorilhm is proved to be simple to implement 

and insensitive to writing fragmentations (panicularly the vert ica l projection). However, it 

fails to segment document images that are skewed or have moderate nuctuation of lext lines 

and connected as well as overlapped characters (Soujanya, et al. 2012). 

RUII \ellgth smearing method is another method in which consecutive black pixels along a 

horizonta l direction are smeared (i.e. me wh ite space between them is filled with black 

pixels) if the distance between them is less than a predefined threshold value. Once the 

characters in text lines are smeared, a horizolltal projection is drawn which eventually 

increases the strength of the histogram there by indicating exact points for segmentation . The 

method tolerates fluctuation of text lines yet fails to segment different slanted lines and 

groups inhomogeneous components of different lines into one (Soujanya, et al. 2012). 

The adaptive run length smearing method is a modified version of the run length smearing 

algorithm which is proposed to overcome the drawbacks of the previous algorithm. The 

algorithm combines different ideas taken from other approaches (connected componelll 

processing, whitespace analysis and skeleton representation) and introduce several innovative 

aspects in order to achieve a successful segmentation result. The algorithm is proved to work 

in documents containing characters with variable font size and does not require any 

parameter tuning by the user. It is also successful in dealing with degradation which occurs 

due to shadows, non-uniform illuminations, low-contrast, smear and strai n. One drawback of 

th is melhod is it complexity in implementing it (Soujanya, et al. 20 12). For further reading on 

the algorithm one can refer (Nikolaou, et al. 20 10) 
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For word and character segmelllation, beyond the previously discussed profile method, we 

have the bounding box projection approach. The bounding box projection works based on the 

assumption that each character or words are connected objects (Abay 20 I 0). Thus, for \Y'riting 

systems that are wriHen in connected manner it produces words where as in those writing 

systems that are wriHen in disconnected manner it results ind ividual characters. The method 

gOI advantage over the vertical profile method in which it is able to segment overlapping 

characters. However, it fai ls 10 produce correct segmentati on for characters thai gOI 

disconnected body parts (Casey and Lecolinet 1996). 

2. 1.2.3 Featu re Extraction 

Feature extraction in OCR is the phase that analyses a given character segment and selects a 

sct of features that can be lIsed to uniquely identify it. Because of this, feature extraction can 

be defined as a reduced representation of a character image. The major goal of feature 

ex traction is 10 extract a set of features, which max imizes the recognition ra te with the least 

amount of elements and generate similar feature set for variety of instances of the same 

symbol (Tawde and Kundargi 2013). Thus, selected feature or set of features must be in a 

way that maximizes intra-class similarity (different variation of the same character) while 

minimizing inter-class similarity (difference between separate chartlcters). 

Different characters have different feature that make them unique from other characters. In 

OCR feillu re extraction is thus a process of eXl raCling these different iating representations 

from the matrices of digi tized characters so that the characters are easi ly recognized by the 

class ifier (Verma and Ali 2012). Fea ture extract ion is also one of the 1110St important modules 

in recognition phase as selection of the right fealllre extraction method is probably the single 

most important factOf in achieving high recognition performance (Trier, Jai n and Taxt 1996). 

Accord ing to Venna and Ali (2012), features extraction for a character in OCR systems can 

be broadly classified into Scructuralffopo logical features and GloballScaciscical feature. 

Structural or topological feature is concerned \"ith issues related with the geometrical and 

topological propenies of the character. This includes examining features such as convex or 

concave strokes, end pOints, branches. junctions, connect ivity and holes etc. that exist in the 

characler (Verma and Ali 2012). 

On the other hand, global or stati st ica l features arc obtained from the arrangement of points 

constituting the character matrix. Some of the common techniques for stati stical feature 
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extraction include Zoning, Moments, ProjeClion hislOgrams, N- tuples, Crossings and 

distances. Zoning is a technique where the charader matrix is divided into small portions, and 

densities of those ponions are used as features. In case o f Moments, different points present 

in character are utilized as a feature. Projection hi stograms are techniques in which they give 

us the number of black pixels that are present in certain directions (usually vert ical, 

horizonta l, left diagonal or right diagonal) and hence used as a fea ture. N-tuples technique 

drives features by looking at posi tions of black or while pixels that exist in the segmented 

character. Cross ings and dista nces uses some vectors that pass through certa in di rections and 

counts the crossings occurred (Verma and Ali 2012). 

One concept to mention while discuss ing about feature extraction is invariants. Accord ing to 

Trier, Jain and TaXI ( 1996), invariants arc features which give approximate ly the same value 

for samples of the same character that are, for example, scaled, translated, rotated, stretched, 

skewed, and mirrored. 

2.1 .2.4 C lassifi cation 

The class ificat ion phase in OCR is the decision maki ng part in which it receives a character 

fea ture vector to produce the predicted charnelcr ASCII or Unicode or other mapped 

representation. Once the feature vectors for a character are identifi ed they are fed to a 

class ification module in order 10 produce a model. 

As the inputs to this phase are fea tu re veclors, its prediction performance heav ily relics on the 

qua lity of the features extracted. Classification is usually done by comparing the fea ture 

vectors corresponding 10 the input character with the representative of each character class in 

the model. Bu t before doing this the class ifier must be trained with a sufficient number of 

training patterns (Verma and Ali 20 12). 

The classification module basically performs two mai n tasks: training and recognizing (or 

testing). The firs t task is concerned with the process o f extraCling certain patterns from 

training datasets to store them in certain format, i.e. model. The second task is the deciding 

part in which it receives a cha racter feature vector to produce predicted character ASC II or 

other mapped representation based on the model const ructed . For classifi ca tion to accomplish 

those tasks, it uses the concepts of mach ine learning. 
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Machine learning is a branch of anificial intell igence that lies at the intersection of computer 

science , engi neering and statistics which involves learning automatically from trai ning data 

samples (Harrington 2012). Here, the core objective of learner is to generalize from learn ing 

data to perform accurate prediction on new or unseen examples. In order to do thi s, the 

lea rner (classi fication method) has to build a genera l model abOlIi the learned data that wil l 

eventually enab le il to produce accura te predicti ons in new cases. 

According 10 Ve rma and Ali (2012), there are a number of class ification methods whi ch are 

proposed by different researchers for the different machine learning problems (i.e. regression 

and class ification). Those classification methods can be broad ly categori zed into Sratistica l 

mechods, SynwcticlSlructural methods, Templace matclling, Artificial Neural Networks 

(ANN), Kernel methods (see Figure 2.4). 

Stat istica l methods are classifiers tha t are automat ica lly trainab le. By making observations 

and measurement processes, a SCI of numbers is prepared, which in turn used to prepare a 

measurement vector. Examples to this category include K-NN, Bayesian class ifier, Quadrati c 

Discriminant Function (QDF). Linear Discriminant Funct ion (LDF), Eucl idean distance, 

cross correlation. Mahanalob is distance, Regularized Discriminant Analysis (RDA) (Verma 

and Al i 2012). 

Syntactic/structural methods use primitives of characters for classifica ti on. First the 

primiti ves of the cha racter are identified and then strings of the primitives are checked on the 

basis of pre-defined rules. Generally, a character is represented as a production rules 

structure, whose left-hand side represents cha racter labels and whose ri ght-hand s ide 

represents string of primitives. The ri ght -hand side of rules is compared to the string of 

primitives extracted from a word. According to Verma and Ali (2012), thi s method is good 

fo r classifying handwri tten texts. 

Template matching is yet another pattern recognition approach where new patterns are 

matched with stored patterns. While comparing new instances from stored patterns, the s ize 

and sty le of characters can be negotiated. This matching methods can further be classified as 

deformable templates & elastic matching, relaxa tion matching and direct matchi ng (Ve rma 

and Ali 20 12). 

Artifi cia l neural network (A NN) is also another pO\.;erful classifica tion method whi ch uses 

interconnected nodes (neurons) with weights. During training phase it adj usts the weight s o f 
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neurons according to the input and larget values. These adjusted weights on neurons are then 

used to classify unknown pauerns. Common types o f ANN include the feed·foJ'\",ard network 

(lhe most common), Convolutional Neural Network, Vector Quantization (YQ) Network, 

Au to·association Network, Lea rning Vector Quanti7..ation (LVQ). 

Las tly, Kernel methods are powerfu l class ifiers which include Suppon Vector Machines 

(SVM), Kernel Principal Component Ana lysis (KP A), Kernel Fisher Discriminant Analysis 

(KFDA) ele (Verma and Ali 20 12). 

Classification Methods 

= 

r-
Statis tic ,.1 Methods 
K-NN 
Baycsi:1I 1 classifier 
Quadrm ic Discriminilnt Function (QOF) 

Discriminant runction (LDF) Linear 
Euc\idea n dis tance 
n egulari zed Discriminant Analysis(RDA) 

~syntacti c/Struclural Method 

~ Templat e Matching 

Artifici. 
reed-fo 

al N('ural Network 
rward network 

Convol u tional Neural Network 
Quant ization(VQ) Network 
sociation Network 

Vector 
Auto-as 
Learnin g Vector Quamization(L VQ) 

====:::::: 
Kernel Met hods 
Support Vector Milchines (SVM) 
Kernel P rincip.11 Cot11lXlIlent Analysis (KPCA) 

isher Discriminant Analysis (KFDA) Kemel r 

Figure 2.4: Generali:r.cd categorical view of classification methods 

Among those different lypes of classification methods, Suppon Vector Machi nes (SVM) and 

Artificial Neural Networks (ANN) are the most dominant class ifiers thm are used in the fie ld 

of character recognition (Ng 2012). Also, combination o f various classifiers (such as Binary 

class ification tree with ANN) can be used in order to get s ign ificant improvements in 

recognition accuracy. 
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2. l.2.S Post Processing Teclmiques 

This is an optional final sub-phase in recogni tion phase; in which after the class ification 

process was completed resuhs are checked for errors. This is done because classificaLion 

algorithms are not always perfect. Thus, Lhey produce misclassified characters especially 

when they are dealing wiLh alphabets Lhat got high structural simi lari ty. Those errors are 

usually gOlle unseen to the user if post processing techniques such as spell checker or error 

checker are not applied. Those techniques automatica lly aneVor with the help of the user are 

used to ident ify Lhe erred characters and eventually help to correct them (Eikvil 1993). 

2.1.3 Verifying Process 

OCR systems, especially when they are dealing with noisy and poor qua lity documents, reject 

some of Lhe characters. Un like the erred characte rs that may go unseen, rejected characters 

arc usually flagged by OCR systems for possible human intervention. Thus, a human 

proofreading must be performed in order to correct those errors. Also, after the recogni zed 

texts are produced, inspection must be done to check whether the correct uanscription has 

been done by the system. 

From the previously described architectural phases of an OCR system, the current work 

adopts the ones that are suitable for recognizing Amharic real -life documents. Document 

Scanning Phase and sub-phases of Recognition Phase are exp lored in fu ll. However, the last 

sub-phase of recognition phase, Post Process ing, wil l not be covered as it is optiona l and 

requires an interface of another system such as spe ll checker. 

2.2 The Amharic Writing System 

People started to express thoughts through writing or symbol abou t 5,000 yea r's ego. The 

first symbols they used were simple pictures of objects. Egyptians, for instance, used piclUre 

writing on monuments to convey informat ion (Dereje 1999). The symbols used in the writing 

have to be understood by all users of the language and must deliver the same message 10 

different readers. This an of expressing ideas through symbols is call ed writing and the 

nature of writing those symbols is known as writing sysfem (Baye 1992). 

According to Baye (1992), there are three different types of wriLing systems. The first writing 

system is ca lled Logogrophic sysrem, which was used in the early days of writing. This 

wriLing system uses symbols to represent a word. For example, if a language gOI 100,000 
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words, it uses different symbols near to this number to represent each word. One instance of 

th is writing system could be the old Chinese writing system. 

Un li ke logograph ic , the second writing system Syllabic tries to represent all the phonemes 

(combinations of vowel and consonant) using a single symbol. The number of symbols used 

therefore depends on the number of phonemes the language has, which are few compared to 

the number of words a language cont ai ns. One instance of this writing system is the Amharic 

writing system. 

The last writ ing system, Alplwbefic, is originated from sy llabic system particularly from 

those that are L1sed in the Middle East. The writ ing system breaks the sy llable phonemes in to 

its constituent consonant and vowel sounds. This system is popu lar and was first adopted by 

Romans which they induced it into their colonies. [t is now widely used in western world and 

most pans of Europe. Also, it is used in some African count ries (such as Kenya, Nige ri a, 

South Afri ca etc. ) which were colonized by them. 

The syllabic writing system for Amharic language was first introduced to its ancestors 

approximately 2,500 years ago in the northern part of Et hiopia by the Semitic Sabcan people 

of Southern Arabia. As a result, the version of the script is ca lled 5{Jbe{J1l (see Figure 2.5). 

This writing system got 29 symbols and sClVed the northern pa rt of Ethiop ia unt il the 

Axumite period. One notable feature of this writing system is the fac t that it is written from 

righl -Io- Iefl (Baye 1992). 

n • I n • bl -, c gl q • dl tJ · II 

R- 1'1 ~ . yl " • kl -\ • II 8 - ml 

D· 51 ,f; = S' I 8 • S' I r? • k'l :;, . rI 

CD = WI X • ZI 0/ - hI 'r: • hI 

~ h • 51 0 -, 
IT' • (7) = nl , • 51 X • \I 6 • (7) 0 • h 

F igur~ 2.5: The Sabcan wri1ing system 
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The Axu mite period gave way to Gee1. language, \"hich it took 24 or the 29 Sabean 

characters and modified 16 of them into a dirrerent looks (see Figure 2.6). It also added t\"O 

new symbols ("~. and ""''') rrom Greek script and also changed lhe style or the wriling rrom 

lert -IO-right. Geez used such a script and wriling system between lhe 4U1 and til century (Baye 

1992). 

c4 - ~ X _.J. t\ 11 ~-? 
1fJ- tI, n-tl 1 - t\ - -& .. 0 
8 UP '1 ... ? - - - 'I' J -l 
:3 IP If r.: z - - - tI 

Figure 2.6: Evoltnion ofSabcan 10 GCf1.1 

The Am haric language started to be used in Elhiopia in around 14th cemury allhough it was 

not the language of literalure at Ihal lime. Amharic is on ly recognized as a medium or 

literature beginning from the middle or the 19th century where il look Gee1. scripts and 

became a wri llen language. However, unlike Geez, Amharic look all the 26 characlers rrom 

its predecessor. It is be lieved Ihat it is because or the pressure from the church and Ihe state 

that all these characte rs are maintained (Bender, et al. 1976). 

On top of the inherited 26 characters, Amhari c also added additional characters to represent 

sounds that it acqu ired rrom Cushitic languages. This was done by placing a small ba r (or 

hat) 0 11 top or 7 characters (such as ''i'i'', ":F', "'to' •• ~ 'f", "ri", olio and "11') lhat were inherited 

from Geez. 

The present ent ire symbols or the language (including characters, pUllctualions and numbers) 

that are now commonly used add up to 3 10. The complete set or the Amharic wriljng system 

is shown in Annex I: The Amharic Writing System. 

2.2. 1 The Amharic Characters 
Currently Amha ric has 33 characters with a tOlal number of 23 1(33x7) sy llables (Baye 1992). 

Beyond lhe 33 basic characters and 23 1 sy llables (see Figure 2.7 ror samples), Amharic also 

added the character "rt''' with its seven rorms i11lo its appendix list. The language also got 

modified versions or the exist ing characters (labialization characters) sllch as "1:, "":C. -z. ... , 

1 Images arc taken from hup:llww\" .ethiOpianhistory.com/G~'u 
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~!e . ~ IJ:. ~: I:- etc. which are 44 in number. BUI , among those labialized characters, only 20 

(su has "".'1: . ~~-. ~1.- . -:13-. ";1;- etc.) of them are common and usually listed as an appendix to 

the main list (Mi llion 2000). 

u .,. v. y ~ U " 0 o· o. , o. ~ flo ,,, (h· ,h. ,I, " 0 ,I, ,I, 

"" 1/1>' 1"1. "'/ "I, ?" ", 

'" I)"~ "t. ul "1 1# Y' 
t. ,. t (.. I., e C 
0 II· II. , II, II ~ 

n n' n. ~. 0', '11 ~. 

'r ". '/~ :.1 ' ./: ,j ' .~ 

n n· n. ~ n, ·n ~ 

Figure 2.7: ample of Ihe b..lsic Amharic dwaclers 

Onc problem that is rai sed towards Amhari chara tel's is the usc of more than onc 

orthographic representation fo r the same sounds (such as ';1) ! (h ! ')". Nfl ! 0''' . ~~ ! 0-. ~" ! 0-). 

It is argucd by most scholars that it is essentia l to climinatc such rcpctitive letters fonns from 

the alphabet as they make computer representations a bit diffi cult (Bender, et al. 1976). 

2.2, 1. 1 Fe;:lIures of Ihe Amhar ic Characters 

The Amha ric character SCI show similarity in shape in which the syllaba ry characters arc 

derived from their basic consonalllS by allllching smllll apl> ndages to the riglll , left , top or 

hallam in more or less regular modi fications. Somc sy llabary charactcrs arc fonned by 

(Idding sfrokes others by ade/ing loops or others fonns of differentiation to each core 

character (Million 2000). Sample method is presented in Table 2- 1. 

Characters Method of Constructio n Exalllilies 

2nd Order 
Add a horizon tal stroke at the middle of the right s ide of the v-. fl·. ,h... UD" 

base characters 

)td Order 
Add a horizonta l stroke at the bottom of the right leg of the base 'I.. 1\.. rh.. If'!. 
characters 

4 1h Order 
Add a diagonal stroke at the boltom of the leg of a one leg base 
character or elongate the ri ght leg of a twO or three leg base 't, 'I . ' '''. 11' 
characters 

5th Order Add a ring at the bottom of the ril?ht Icl? of base character ~ . /\.. rI ... . U'L 

61 Order Irregular I), a, ,11, IJ" 

71 Order Irregular If, fr. r#' , ifO 

Table 2-J: Order fomlillion in the Amharic characl(~rs sel shown by sample chJraCl(~rs "u", ",, ", ",I." ...... ,. 
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Accord ing to Bender, et al. (1976), some core characters are derived from other core 

characters by modify ing or adding appendages. For example, "m" by adding loops in its 

bott om legs produces "'Q.". "/." by adding loop "t .", 'T ' by add ing curved ba r " h", adding 

horizontal bar at the top "1'1 ", H'I·H, Hf.H, H ~H produce "i'i", ":,:H. H'P, .... Hy" respectively, Amharic 

characters also have differem dimensional s izes in both vertica l and horizontal measures. 

Taki ng the verti cal height, some characters got shall height sll ch as " (fIJ", " tv" etc. wh il e 

others gOI longer height "ri.", ":1.:" , "!!" etc. Considering the horizontal width, characlers such 

as 'T', "V" etc. got sma ll widths whi le characters like "",),", " rn" etc. got wider widths. 

2.2.2 The Punctua tions 

Am haric language mainly uses 8 punctuation marks that are lIsed 10 describe different moods 

of speech like intonations, questions, amusement etc. Some of them are si milar in shape with 

Lati n languages and used for the same context for the language. Those punctuation mark 

include question mark "?", exclamat ion mark "I", quotes" ", and pa renthesis "0". The 

remaining punctuations include word-divider " :", comma "!", semi-colon " I" , and full SlOP 

" ,," (Million 2000). 

2.2.3 T he Numbers 

The Amharic numbering system gOl twenty individual characters. The numbers represent 

di screte values between one to nine (no representation for zero), ten up to ninety, and 

mul tiples of ten (hundred and thousand). The orthography of the symbols was taken from 

Greek letters by addi ng horizonta l strokes in the symbols at their lOP and boltom (Bender, et 

al. 1976)(see Figure 2.8). 

?i 1 'il it 
M 1; if! 'ff' 
e ~ ~ :! 
~ il :l l'. 
?; I :£ Ii 

Figure 2.8: The Elhiopic numbers 

Though (he language got its own numbering system, it uses the numbering system of Arabic 

numerals. This is because of the fact that it does not have symbols for representing negative 

numbers, decimal points as well as operators for perfonning arithmetic operations. 

Consequently, the Arabic numerals are used for the representation of numbers and Lati n 

based scripts for operators (Million 2000) . 
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2.2.4 Features of Amharic Writing System 

The writ ing system of Amharic is similar 10 other popular wril ing syslems like English. The 

fo llowing lists summari ze the basic characteri stics that the writ ing system got (Bender, et a!. 

1976). 

• 

• 
• 

• 
• 

• 

• 

2.3 

The writing system is written in horizonta l di rection and from lop-to-bottom. 

Wh ite spaces are lIsed to separate words, lines , and paragra phs. 

There is a proporti onal spacing between characters in words and words in a line . 

Characters are written in di sconnected manner (for exa mple, "M O"). 

Most of the upper stro kes are att ached 10 the main characters (such as "1'i ! '/i ") while 

others got di sconnected strokes such as numbers" ti, if, f~ .... ", punctuat ion ma rks " :; , 

:, : ", and characters like "7i". 

Unlike other writing systems like English, it docs not have different orthographic 

representations for capi tal letters as there is no upper and lower case distinction for 

the language. 

A li ne of Amha ri c printed script lies at the same level, ha ving no ascent and descent. 

Challenges in Building Amharic OCR Systems 

Accordi ng to Million and Jawa har (2005), character recognit ion for Am haric documents can 

be a cha ll enging task because of three major reasons: degradatjon of documents, printi ng 

variat ions of texts, and structura l similarity among different characters. 

• Degradation of Documents 

Scanned documents from books, magazines, newspapers, etc. are poor in quality and thus il 

makes it hard to recognize characters printed on them. The main reason behind this challenge 

is such documents may introduce strange art ifacts during the printing process which will 

eventually strain the recognition phase of OCR. These artifacts include bu t not limited 10 

excess ive dusty noises, ink-blobs between or within character, verti cal horizontal or diagonal 

lines caused by folds in a paper, floating of print ing ink from pages etc. 

At lh is point it must be noted that such cha llenges did not only pose problems to Amharic 

documents. They are also mentioned as cha ll enges for other printed documents thai are 

wri tten in different script. Therefore, one need to look carefully to design appropriate 

methods to reduces thei r effects in the recognition process. 
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• Printing Variations of Texrs 

Different font faces (such as 'Nyala ','Visual Gcez Unicode', 'Visual Geez Unicode 

Agazian', NC.) combined with differelll font slyies (bold, italic, and underlined) and sizes 

pose a challenge in building an OCR system. These three factors produce different version of 

the same texi that may confuse the classification stage of recognition phase. In order 10 

alleviate such problems we need to look a way 10 standardize the different variations of the 

same text. 

• Structural Similarity Among Different Characters 

The Amharic script contains more than 300 characters which a number of them arc 

structura lly similar to each other. For instance, "n 1'1- II.. " f1 .~ with ~n fl· I\. It (I," respectively, 

"~wiili~~~ili~T~ili~~·wiili~W~th~~wiili "~~·wi'h~ 

~m." with "OJ'~ In order 10 address such chall enge robust discriminant fea tu res need to be 

ex tracted from the characters for proper repreSenlaiion. 

2.4 Review of Previous Works on Amharic OCR Systems 

Developing OCR systems for Amharic characters was not a recent research focus. Different 

studies had been done in the area by different scholars. The works, in general, include 

recognizing characters that are computer printed, real·life, typewritten, and handwritten. 

2.4.1 Pr inted Amhar ic Character Recognition 

There arc various attempts made lowards developing OCR systems for machine printed 

characters. 

2.4. 1. 1 Appl ication of OCR Techniques 10 lhe Amharic Scri pt 

Worku (1997), was the first to try oul OCR techniques fo r printed characters by studying the 

features of the Amharic characters. He based his test on WashRa font with size 12 point 

where he applied segmentation, feature extract ion, and recogni tion techniques. 

Worku for segmentation phase applied the stage·by·slage segmentation algorithm that was 

proposed by Pal and Chaudhuri (1995). The algorithm works in success ive steps to detect 

lines, words and characters. With this technique he was able to successfully extract a ll 

characters. The only error found in this tech nique was while it encounters connected 

characters, where the algorithm failed to work. 
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For fea ture exuaction phase, he tested two techniques: namely Border Transition Feature 

(BTF) and contour ana lysis. The BTF technique works to divide the segmented character 

image into four quadrants there by calculating the average vertical and horizontal length of 

each quadrant. Using this approach Worku reponed a poor performance in classification due 

to the s imilarity that exists between characters. The other feature extraction techn ique, 

contour analysis, gave a better resuit in this regard. The algorithm got twO major steps: globa l 

fea tu re extraction and local feature extracti on which eventually used to extract features from 

characters. 

For recognition phase, Worku used a binary tree classifier that was adopted by Shridhil r and 

Badreldin (1984). But, before the segmented characters arc fed to the classifier, be pi1ssed 

each of them through contour analysis fo r the purpose of extracting un ique featll re of 

characters. The results that are found through this process are then sellt to the binary tree 

where he tested them using the previously extracted feature functions to decide. The binary 

tree is transversed according to the decision made at each node and whenever a leaf node is 

encountered the matching character will be returned. Using thi s technique, he achieved 

97.31% recognition accuracy on hi s test set. But, since the performa nce of the system is poor 

to segment formaned characters such a::. ita li c and underlines, he recommended that such 

techniques should be studied. 

2.4.1.2 Formalled Amharic Text Recognition 

Errnias (1998), further attempted to enhance the performance of Amharic OCR system by 

enabling it to incorporate recognition of fo rmalted Amharic texts. To thi s end, Ermias tested 

preprocessing techniques such as underline detection and removal, th inning and 

normalization. 

The underline detection and removal algorithm adopted by Ermias was first used by Pal and 

Chaudhuri ( 1995), fo r detecting and removing lines found in Bangia script. He adopted the 

algori thm by modifying a threshold value such that a value greater than the threshold in any 

row wise sum of gray pixels is considered to be a line and consequently replaced by white 

pixels. 

The lhinning algorithm adopted by Ermias \vas the Zhang and Suen (1984). The algorithm 

invo lves two steps and works ite rat ively on contour pixe ls unt il the image is eroded into a 

width of one pixel. T hough the number of itera tion needed to thin a character can vary, 
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prin ted characlCrs, \ .... hi ch gave an accuracy rate r 35%. lie statC'd thaI such low level was 

a hieved because of segmemation errors. Thus, he recommended the need to incorporate pre­

process ing techniques such as noise filtering and image thresholding algorithms. 

2.4. t.4 A Cenera li zed Apl)roach to Amharic oen 

Million (2000), tri ed to come up wilh a generalil.ed approa h to make previously adopt d 

algorithms to recognize different fo nt faces and styles (like normal, bold, and itali s). lie 

based his lest on Washna, Agafari . Addis Zemen, nejim, and Visual eez fonts. 

In his work, he applied thinning algorithm before applyi ng segmentat ion algorithm. This is 

becillise it enhances the accuracy of scgmcnla tion algori thm as thinned haract rs create morc 

space in words. In his course, he tested two thinning algori thms: Zhang and Suen (1964) 

thinning algori thm and pa rallel th inn ing algori thm whi h \."as suggested by lIa and Bunke 

( 1997). 

The twO thinning algorithms are tested in a scanned image of Amharic chara ters where the 

performance of the algorithms was compared. The b.1ses for comparison was based on the 

fact LIlal any thinning algorit hm shou ld possess no conncctivity loss. depict simi larity of 

shape wi th the original, and must have reasonable processi ng time for thinning process. 

Un fortuna tely, bOlh algorithms fall en as they produced connectivity losses and high shape 

distort ion in the character im.1ge. 

Thus, Million worked to integrate both algorithms and cOllle up with a hybrid-lhinning 

algOri thm thaI performed beller according to the conditi ns stated for compa ri son of thinning 

algOri thm. The newly developed algorithm was tesu.'<i in the previous scanned image of 

Amharic characters and produced no connccti vity losses \ .... ith a max imum distortion rale of 

4.33% is registered. 

Once the thinning was done, he used the stage-by-stage segmentation algorithm. The 

segmentation algorithm worked perfectly, but failed to segmem characters like " ~". where 

after thinn ing they become so thin that they \"ould not pass the th reshold value set and hence 

ignored by the algori thm. As a result , Million tried to measure the height and width of the 

23 1 thinned characters so that the threshold value was redll C'd to a level that incorporales 

thinned characters as wel l. 
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For feature extraction phase a Visual C++ program was developed and an algoridlm was used 

(or extracting features and feature (unctions o( the thinned characters. Based on the extracted 

(eatu res of the characters, a database of fea tures was developed using binary tree wh ich also 

served as a classifier. Using th is techn iq ue Million reponed a recognition rate o( 49.38% for 

Wash l~a, 26.04% for Aga(ari • Addis Zemen, 27.64% for Rejim, and 15.75% for Visual 

Geez. He recommended that in order to increase the perfonnance of Amharic OCR in 

recogni zi ng different fon t fa ces and styles, it generalized and more flexible recognition 

algori thm should be adopted. 

2.4.1.5 Versatile Characte r Ilecognition Sys tem for Amharic Text 

Yarega l (2002), tried to explore a novel fea ture extracti on al gOri thm along with the 

tcchniques adopted by previous researches in ordcr to corne up with a versa tile algorithm that 

is independent o f font size. He attempted to recognize characters wrinen by VG2000 Agazian 

font type with fonl sizes o( 8,12, and 14. 

For segmentation of lines, Yaregal applied the stage·by·stage segment ation algorithm which 

works we ll for unconnected and non·skewed cha racters. But s ince his experiment uses 

different font s izes, he modified the algorithm so that it can accommodate different font sizes. 

Once the lines are segmented, he worked to identity the boundary of each character image by 

using boundary extraction technique. For Ihis purpose, he developed a Visual C++ code that 

identifies boundaries o f a character. 

Yarega l tried to study and pick primit ive structures that are found in Amharic characters in 

order to come up with a feature representat ion of characters. In order to achieve this he used 

the guidelines set by Singh and Amin (1998), where they used s ix primitives (dot, vertical, 

backslash, slash, horizontal , and comer) to recognize hand printed Chinese's cha racters. For 

his case, he only considered the fi rst four primitive structu res (appendage (dot) " vertical I , 
backslash \ , forw'ard s lash / ) due to the fact that all characters can be constructed ou t o( them 

by cOllnecting them at the top, middle, and bottom. The horizontal line was not conSidered for 

representation even though most Amharic characters use it. !-Ie argues that it is only used to 

connect these primitives. 

Ones the primitives of characters are identified, retain ing infonnation about which primitive 

is connected to which and the direction of connection is important. To achieve the first task, 

Ya regal used a relationsh ip set. For instance, " f,\ " is represe nted as {\ (/ :midd te),1(\: lOP; . : 
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middle & bottom),->( / : top & bottom)} . The second task, to tell in which direction primitives 

are connected, he used a binary tree and found OUI Ihat an in·order transversa l through the 

Iree gencra les different primitivc paltcrs for differcnt charactcrs. 

Howcver, since the fi rst task lacks to gcnerate a pattern and the laller task lacks to hold 

re lationshi p that cx ists among primitives, he came up with a tree Ihal can hold both 

information 's. The tree got three lefl nodes (each node rcpresenting the possible connection 

types i.e . lOp, middle, and bOllom) i'lIld four rightllodcs (each node representing the four bas ic 

primitives). The tree can be tra versed though in·order traversal approach and proved to be 

effect ive . 

ANN was used as a classifier in this work . The network got G4 input nodes, a one layer of 64 

hidden nodes, and 8 output nodcs to gcnera te thc ASC II code of the classi fied charactcr. The 

network was fed with the binary represelllation of seven primitive types (where hc added 3 

more primitives to the ex isting onc) and nineteen poss ible relationships that can exist 

between them. 

Those primitives are extracted from Amharic characters written with VG 2000 A 'Jzia n font 

with font sizes of 10 & 12 and tcsted with fO Ill sizes of 8, 12, and 14. The developed system 

correctly recognized 65.02% of the characters included in the training set and 62.87% of the 

characters 110t included in the training set as unknowns fo r font s ize of 8. For 12 font size, the 

system correctly recognized 74.68% of the characters included in the training set and 8 1.07% 

of characters nOI included in the training set as unknowns. Agai n the system correctly 

recogni zed 73. 18% of the charactcrs included in the training sel and 70.04% of characters not 

included in the training set for font size 14. 

Yaregal recommended that algorithms for primitive ex traction, identification, and 

re lationship/connection should be developed in order 10 Ulil izc structura l approach for feature 

extraction. Also, he noted thai segmentation algori thms need to be sludied as the current 

approach fa iled to segmenl ilal ici zed charaClers. 

2.4.2 Real-Lire Document Recognition 
nea l. life documen ts contain sevcraltypcs of noises that surface in lhe document images. So 

far different atlempls are done towards recognizing such documenLS for Amharic scripts. 
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2.4.2.1 OCR (or Am haric Doclll11en lS 

Million and Jawahar (2005), Iried 10 recognize real -life Amharic documenls. They based Iheir 

leSIS on real -life documents like books, ne\vspaper, and magaz.i ne. TIleY also tried 10 

recognize differem priming varialions of Amharic fonls (su h as font face, size and SlY Ie). 

In their work Ihey applied a complete workflow of OCR lechni<lues where Ihey u cd 

binarization, noise removal, and skew correclion lechniques. The pages arc scanned with 

standard resol ution (i.e. 300 dpi), and arc passed Ihrough binarization and noise removal 

algorithms consecutively. Then, Ihey applied projection profile technique for corre ling 

skew ness of the image. 

Once document pre-processing Is done, the images are scgmenled into individual 

components. For segmenlation purpose Ihey applied horizontal and venical projeclion 

pro files method. 

For fcalure extraClion phase, they first convel1lhe segmented characlers imo a malrix of ones 

(represent foreground) and z.eros (represelll ba kground). This malrix is then convened into a 

cont iguous vector by concalenaling the rows of the malri x. But, since the representation was 

10 0 heavy for subsequent computations, they applied a IWO stage dimenSionality reduction 

scheme for reducing the dimension of the fea ture. For thi s purpose they applied the principal 

component analysis and linea r discriminant analys is consecutively. TIle reduced oplirnal 

discrimina nl feature vectors are then fcd into multi-class Support Vector Machine (SVM) for 

training. 

Once trai ning was completed, they first tested the model for datasets that consider differem 

printing varia tions. For this purpose Lhey used PQ\verGee1., VisualGeez, Agafari and Alpas 

where they registered an accuracy rate of 99.08%, 96.24%, 95.53% and 95. J 6% respectively. 

For font sizes of 10, 12, 14 and 16 points they found accuracy rales of 98.64%, 99.08%, 

98.06 and 98.21% respectively. Again for normal , bold and ilalic fonl styles accuracy rate of 

99.08%,98.2 1% and 89.67% was achieved respectively. 

Tesling the model for poor quality documents was also done in the work . They tested the 

model on Amharic documents thai came from books, newspapers and magazines. While 

testing. they fou nd a recognition rate of 91.45%, 88.23% and 90 .37% for those documents 

respectively. Using this scheme high recogn it ion rate was achieved. Ho\vever, 10 come up 

with a bellcr result, they proposed an intell igent system \vhich can learn from its mistakes. 
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2.4.2.2 R.ecognition of Real-Lire Printed Oocumen lS 

Abay (20 10), tried to apply OCR techniques in recogni zing real -life printed documents. He 

took his trai ning and tesLing data from rea l-life documents: Holy Bible, from the popular 

Eth iop ian fi ction ' Fiker Eskemekabir' , from 'Addis Zemen' newspaper, and ' Federa l egari t 

Gazette' . 

Before apply ing the segmentation algorithms on the scanned images, Abay first tri ed to 

remove noises that are found in many real -life document s. li e tested three noise remov,,! 

algo rithms (Linea r filte ri ng, Median filtering, and Adapti ve fi ltering algorithms) and fou nd 

out that adaptive filt ering works well for most Amharic documents and thus considered for 

his work. It was selected because it prese rved edges and other high-frequcncy parts o f a 

character. 

After the noises that are found in those real- life documents are removed, a stage-by-stage 

segmentation algorithm was employed which he reponed 100% accuracy for line 

segmentation. For segmentation of cha racter images he selected the bounding box projection 

algorithm over the pixel projection approach of the stage-by-stage algorithm. This was 

because, he argues, it is computationally less intens ive. But, s ince thc algorithm works 

assuming tha t each character is a connected object in an image, it posed a prob lem as some of 

the Am haric characters got disconnected stokes (such as the hori zontal lines found in 

Ethiop ic numbers" ?i. R. i~~ etc., the punctuation marks ,; :: . :. ! .. etc., and cha racter like;' i'i ~ 

111m got detached horizonta l bar .11 lOp). As a result of this, the algorithm failed to segmen t all 

characters that are found in the documents. For hi s case, he reported a characters 

segmelllalion accu racy rate of 98.55% to 100% on trai ning set. 

Abay also applied normalization and thinning techniques in his work. For normaliza tion 

purpose he used the pixel brightness interpolation method found in MATLAB· envi ronment. 

For hi s problem at hand, he normalized the cha racters into 20x20 pixel size as it kept 

connectivity of most characters and well preserves the shape most characters. He aga in used 

MATLAB· built in fu nction (bwmorph) for the thinning process. 

For class ification purpose AN N was used where the 20x20 image matrix is fed to it. In this 

technique the th inned version of characters are changed to a value of I and 0 for foreground 

and background pixels respectively. The network got 400 input nodes, since the tOLal number 

of pixel s found in the image become 400 (20·20), and 1 out pu t node. The OUlput node 
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produces a fraction va lue between 0 and I where it is mapped to one of the 275 Amharic 

characters considered fo r the study. 

Using these techniques, Abay reported recognition rates of 97.88% for Addis Zcmcn 

newspaper, 96.4 1% for Bible, 97.84% for Federa l Negaril Gazette, and 95.38% for the fiction 

Fikcr Eskemekabir on train ing sets. Simila rly, he reported a recognition rale of 14.88% for 

Addis Zemen newspaper, 11.04% fo r the Holy Bible, 10.25% for Federal Negaril Gazelle, 

and 9.44% for fiction the Fiker Eskemckabi r on ICSt sets. He recommended further exploring 

should be dOlle ill feature extraction and noise removal algorithms 10 enhance recognition rate 

as some of Amharic cha racters arc similar in Structure and Am hari c document images arc 

hi ghly degraded. 

2.4.3 Typewritten Amharic Text Recognition 

Dereje (1999), tried out recogn izing typewritten Amharic characters. At set out, he first tested 

the recogn it ion ca pability of the recognizer that was previous ly built by Worku (1997). BlI l, 

s ince the features and shape of typewritten characters significa ru ly vary from primed 

characters, poor performance was attai ned. 

Therefore, he revised Worku's a lgorithm by taking the fea tllres of typewritten characters into 

cons iderations. For thi s pu rpose, he used the contou r analysis method to ex tract feal ures from 

typewritten characters. The extracted features found using th is method are then saved into a 

table which he used them to crea te fu nctions in the binary tree . The binary tree developed 

lIsi ng this method then served as a feature extractor as well as classifier. 

Dereje also tried to explore segmemation algorithms that are suitable for segmenting 

connected characters, since most of Amharic typewritten characters got connections in some 

part of their bodies. For this he studied the recursive segmenlation algorithm. But due to time 

limitations for developing the algorithm and incompatibilities with the tree classification 

scheme, he modified the slage·by-stage algorithm setting threshold values for character 

width. 

!-l is work also included noise removal algorithms thai arc prevalent in typewritten documents. 

For this, he studied the mathematica l morphology algorithm and the binary morphologica l 

fi lte rs. He found out that the former algorithm makes images to lose their origina l features 

wh ich subsequently redu ce recognition capabil ity of the binary tree. Thus, he used the Ja iler 

method fo r removing noises in the images. 
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Using Ihese methods, he lested Ihe pcrfomlan c of the recognizer for I\\'O test groups. The 

first test group was prepared so tim characlers within Ihem arc wnllen In isolaled manner and 

olher ICSI group was prepared Wilhoul considering Ihis issue. An average recognition resuh of 

61% and 48.47% was achieved for the ICSt selS respcclivcly. 

Dereje recommended Ihat segmentation algorilhms that C<ln efficiency isolate Amharic 

typewri tten character images and femure extraction schemes Ihat are nOI S nsitive 10 

variations of same characters mUSt be stud ied. 

2.4.4 Handwr illen Amharic Texi RCCOgll iliull 

Nigussie (2000), Irj ed recognizing handwritl n Amharic hara tNS. For this purpose, he tried 

10 recognize handwrit ings found in check amounts. lie applied the basi pre-pr essing 

techniques such as underl ine removal, slan t nonnali/ ation and sl le normali/iltioll. A was 

used as a combined feature extrilCtor and classi fi er which a cepled the n nnalil-cd haracter 

matrix. igussie reponed the resuits were lIns.1 tis(acIOIY since A need sufficient snmpl 

data for tra in ing such a complex classification I)robleills. Il l' re ommended using other 

(eature sets for recognizing handwritings. 

Messay (2003), also a tri ed to recognize handwritten characters Ihm are present in l>OSttli 

add ress labels. I-I e used a statistica l fea ture eX lraclion seh me (least square method) on 

normalized characters of sizes 32x32 pixels. Once he cXlraclcd the features, he used A N for 

training and classification purpose. Using thi s technique he reported it recogni tion rale th ai 

ranges from 78.5% 10 91.9% on tra ining SCI while a ra nge of 2.3% 10 .9% achieved in lest 

sets. lie recommended that further studies should be done towards recognizing noisy images 

using this approach. 

Following this work, Wondwossen (2004), tried to recognize specialized type of Amharic 

hand writing, "Yekum Tsifet". For this purpose, he built t, .... o A classifiers with input 

nodes of 256 and 400 for trai ning and testing a character matrix of 16x16 and 20x20 

respectively. Also, to enhance Ihe generalization capability o( the recognizer, he imroduced 

Gaussian noise in the character feature represenlillion. Using this tcchnique, Wond .... ·ossen 

achieved a recognition rate that span bet \yeen 95.24% to 98.70% in the training sets and 

16.18% 10 3 1.53% on test sels. He recommend Ihal other pre-processing lechniques such as 

thinning, noise remova l, slant correction should be considered in order to further enhance the 

recognit ion performance. 
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Other attempts made towards Ihis area include works of Worku and Fuchs (2003) , wh ich lhey 

tried to apply Hidden Markov Random Field (HMRF) for recognition of hand,,/ riling in lega l 

amount fi eld of Amharic bank checks. Yarega l and Bigun (2007), where lhey used less 

complex spatial relationships of characters to generate string panern of primitives which in 

tu rn used to recognize characters. They also tried to recognize unconstrained handwrit ing of 

Amharic text using Hidden Markov Model (I-I MM) (Yaregal and Bigun 2011 ). Tab le 2-2 

shows the detailed algorithmic steps and performance results attended by different authors 

discussed so far. 

Based 0 11 the above literatu re review, we can note that one of the main chall enges in Amharic 

oen development comes from the area of rea l-life document recognition. Thi s is because 

degrada ti on of document and variation in printing is apparent in such documellls. Hence, the 

curren! work tries to explore the various character recognition techn iques that were employed 

so fa r along with novel and untested approaches to the field. By doing so, the work tries to 

add knowledge in the area of Amharic 0 R by experimenting the untested methods for thei r 

applicability in Amharic real-life documents. Speci fically, the current \vork focuses on 

recogni zing typical real-life Amharic document images in which it tests noise detection and 

removal algorithms, binarizJtion algorithms, segmentation and featu re extraction technique. 
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CHAPTER THREE 

CHARACTER RECOGNITION TECHNIQUES 

For an OCR system [0 understand and recognize characters found in document images it 

executes 11 series of steps. The steps that an OCR system executes may vary according lO the 

type of document and texts they arc dealing with. In facl, there arc also areas where applying 

DCn systems can be 11 challenging task. One of such scenarios include when the quality of 

the documents is too poor (or ancient) and too noisy. 

This work deals with recognizing lypical printed ['cal-lire document for Amharic scripts. As a 

result, thi s chapter dedicates itself into exploring the basic steps involved towards building 

and recognizing such documents. 

3.1 Architecture of Amharic OCR System 

The proposed architecture for Amharic OCR system is depicted in Figure 3. 1. The documelll 

scanni ng phase is the initial step for any 0 R system where the manllal document is changed 

into document image as a metrics of bits for computer representation. Once the image metri cs 

of bits are loaded into the memory, pre-processing tasks sllch as noise detection and removal, 

binarization and underline detection and removal algori thms are applied on the image. 

Following this the next step, segmenmion, works to idcntify lines, words, and characters 

from the pre-processed image. The individual character images idelllified from the 

segmcntat ion stage are then normalized into COlllmon size and passed to feature extraction 

algorithm to get a vector representati on of the character images. It is Ih is simplified vector 

represe ntation of the images that is given to the class ifier to frain or to predict 

Trai ning a feature vector produces a model that can be used as a base for predicting new 

unseen features. This model is consulted every time when prediction is perfonned. The 

resul ts the model returns are passed through a mapping function to interpret the returned label 

into the corresponding character representation. Finally, the returned labels are constructed 

into a structured text fonn to di splay them to end users using word processing applications, 

such as notepad. 
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Figure 3.1: Architecture of the Prol>OSed Amharic OCR system 

3.2 Noise Detection and Removal 

~ 
.. .. . ...;;;.~-:.: ":'_-----­--_ .... 

--~-

A common problem encoullicred when sc.l nn ing docll lllcms is noise. Noises can occur in an 

image because of paper quality, priming machine used. or can be created by scanners during 

[he scanning process. II can emerge in the foreground or baCkground of an image and ( ,an be 

generated before or after scanning (Farahmil nd. Sarraf/.<tdch and hanbchz.adch 20 13). 

As Million (2008) pointed Ollt , sa ll-and-peppcr noise is one of the 111051 prevalent nOise type 

that is fO llnd in Amharic real-li fe document. According 10 Farahmand, Sarraf7 .. ulch and 

Shanbchzadch (2013), salt-and-pcppcr noise is composed of two Iypes of noises. The first 

noise, pepper, is a noise that G ill be introduced during convers ion process which can be 

cullsed by dirt that exists in the document. This noise may span one or morc pixels. But, by 

definition, it is assumed to be much smaller than the size of the tex t object. If pepper noises 

are found isolated in the document image they can be removed by simple fi lters like median 

but if they are larger than lhat, algorithms li ke k·fill or morphological operators will be more 

effeclive for removing such noise. 

The other group of noise, sail, occurs if the writing ink in the document lacks to fill the 

objects aneVor inaccuracy in input device. Thus, a salt noise looks like lack of ink in thc 

document image creating fragmentation. If the fragmentation in the image is tOO high, it 

reduces the segmentation there by recognition a curacy of the systcm. imple filters like 

median can remove isolated sa lt noises. Others like morphological·ba d method can also be 

used to remove thi s ki nd of noise. This method uses a learning phase for finding parameters 

suitable for structu ring element. Once Ihis is dOlle, a dilation operator is used to fill places 

where the re is a lack of ink. One of the major dr.1\Y'backs of this method, hO\Y'ever, is it has 
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high execution time because of the introduced learning phase. It also sometimes produces 

undesirable connections between some characters, panicuJarly if the characlCr fonlS arc very 

Ihick (Farahmand, Sarrafzadeh and Shanbch7Aldeh 2013). 

Though, there are also various noise delection and removal algorilhms in literalUre, lhis slUdy 

tests Median and Wiener noise filtering algorithms. 

3.2. 1 Median Filter 

The median filter is an excellent algorithm which is able to remove noise and replace the bad 

pixels with reasonable values while causing a min imal dislOrt ion or degradat ion in an image 

(Russ 20 11). The algorithm tires to replace image pi xe l va lues with the median of gray values 

in the loca l neighborhood of that pixel. 

If a pixel (x,y) is given with a window size of In X'1 for a cerwin greys ate image, the 

algorithm sorts the intensity values of pixels surround ing that pixel a cording to the \"indow 

size. Once the values are sorted in increasing order by their va lues, the algorithm Ii1kcs the 

median value as a new value for pixel (x,y). In cases when the number of pixels is even, the 

algorithm takes the two middle values to com pUle their arit hmetic mean. If the number of 

pixels is odd, the algorithm simply selects the mid va lue as a new value. 

The window size provided is vital in smoothing out images as different window sizes produce 

different image sharpness. Figure 3.2 shows differences of window sizes and their 

corresponding shape. 

(a) (b) (e) (d) (e) 

Figure 3.2: 'eighborhood pauems used for median fihering: (a) 4 nearest-neighbor cross (b) 3 II 3 square 
containing 9 pixels (c) 5 II 5 octagonal region ... dth 21 pixels (circular In shapt) (d) 5 II 5 square contammg 25 

pixels (e) 7 II 7 octagonal region containing 37 pixel.s(circular in shapt) (Russ 20 It). 

The step-by-step procedure for Median oisc Filter algorithm is sho\~n in algorilhm 3- 1. 
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INI'U'r : pixel (or greyscale image. window size(m v n) 
OUTPUT: a real number value (or greyscale lew!1 

PROCESS; 

J. Get value (or pixel (x,y) 

2. Gel fhe values of pixels thOi surround (x,y) In m x n range 

3. So" file luminance values of lhe pixels in ascendmg order 

4 . COl/ill fhe number of pixe ls 

5. fFcount % 2 == 0 THEN 

IOke the middle values for arif /lmeric mean 

EtSE 
take tile middle value 

6. i?ef{J1'n value. 

Algorilhlll 3· 1: '1lH' median Oher alRorhluT1 

3.2,2 Wieller Fi ller 

Another powerfu l noise fi ltering algorithm used fo r removing salt -and-pepper as well as other 

types of noises (li ke Gaussian) is the Wiener fi lter. 1 he alg rhhm was first propos d by 

Norbert Wiener in the 1940's where it plays a central role in a wid range of aPl)1i mions 

such as linear predi ct ion, echo cancellmion. signal n.·storation, hanuel equaliullion and 

system identifica tion (Tsa i 2013). 

When it is applied in image processing it ,akes account the locJI image I)ixels. Whenever the 

va ri ance in an image is large, the algorithm results in light local smoothing and when the 

variance is small , it gives an imp roved local SJ11oO!hing. Th approach often produces better 

resul ts than the previous linear fi ltering algorithm. This is because it is more selective in 

preserving edges and other high· frequency parts of an image (Math Works 20 13). 

The main intuition behind Wiener filter is 10 design an inpu t for some noisy data and 

minimizing the effect of noise at the output according 10 some statistical criterion. A useful 

approach to this filte ring problem is to minimiz.e the mean·square value of me error Signal 

which is defined as the diffe rence between the desired response and the actual filter outpUI. 

Its main purpose is to reduce the amount of noise present in an image by comparing it with an 

cstimation of the desired noise less signal [fsai 2013). 

To achieve thi s, the algorithm fi rst starts by calculating the mean (equal ion 3· 1) and variance 

(equation 3.2) of neighboring pixels specified by window size of m x n. In order to t>Stimatc 

the desired response, the algorit hm also expects the variance for noise. In cases where it is 

impossible to determine the noise vari ance, the 1ATLAI3· implementation of the algorithm, 
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for instance, uses the average of all the local estimated varian es. Once th se values arc 

identi fied, pixel wise Wiener filter using lhese eSLimates is ca l ulated (equaLion 3.3). 

(3· ) ) 

(3·2 ) 

(3·3 ) 

Wllere m and I! are neigllooring pixel ill if!)lIge (I Qnd v2 ore Ihe lIolse variance (MllIh\vorks 2013). 

3.2.3 Image Quality Measures 

An image is exposed to several kinds of distortions when variou image processing 

techniques are app lied to it (such as fi ltering algorithms). The final imllge produced arter 

app lyi ng those algorithms wi ll not be the s..l l1le as the original version since the algoriLllllls 

mOdify some of its pixels metrics. TIlUS, it is very illll>onant for an image processing system 

to be able to know the final qua lity of an image so Lhal il ctln maintain, control and I>ossibly 

enhance the quality of the image before fm1her process ing [rhung and Raveendran 2009). 

Towards measuring qua li ty of produced images, there arc basically two ways of image 

quality assessment techniques, namely the subjective and objective method. The subjective 

mcthod involves human be ings to evaluatc the qua lity of the images whereas the objeCLive 

method computes the image qua lity automatica lly. Though human beings are the ultimate 

users of most of the multimedia applications, subjecti ve evaluation is perhaps the mOst 

accurate and reliable way of assessing the quality of an image. 1I0\"ever, Lhis method is tOO 

slow and become inconvenient and expensive when the magnitude of images increases. Thus, 

objeClive image qua li ty meLrics Lhat can automatically predict the perceived image quality 

become morc practical (Thung and Raveendran 2009). 

Accoriding to Veldhuizen (1998), the IWO commonly used objective image quality measures 

arc M ean-Squared Error and Peak Signal-ro·Noise Rario. TIle 1ean· quared Error (MSE) is 

the cumulative squared error between the compressed (final) and the original image. 

However, one problem with tbis approach is, it heavily depends on the image intensity 

scaling. For instance, a mean-squared error of 100 for an 8-bi t image (with pixel values in the 

range 10-2551) looks terrible; but a MSE of 100 for a 10·bi t image (pixel values in 10· 10231) 

is barely noticeable. To avoid th is problem, Peak Signal·to- oise Hatio (PS R) scales the 
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M5E according to the image intensity range. The fomlUlas for the twO objective measures 

can be stated as: 

L' PSNII ; 10 • /og" (-) 
~S< 

(3.4 ) 

(3·5 ) 

'''here m and II are Ihe dimellsiOIlS of Ihe Imt/yes. 11.1 and 1',./ are Ihe Inle' lslly V(JI~ of the original and Iht 

compressed image (II I'ixell'osilions i, j reslICel lvely , (J/ld l. is Ihe dynmnlc range of Ille pi~ellnlenslry values 

(George and Prahnvathy 20 13). 

From the formula it can be seen that a lower va llie of M E 111 an,; similarity among the IWO 

image and hence lesser error. Also a higher va llie for P5 I{ means I('5S error as it is inversel 

related with M5E. Logically, a higher va lue of P5NIl is good because it means that the ratio 

of Signal to Noise is higher. Here, the signal is the original image. and the noise is th error in 

reconstruction. So, if you find a scheme ha ving a lower M5E and a high 1)5 Il , you can 

recognize tha t as a better one (K umar 200 I). 

3.3 Bina rization 

Usually documents are scanned either in color or greyscale levels. Yet , such document 

images are not suitable for recogni zers to pin point objects that are found on them. In order to 

achieve th is, binarization nlllSI be ca rried out on the image. Binari /.Jtion is one of the 

mandatory pre-processing steps in which it converts a given greyscale image into a bi -Ievel 

(black and white) representation. The underlying objecti ve is to separate objects, such as 

characters, from the background with the assumption that grey levels of pixels belonging to 

the two classes are substantially different (Ilangoni , 5hafait and Dreuel 2009). 

Applyi ng binarization alone in an image remOves some of ils noises. Ilo\\tever, because of th 

level of degradations (noise) that occur in rea l-l ife digiti zed documents (such as magazjnes, 

books and newspaper) images need to apply noise filters beforehand in order to reduce their 

corresponding effects in subsequent recognition processes (Million and Jawahar 2005). 

The qua lity of the binariza tion function is crucial for document recognition. This is because 

subsequent algorithms such as underline detection and removal , segmentation, and fealure 

extraction algorithms assume a bi- Ievel image as input. 
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Depending 0 11 the appl ication of the 0 H syslem, lhe foreground and the background of a 

binarize<i image can lake either of a value. But moslly Ihe foreground (Iext) call ~ 

represented by 0, which is black, and thc background by 255, which is while , 

One of the main challenging tasks of binarization is selccting optimal value Ihal is suilJble 

for l"resllolditlg a greyscale image. Any pixe l having illlcnstly value less lhan Ihis threshold 

value T is assigned to black (0 va lue) and above assigned to whJle (255 value) . This can be 

mathematica lly slated as: 

r ( ) _ [255. if fo(x,y,) ~ .,. 
Ib XbYb -, 0, Othcrwise 

Ivhere T is any Rea/ number . (o(xo,Yo) eJllel (b(Xb.Yb) are IntensifY VO/Uf~ (or a pi"" potnf 0/ coordmate 

posifion J( and y ;n greysco /e an(1 binarlled Imoge rtsl'f'CII\'f'ly. 

()-6 ) 

Towards selecting optimal threshold values, many algori thms have been propos cI b 

different aUlhors. Generally, we C,1 11 divide those algOri thms into o rl Vemiollcl/ ( lobell) and 

Adoptive (Local) methods according to the method they usc to billari/. a given image 

(Hangoni, Shafai t and Breuel 2009). 

According to Hangoni, Shafait and Breuel (2009). Con v nlional (or Glob.1l) methods try to 

find a single threshold value for binari1..i ng the whole image, Ea h I)ixel in the docum III 

image is compared with Ihis va lue to decide to which class il wi ll belong, This method is 

computationally inexpensive and gives good results for off ice s alllled documents where 

ill uminat ion in the image is r. However, if the illuminat ion over the document is not un iform 

it wi ll fai l 10 correctly binarize Ihe document. One illSlance of this group which outperforms 

the other methods in the class is the OISU'S ,IIresllolding melhod (Rangoni, Shafai l and Breuel 

2009). 

The olher group, Adaptive (or local) method, try 10 overcome iIluminaiion inconsistency in a 

document image by computing thresholds for each pixel individually by using Ihe 

in formation from the local neighborhood of the pixel. This mcthod is able 10 achieve good 

resu lts even on severely degraded documents (Hangoni , Shafai l and Breuel 2009). BUI , they 

often take a bit of processing time compa red 10 Ihe global methods since the computation of 

threshold va lue is done fo r each pixel by comput ing the local luminance value of neighboring 

pixels. One instance of thi s group which works best compared to the other melhods 10 the 

group is the Sativa /a 's biflariza tiofl method (Hangoni, Shafai l and Ilreucl 2009). 
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3.3. 1. Otsu's T hresholding Method 

The Otsu'S thresholding method is named after ils inventor obuyukl tsu, in which it 

invo lves iterating through the pi xel greyscale level histogram to create 1''''0 groups (I.e. 

foreground tlnd background) to calculate the measure of Sl)read (variance 0" ) for each side of 

the group. The aim is to find the threshold value where the sum of foreground and 

background spreads is al its minimum (Grecnsted 201 0). 

Once the pixels arc grouped in histogram according 10 their greyscale im nsity levels. IWO 

classes will be created for foreground ilnd background. I;or each of these classes, Ihe weight 

(w) , mean (J,I), and variance (0-) wil l be computed. The weight iHld varian e will Ihen be 

mult iplied for a class and added with the same compultllional values of th OIh r class to fi nd 

I",ifhin class variance (equation 3-7). This process cont inues for all possible groups 

(lilfeshold). A fter the whole process was done. threshold v.llu ,which has a minimum within 

class variance is selected as a threshold va llie for the image. 

The formula for C<11culating wi thin class vilriance is given by (Grcensted 20 10): 

( . ' ) 

Ivhere w" and at are the weigl!/ and voriolK:e o( Ihe background pixel class and w, and (J~ art tht ... 'tighl and 

varionce o( fhe (oreground pixel class. 

Otsu also showed that minimiz.ing the within-class variance is the st1lne as maximiling the 

between-class variance, which is obtained by subtracting the \wilhin-c1ass variance from the 

tota l variance (K ieri 2012). 

The general steps for OlSU'S Lhreshold algorilhm is sho\",n in algorithm 3-2. 

IN IlUT: greyscole image 

OU1'PUT: a reol /lumber value (or fhresllolding 

PllOCESS: 
J. Compule tile lIisfogram and probllbilities of each intensifY level 

2. In ;f; alize Wf(O) and 11,(0) 
3. Seep ehrough all threshold values c= I , ... co malilmum Intensl!), '~'(!I 

Update w,(O) and p,(O) 
Compllfe the maximum u: (t ) which corresponds co tht d~tred threshold 

4. Return T 

Algori thm 3-2: The OtSU's threshold algorithm ror imagt blllilrfu lion (Klt r1 2012) 
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Advantages of Otsu's algori thm include ease of Implementation as well as pcrfonnance in 

binarizing images compared to other global threshoJding algorithm. Yet, since it is a global 

thresholding algorithm, it assumes that the image is uniformly illuminated which is not a case 

in nomla l scanned rea l-life documents. 

3.3.2 Sauvola 's Thresholding Melhod 

Sauvola thresholding method is a popular local thr sholding method where it onsuhs the 

neighboring pixels to decide the threshold value for a 1>lx I. In Ihis III thod, the threshold 

va lue of a pixel is ca lculated using the mean and ~tiJndarci devimion of pixels in a giv n 

window size. In Sauvola's binarization method, the threshold T(x.y) is ca lculated using th 

mean Il (X,y) and standard deviation 8(x.y) of the pi xels within a \vindow of site HI x n 

centered on pixel (x, y) as: 

(3·9 ) 

Where R is lhe maximum value of the standard dellimion (R 128 (or a grt''yscull! docwnenr int091!). and k Is 0 

bios, which rakes posilive values in Ihe ronge /0.2. O.S / ..... hlch usually /(I~es 0.34 (Singh, ('I at lO ll). 

The genera l sleps for Sauvola 's binarization algorithm is shown In algorithm 3-3. 

INPUT: pixel (or grayscale image. window size(m x II) 
OUTPUT: a real number value (or Ihresholding 
PI?OCESS: 

1. Gel file i/lumi/1O/ioll value {or pixel (x,y) 
2. Ca/culoce mean olld slOmiard deviatioll (or neighboring m x II pixels 
3. Apply equation 3-9 and assign resulf fO 'r 
4. I?eturn T 

Algori thm 3-3: The Sauvola's Ihresholding algorilhm 

TIle above algorithm is executed for each of the pixels found in the grayscale image. Because 

of this, it takes a considerable lime to binarize a given image. !lowever, it gives good results 

in non-un iformly illuminated images and even in severely degraded documents. 

3.4 Underline Detection and Removal 

Underlines (or underscores) are frequently used in many documents and are generally used to 

show emphasis on texts. In Amharic wriling system, they are usually used to idemify topics 

& sub-topics, main ideas, or any text Ihal we need to distinguish from olh rs. They are 

portrayed by drawing a horizontal straighl line at the 0011 0111 of the selected texts. 
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Underlines in documems images can occur in many different ways. According 10 (Bai and 

Iluo 2004) at the simpiesl case, underlines in doculll 111 images can occur untouched with the 

text line Ihey arc emphasizing (un/ouelled underlines) or IOu hed wllh the lower parts of 

some characters in the text lines (touched underlines). Also they can be found fragmented (or 

disconnected) and slightly curved. 

According 10 Emlias ( 1998), such underlines call be removed from Amharic document 

images as they do nOt belong to the original ilnllse. " his is be tlUSC', in Amhari writ ing 

system characters in text lines lie ill in the same level with no ascent and descent. A lso, unlike 

olher writing systems li ke Bangl<1 script that have a lOP tine (M,ura linc) drawn in hori z ilia! 

posit ion where characters hang, the Amharic chal',1cters sland on an invisible imaginary 

baseline. I-fence, underlines can be considered as noise and can be discard d from a d ument 

image. 

For removing untouched and louched underlincs in Arnhari document images, Ihis \"ork 

considered the work done by Sharma and Khandelwa l (2013), whl h initially used for 

detecting and removing underlines found on DevJnagari cript. The algorithm fi rst assumes 

the lower zone as a reg ion of interest (RO I), since underlines arc normally found at the 

bonom of texts lines. If this region contains maximum horil.Ol1Ial projection (sum of black 

pixels along a row), the va lue is checked with a certain threshold value. For eSlimatillg1his 

threshold va lue for deciding whether an underline exists in a line, the algori thm makes usc of 

the width of the image. 

The gcneral step involved in the approach is shown in algorithm 3·4. 

INPUT: image(i) 

OUTPUT: underline removed image 

PROCESS: 

1. Decide ROI as lower half of/he word image 

2. De/eer line and find ir's length using horilon/al prOjection 
3. If length > = 70% of word image width then (log image as underlined and remove underlme 

'--_ 4. Return processed image 

Algorilhm 3.4: Underline dete!"lion ilnd removal algorithm by (Shanna and Khandelwal 20 13) 

3.5 Text Segmentation 

Segmcmalion of text from images is another criti cal componelll of any OCR system. In the 

COntext of oen, it is the process through which lext campanelli \"ilhin an image is isolated 

from the background for recognition purpose. Text segmentation , in general, incorporates li ne 
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segmentation, word segmentation and character segmentauon from a docum 111 image ( aha, 

... 1. 20 10). 

According to Dereje (t 999), there are genera lly twO common approach s for segmentat ion: 

swge·by·srage and recursive segmentation. In stag -by·stage approach, lines found within an 

image, words found within a line, and char.1Cters found within a w rd arc extracted in 

success ive manner. On the other hand, recursive segmentation is an al>l>roach that w usc to 

segment connected characters in which the segmented char.lclCrs arc checked if their pall rn 

is a character image. According to Worku ( 1997), among th twO approa h stag -by-stage 

segmentation algorithm fO ll nd to work well for J\mhari printed do uments. 

Swge-by-stage segmentation algorithm uses projection profile metholilo isola te lin s, words. 

and characters from a given image. Projection profile method applies proj~ted histograms 

drawn according to Ihe frequency (COllnt) of black pi.>:els in Ihe image. 

The lines of a lext block, in this apprOtlch, arc detccled fi rst by scanning the input image 

hori zonta lly. Frequency of black pixe ls in ea h row is counted in order to conStnict a 

hori zontal project ion histogram (see Figure 3.3). When frequency of bla k pi.>: Is in a row is 

max imum, the projection histogram creates peaks in the histogram. onversely, when their 

count is Iowa valley will be created which denotes a boundary between tWO consecutive 

lines. 

1lt'l.t7t'lt mt.;" m'M' h'f'7'fa>- 7(1. 1''10 (],el\ ~ 
~,7l\"1f1ot 670on.j'-m'l: I'Q(l9°h'/>G: h7(;\"1f1<'t ~ 
\'1 6 (10 D.Y. hl.'tl.r9·o I'.ll;i'<;' h:}TC~1' ~ 
Ml\"If1~·Y·;f 1'1 O(1on-\,' .t7C7i ,eH'I''':: ~ 

Figurt: 3.3: Horizontill projection in a sample text (rt'ilung peaks and valleys 

After lines have been isolated using such technique, each line is then scanned vertically for 

possible word detection. The number of black pixe ls in each column in a line image is 

summed to construct a venical projection histogra m (sec Figure 3.4). Again, in places where 

characters arc present, the histogram will have peaks and in placl'S where there are no 

characters (i.e. wh ite spaces) it will create a valley. This infonnation is then used to segment 

\\'ords out of the line image. This s..lme process is also done iterauvely for segm nting 

characters Oll t of word images (Yeasmin, Shabbi r and a5er 20 11). 
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Figurr 3.4: Venicall)(()JC'Clion In a 5.1mplr 1C'ltllu)f 

One of the issues tim must be considered here is the concept of a tltreshold value. A 

threshold must be set as it helps to dec ide the point where irnag segmemJtion should take 

place. The steps involved for Stage-by-slage segmellHltion algorhhm is shown in algori tlull 3-

5. 

I NPUT: image(i) , threshold vallle(1J 

OU'I'I'U'I': orray of images (imageArray) 

1'l1OCESS: 
I . Gel Ihe Stun of block pixels itl 1l0riZOl1l(ll dlreCflotl (1 /1(1 acid fllemln Queue 

2. Dequeue tile queue IItltil a value greater /lWtl l' Is foutld. If so odd file point In array 

3. Dequeue the queue until 0 value less /lwn T is found. If SO add tlie polm in tlie array and go to 

step 2. 
4. Do processes 2 ond 3 until the queue becomes empty 

S. Segmelll lines in the image by using IXlired volues In tile ar my 

6. For each idemified fines in step 5 
Get fhe sum o{ IIIllite pixels in vert ical cliroclion (md add them In Queue 

De queue the queue umO (I value greater IIwI1 r is {oulld. I{ so add tlie pomt In array 

Dequeue fhe queue IIlIIiI a value less tllan r is {oulld. if so add the POint in array und 

go to tile previous ste/J 
I{ tile queue becomes em/Jty . Slart segmell/ characters in tile fine using paired volues 

in tile orroy 

Add segmented characters ill imogeArray 

7. UelUrn imageArroy 

Algorithm 3·5: Stage·by-Slage segmentation algorithm 

This method is commonly appl ied for printed docum ntS. lIowever, it fai ls to segment 

documents tha t are skewed and noisy. Therefore, skew detection and noise detection and 

removal algorithms must be done in the image bdore applying this method for segmentation. 

Also, since it uses black pixels fo r drawing histograms, the algoriLhm expectS a thresholded 

image as an input (Soujanya, et al. 20 12). 

3.6 Size Normalization 

Size normalizaLion in OCR is a transformation of an input character image of arbitrary size 

into an output character image of a pre-specified size. ize normalizallon involves tmage 

dimension changes, which involves re-sampling of the image pixels by differcnt factors in the 

Ort hogonal dimensions (Ghadiyaram 2009). 
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Size-nomlalization is essential in OCR system in order to make the recognition process 

independent of printing size. It is also helpful to make input feature vector to the classifier to 

have fixed length. 

In order to transform a given image into a new size we can apply different m Ihods in the 

ori ginal image. Actually, what normalizmion docs Is iI mal)5 pixel (x,y) in an image wilh 

\.,. idth \V and height 1-1 illlo a new coordinate (x n, y,.) wilh \.,.Idth hi,. and heighl lin. The main 

issue in mapping a new pixel here is all deciding the Intensity ...... lIl1 of (X,.,Yn) ' 1 here arc 

different mapping techniques used for deciding intensity values of pixels in the n \.., image 

which are Nearest Neighbor, Bi-linear, and Bi-cubi c. 

3.6. 1 Nearest Neighbor 

This mapping technique is straight forward in which It uses the nea rest pix Ito d termin the 

intensity va lue of the projected pixel in the new image. To achieve this, the algorithm itNa teS 

through each pixel in Wn and '-1n such that it takes the ratio of x with hln and y \ ... ith lin and 

multiplies them to Wand 1-1 respectively. The va lues we get from these cakulal ions ar then 

rounded to the nearest va lue and taken as coordinate I>oints in the original image to get their 

respect ive intenSity va lues. 

One thing to nOle at this po int is that, in most of the cases the ralios of til pixels 10 len gillS do 

not produce a discrete number. Therefore, we usc a rounding function 10 remove the dec imal 

part, hence, Ihe method is called nea rest neighbor. The general steps for nearest n ighbor 

nonnal ization algorithm is shown in algorililll I3-6. 

IN PUT: image(i), new width (h',J. new heigllf (I-I,J 
OUTPUT: normalized image 

PROCESS: 

J. For 011 x in H" and y in \V'" 
Calculote xl 1-1" and multiply it wifh height of i 
Calculate yl W~ and multiply if with widlh of i 
Toke the rounded values of the previous tWO steps as coordmafe points to get the 

corresponding imensifY value in j 

Assign the imensity value from fhe previous step fa coordinafe pomt (x ... yJ m W. 

andH" 
Continue umil x and yare less than H~ and W. respecllvely 

2. I?eturn normalized image wifh width W. and 1/". 

. . bo I h for image oonnahl..atJon (Glladlymm 20(9) AlgOrithm 3-6: The n('arcsi neigh r a g01'l1 m 

so 



One advantage of this algorithm is that it got fast execution lime compared to th olher 

nonnalizatioll techniques. However, the method produces aliasing or tair·step"jng of the 

lines in the new image, and apparent variations in their width (Russ 20 11). 

3.6.2 Bilinear 

Bilinear interpolat ion method considers the nearest 2x2 neighborhood of the ori ginal pL\el for 

deciding the illl ensilY values of the new pixel. Once it gels the intensity values for these 4 

neighborhood pixels, it calculates the weight ed average to arrive at its final luminance value. 

Such approach results a much smoother looking images than the previous ncar st neighbor 

algorithm. The general step involved in bi -Ii near nOl'lnalil.ali n algOrithm Is sh wn in 

algorithm 3-7. 

I NPUT: image(i). new widch (W',.). Ilew heiglll (II,.) 

OUTPUT: normalized image 

PROCESS: 

1. For all x in Un and yin W" 

Gel infensilY values {or (x,y), (x+ I ,y), (x,y+ I ). and (x . l ,y+ /) in i 
Calculace che weighfed average va/lies {or fhe IllIcosifY values 

Assign fhe illlensifY va lue {rom fhe previolls 5/ep /0 coordma/e pollll (x ... yJ in 

W" and 1-1" 
COllfinue ullli/ x and yare less /han I-I" alld hi,. resI'ectively 

2. Re/um normalized image wifh wid/h hi,. oneill". 

Algorithm 3-7: The bi-linear algorithm for image nomlallzation 

3.6.3 Bi-Cubic 
Bi-cubic is anothe r mapping method in which it considers the closest 4x4 neighborhood of 

the origi nal pixe l to estimate the intensity wilue of the projected pixel. Sin c, 16 of the pi....:cls 

thaI are considered by the algorit hm arc at various distances from the original pixel, closer 

pixels arc given a higher weighting in the ca lculation (Mcllugh 20 13). 

Bicubic produces noticeably sharper images than the previous IWO methods, and is perhaps 

the ideal combination of processing time and output quality. For this rcason it is a standard in 

many image processing applications (including Adobe Pholoshop), printer drivers and in­

camera interpolation (McHugh 2013). 

The general slep involved in bi . linear normalization algorithm is shown in algorithm 3·8. 
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INPUT: image(i), new width ( h'J. new height (HJ 
OU'fI)UT: normalized image 
PROCESS: 

J, Forallxin l'~ andyinh'. 

Get imensity values for (x- ' .y-' ).(.'(.)'- '}.(It t 1.)'· l}.(It t l,y- ' U. ·' ,yJi-.y).lJi • ' ,y), 
(x+ 2 .y),(x- ' .y+ 1 ),(x,y'" ),(x + ' ,y t l},(x +1,y + ').(\",y ' l U\ ..t '1),( , • J,y t 1). 
(x+2.y+2) ill i 

Calculate Ille weiglued average basrd on thl' n('orn('H 10 ('(,y) fM I ,., rn ~ .t)l 

values round in rhe previous step 
I\ssign Ille imensilY vo/ue (rom I/le prevlou'S urp 10 coord/null' point (, .,yJ In '''. 

(l nel II~ 
COlllillue tmtil )l 011(1 yore less lll(ln II. arlel w~ rtspcn!vt1r 

2, I?etum normalized image with w/ellil W. omlll,... 

Algorithm 3-8: 11)(' bl·cublc ;'ilRorhhrn 1I".,m,IRI' 1M,"".II.''''lun 

3.7 Fcat m"c Extraction using ZOlling Techni(llU~ 

J 

I eaturc extraction helps us 10 find Shal>4! OIuai ncd 1Il a (:el1dln p.1l1enl (VermJ Jild Ali 101 2) 

Ideillifying best features grants us to identify charilCler~ uniquely with high deR'('t\ of 

a uracy. In this regard, Zoning is one of the ITlOSt pol)ular 11l(,lhod~ III ex It for ('XUd ling 

features of characters (Murthy and lIanmandlu 20 11 ). rhe corwentiollollomng u~r m 1( n 

grid in which each cell (or zone) created by the grid is comput('(\ for the pcr(.entdge of bldc:k 

I)i xcls (see Figure 3.5). The computational v<lllles of (h e tell~ Me then tdken tlS J fC'Jturc 

r pres ntation for (he corresponding character, 1 hus, for m" tI grid the tl'<hnique glvrs u.!t a 

feature vector of length /11"'/1 (TrIer, Jain and TaXI 1996). 

Figurt 3.5: Sample lone for gnd Sl/.n of 2\:1. 3d 4'l3 fur thfo dI.I~W'I""1I" 

For the purpose of calculating the percentage (or density) of black plxt ls III 01 cell 1M 

conventional approach takes the ralio of black pi\els th.ltthe cell ~p.1n b the t()(al number of 

pixels the image has (Trier, Jain and Ta.xt 1996). This malhcmauc .. l1l) can be ~aled 

"r.c 
f" c = Ii' (:\0\0 ) 

Whert {r.c and Plr,c: is Ihe fea lure and number of ~ad pl\c1\ fur ~ r (otUllln c ""P"tlJ\TJ, • .at \ t\ .......... 

number of black pixels in Ihe Image 
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lIowever, this calculation leads to some errors as several comblnallons of bla k pl.~els can 

yield the same density value. Panicularly, in languagE.'S wh re lhere are a number of 

characters and structural similarity among lhem is too hi gh. the tcchniqu produ es the me 

feature veclOl"S for similar characters. Figure 3.6 show st1Illpie configurations of black pixel 

Ihat may yield the same result while computing average pixel den ity for a ce ll. 

1J[J][]u 
Figure 3.6: Di ffcrcn t combinations of black pixels that result the S,l11lC value for a /.One 

To avoid slich problem, Munhy and IIanmandlu (20 11). PI' l>Oscd a method that also lake 

location of black pixels into account. The technique they develop USE.'S av rage vector 

distan e to calculate feature value for a cell. 

The modified technique assumes the leh corner of each grid as absolute origin. l;rOI11 this 

origin it tri es to calculate the coordinate distance of all black pixels that a ell contains 

(C<luatioll 3- 11). The coordinate distances of those pi xels arc then added and divided b the 

sum of coordinate distance of all pixels thJ! the cell SI);IIlS (e<luJtion 3- 12 and 3- 13). Figure 

3.7 show the graphical ill ustration of the processes described. 

Figure 3.7: 1\ sample 2x2 zOfling Ofl character ",,.. 

d, ; J(x, - x.)' + (y, Yo)' 

d. ; J(x. - x.)' + (yw Yo)' 

Vi == 

(3-11) 

(3-12) 

(3-\3) 

\ . , II I ( v)islht('()Of11morrpolnlso{thtorigrn. (x •• y. ) 
llhere VI is tile (eQlUre veclOr representatron ,or ce ,XO·JO 

k . I d " .. hilt phe/ In a ctll ~j\'rly. n.and "_ Or(' fM 
unci (x",. Yw) (Ire Ille coordinate po inlS or blllc pl.~e un . 

lOla/number of black pixels und while pixels in a ctll rt~llytly. 
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This technique gives us a value that span between 10 I I '- 'h- 0 r II h . 
• • n de IS or a ce I 31 contolms no 

black pixel and 1 is fo r a cell that is fully covered by bl ' k I ~ I h uC plxe . I lie a gorn ml step 

followed for extracting fealures from characu~r imag- USI" g lh ad r'o A • h . .. e m I h.:u zolllng 1l'C mque IS 

shown in algorithm 3-9. 

INPUT: imoge(i), number of lones in x & y direction 

OUTPUT: orroy of features (or 011 image 
PROCESS: 

J. Segment the imoge(i) according /0 tile nllmber of zorles " rovided 
2. For eacl! segmemeclzoncs 

Get fhe coordillO/e distances of black pixels 
From the bOllom lefl corner cotn(Jll/e their coordinale diSIC/fIct USing equOIion 

(3-/1) 

Sum fhe result 

Gel tile coorclinOl(' diSlOnce of all while " ;'-:C/5 

From fhe oo/lom left corner COllll'lIfe /lleir coord"Wle dlswtlCt using equOIioll 

(3-/2) 

Sum the result 
Take the ratio of the previous two sums using equatron (3· 13) and odd " to on 
array of features 

Continue until aI/ zones are computed 
3. IlelUrn array of features 

Algorithm 3·9: Algorithm for extracting m()(Mll'd 10nlnK feature 

3.B Classification using Support Vector Machine (SVM) 

Class ification basically decides the feature space in which the unkn W il pallcm belongs 

(Verma and Ali 20 12). Among thc many classification mcthods exist in literature, SVM is 

olle wh ich is widely used in field of OCH (Ng 201 2). 

Support Vector Machines (SVM's) arc computationally inexpensive learni ng methods which 

Were first int roduced by Vladimir Vapnik and his colleagues in 1995. The basic idea is to find 

a hyperplane which separates the d·dimensional data pcrfcctJy into t\\'o classes (Boswell 

2002). To achieve this, the classifier work to find a hyperplane that is far from the closest 

members (support vectors) of both classes. Identifying such hyperplane help the classi fll~ r to 

be robuSI enough to general ize new instances correctly. 

According to Ng (20 12), the main inluition behind VM is 10 find a hypothesis funcuon 

he(x):::;:: 8
0 
+ 8\x\ + 82X2 + 83X3 + ... + Onxn such Ihal ho(x) lakes either 0 or 1 by 

using equation 3. 14. 



{
I ·r ' h.(x) ; li t- ,tiT"" ~ 0.5 

, (3-'4) 
o if -,-,-' •• rT~"'f < O.S 

lIere the ma in challenge is detennining the values Of. In order to calculate 0,. V 'I looks 

possib le pa rameter matrix of numbers that will event ually minimilc the oplimi1 ... 1lion 

objective given as: 

(3· ' 5 ) 

IV/litre C is allY COIISlOnI number, m is number of Iroin;II9 fXlIInples, y Is rh( closs la/wI, cost I & COSIo arf! 

feSIH!Cfive results (or class labels J and 0 where cost , .. -Iog~(md COSIo - /og(1 - ~). ' l.T, '0 ,,"T" 

VM can be used to class ify linearly separable daHl as well as n n· lincar dmJ. Linearly 

separable data is the one which can be scpmJlcd by a line or hypcrplan II cording to the 

dimension (attribu tes) of the data . Whereas non-linear data gOI omplcx d ision boundary 

Structures as shown in Figure 3.8. 

" 

(a) 

Support 
VeCIOf1 

" 

" 

" 
(b) 

Figure 3.8: Di fferent configur.J tions of dal<! (3) Linearly scl)Jrablc caS(' (b) Non·llnear dKision boundary 

For non-linear classification problems, SVM uses Kernels (similarity functions). Those 

kernels are functions which are used to measure similari ty betwccn landmarks (random 

points) and point Xi' Given arbitrary points iI' i2, i l , .. . the classifier tries 10 map different 

. . h . r cu·on can be re-wrilten as h.(x) = O. + combmatlons of Xi such that, the hypot eSIS un 

0lfl + (J2f 2 + (J3!J + .. . + (Jnfn where r; can be high order polynomial of X j. Once, Ij 
. . k I ,he op,imizati on obiective given in equation 3· 15 IS vector IS constructed usmg 'erne s, J 

written: 

f ' I (I) {,I ;:: similarity (XI' 12), ... ,I/n ;:: SI111i1aruy (XI, 1m) 
I = simi arity Xi , 1 , 
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p·16) 

There are several similarilY function for calculating I' ( g 20 12). I 101,0, cvcr, Ihe most popular 

and commonly used similarilY functions arc: 

• 

• 

• 

• 

nadia I bias (Gaussian) kernel where similarity (x, , I,) = cxp( IK;a~ 'jll) 

Linear kernel (no kernel) where similarity between landmark and X, is calculated by 

jusl laking ho(x) 

Polynomia l kerne l where similarity (x" la = (xi i, + e)11 

SigmOid kernel where similarity (x, ,Ii) = lmlll (x' /, + C) 

SVM is known to have low gencrai iz<H ion error, computat ional ly in XI>ClIslve and produce 

easy to interpret results. Its demerit includes its sensitivity 10 luning param ters and kernel 

choices and handling only binary classification problems. However, I all vialC lis ntluvlty III 

handling binary classification problems. we can ilHcgrill thc can ept of one-vs-all appro..1ch 

into it (Harrington 2012). 

One-vs-all SVM classify new examplcs by a winner-takes-all strategy (Kicri 201 2). Using 

thi:, technique Wt! can broaden the appliclIIion of SVM 's in mult i-class c1assifi Cltion 

problems. In this technique. separate classifiers are trai ned for each class to distinguish them 

from all the other classes. For example. if we have N classes then hypothesis functl ns 

[ho(x)] are produced for each class. A hypothesis fUllclions cr ate a boundary between a 

class and the rest of classes considering them as a single set of class. The hYl>othesis 

functions that are produced in this way are then computed ach ti mc when classificat ion is 

performed in new unseen pa ttern. The hypothesis function that gives a higher value is then 

selected as the class label for the new pattern (Ng 2012). This can mathematically stated as: 

max,(h~ (x)) (3-17) 

Where i is Ihe e/ass label, and h~(x) is the hypothesis (unction u~ (or e/ossifYing e/ass f ... ·lIh eht rtsl o( eht 

classes 

For the purpose of handling multi-class classification problems, \'oC have several software 

packages like liblinear, Iibsvm, ClC. which got a built -in multi -class V I classi fication 

functional ities. 
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3.9 OCR Performance Evaluation 

Evaluating performance of an Den system is an irn ponalll concept in "' hi h 11 helps us to 

compare effectiveness across different systems. To achieve lhis, resca rchers make use of a 

standardized benchmark test sets to reporl pcrfonnancc of their respecu\'e syslCm. 

[n case of Amharic, we do not have a publicly available benchmark I t setS yet lienee. the 

author w i llingly chooses its own !Cst sets and rcpol'! rccognili n ralCS, which arc usually 

presented as the percentage of cha racters correctly class ified by the SYSICIll . In su h scenarios. 

however, it is difficulllO truly eva luate and compare performan c across dlHcrcni systems. 

As pointed oul by Eikvil (1 993), evaluation of oen system can be based ul>O ll three 

important measurements: recognition rate, error rme and reje 1;0" rme. n ognilion rale 

measures the proportion of correctly classified characlel'S from the 101111 characters (equati n 

3- 18). Conversely, error rate (or substitution error) measures the proponion of hara t rs 

erroneously classified (equation 3-19). Those misc lassified har.lctcrS go by undetccu.'CI by 

the system, and manual inspection of the recognized texi is necessa ry to del(~cl and corroo 

these errors. And rejection rale, measures the proponion of characters which the system \Va 

unab le to recognize. Those rejected characters can be flagged by the OCR system, and 

therefore can easily be retraced fo r manual corrections. 

. . _ corrcclly c/IlSs i{ied cha r ll cfflr s X 100% 
l?ecognitlOn Rate - fOfal cha r acter s 

( 3- IB) 

. . , _ mlsclassif ied ChClracter s X 100% 
SubstItutIOn Error - tOW I chCl r acf ers 

( 3- 19) 

Those measurements can be done in training as well as tcst sets and are usually reponed in 

percentage. 

Using the previously discussed techniques for charader recognition, an experiment is 

conducted in document images that are taken from real-life to see their corresponding effeelS 

in recognizing Amharic characters found on them. 

57 



CHAPTER FOUR 

EXPERIMENTATION AND DI CU SIaN 

The main purpose of this study is (0 apply OCR techniques in recogni7mg rna hme pnnloo 

characters lhal are found in typical rea l-life documents. '10 achieve lhis goal. the Amhari 

OCR system fi rst accepts scanned documents which arc then passed by pre-processing 

techniques. The prc-processed document images orc then segmcllIed Imo individual 

characters which arc then normalized to a fixed size. The nOrlnJlllCd harilci rs arc passed to 

the featll re extraction module where features of characters or xtra tcd. The CX lra led 

fCMUfCS are then used for training the model (sec Figure 3. 1). For I1lCJSUI ing the pcrforman e 

of the model produced, datascllaken from real-life documents arc used. 

4. 1 Data Collection and Scanning 

Data collection in OCR context is concerned with PI' paring 5<1 l11 ple docunlenlS for training a~ 

we ll as testing purposes. The data to be collected IllUSt be in a way that it accommod'lIes 

different writing slyles, {onl {ace and sizes. urrelllly, it is diffi ult to find a benchllliuk 

corpus for Amharic scripts to base train ing and testing. ThllS, mOSt reseal' hers use 

convenience sampling method for collecting both sets of documents. 

For thi s pa rticu lar study, train ing data is taken by printing th Ethiopic charactCfs found III 

Annex-I. This character set is selected because of the fact that all characters for the language 

can be fou nd in one page which eventua lly save valuab le time. I tence, rive printout copies 

are prepared fo r two different font faces that usually app ar in Amharic real -life documenlS 

(Nyala and Visual Geez Unicode) with normal fon t style of site 12 points (which is also 

frequently used font size). The characters are printed on A4 sized clean white sheet paper. 

For the purpose of testing. leSI sel proposed by Abay (2010) is used as il consiSls of real -life 

documents taken from the Holy Bible, from the fiction 'Fikcr Eskemckabir', from the popular 

government Amharic newspaper 'Addis Zemen', and from 'Federal egaril Gozette '. Abay 

(2010), Slated that texIS from those document samp! s wCfe cbosen (or the followmg mam 

reasons: 

• 

• 

They contain diversity in their contents (politiCS. religiouS, ans, spon, science, 

culture, advertisements. etc.). 

A I 
. I . II esc SOllrees arc \"rinen with a varielY of writing styles, siz.cs 

In lanc c laractcrs In 1 ' 

and fonls which is important for the problem domain 10 be deal!. 
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• They are bel ieved to have rea l-life featur thaI ocrur In mOSt of Amharic documentS 

• TIley are easily accessible. 

As a result , for this pankular study, Amharic lIoly Ill ble 1962 I dll ion pnnled by Illrana 

elam Print ing press, Fiker Eskemekabir rn Edition primed by Bole Pnnllng prN In 1990. 

Addis Zemen newsleuer issue fo r February 14,2014 Year 7 o. 157, and I roeral ('Raru 

Gazelte of January 6, 20 14 Year 20 No. a are used as SOur es of 1('\15 for 1t'S1 srI 

From the test sets, the very fi rst pages of the 1\"'0 books (lloly IlIble ,1Ild Uellon I lk('r 

Eskemekabir) and the very fi rst articles of Ihe newslellers (Addis l.emen and I ederal egaril 

Gazelle) arc taken as sources of document imilgc . . , he mil In rail lIal I,)('hlnd selctcing the 

fi rst parts of test sets is because; those parts are exposed to Ih out sid ellvlrol1l11el1l \ ... hi h 

makes them vulnerable 10 differel1l types of noiscs Ihtl! surfac III real · llfe documents 

(especially in the newsleuers). Also, lexts from middle 1>..1ge li nd 1.151 page arc IJken JS t e~1 

sets. Thus, from each of these documents, th rce l>ages arc eXIra ted for te\11II8 pu~. 

The 10101 1 num ber of extracted pages and chartlCterS found 111 trallling .lS well .l5 1(')1 S(>t5 is 

shown in Table 4- 1. For the last test sel, Federal N garil G.IZ It c. the thr<'t ('M ra led p..18e5 

conta in fewer nu mbers of characters than the other test SCts. I hus, In order to avoid any 

skewness towards the other sets in the fi nal performance repon of the ~yMelll , onc p.1ge I~ 

added from the test set to balance the t01a1 number of char.1Ctcrs across alll~1 .sets. 

Col leCled DOClI menl 
Pages Tol.11 C ll.lr.lcl cr~ Oi.!tlillct Ch.lr .. lclcrs 

E"lr'lcted Conl.lincd C OII I ... iIICd 

Nva la Font 5 1570 314 
Tr'lining 

Visual Geez Unicode 5 1570 314 -SCI 
SUIII 10 3140 

Holv Bible 3 2557 165 

Fiker Eskemekab ir 3 2545 144 
Testing 

Addis Zemen Gazelle 3 249" 159 
SCI 

Federal Nea.arit Gazelle 4 26&1 160 

Sum 13 10260 

Table 4-1: Number of pages and charactCr'S contaulrll in \uINnR.OO INUlI ~u <,t1 

_ ..I 's used to com-en those collected m.1nual For the problem at hand, a flatbt."U scanner 1 

d h" e li P anJ·cl G2410 device I U5fd ~long 
OCumenlS into electronic fomlat. For I IS pu rpos • 
. . f I The documcnls are scanned til gre)"scalt With Windows· 8 Fax and Scalllung so twa re tOO . 

I b · h Icvcls \'o llh a rrsolullon of 300 dpl evel wi th the defa llh zero contrast and rig tness 
Th. 

. . I for kl'<'pong Ie\{ te. turrs of (ani 11 
rcsol ut ion is selected because such value IS optima 

S!l 



\'I'ilh 8 points and above which are commonly used r '. - . 0 111 51 l.CS In Amh.mc real ·hfe documen 

(sec Figure 4. 1). 

The scanned images for both training and lest setS afe then stored in I3MP image formal. For 

Icst sets Holy Bible, Addis Zemen and Federal Negaril Galelte the sc •• I . . .lnnl" mages omam 

neighboring tex iS that are beyond the ta rgeted texIS. Thus cropping was d ne manually on Ih 

images 10 remove the unlargetcd texI s. Annex II shows the rapped scanned image of 

documents fo r the test sets lIsed in this study. 

.L. I. 
--," . 
II 

(a) (b) 

(e) (d) 

f igure 4,1: Effect of scan Il'SOlulion in s,1mplc text Sl7C of 10 IllS. (a) :)(.mnro 31 SO dpl (b) Sc~noed al lOOdI)\ 
(e) Scanned al 150dpi (d) Scanned at 3OOd1li 

4.2 Document Image Pre-Processing 

The pre-process ing stage of OCR spans Illimy individual algorithms thaI are applied on 

images based on the type of problem at hand. For this p.anicular st udy, mandatory pre­

processi ng step like binarizalion and optiona l pre-processing step Ilk noise detection and 

removal algorithms are app lied to explore their effect in rt'Cogniling typical rea l-life Amharic 

documems. 

4.2.l Noise Filtering 

Noise is any unwanted foreign material that appears in images. Particularly, scanned 

documents may contain various noises that arise due 10 quality of paper used, age of the 

document, printing machine and scanning device used etc. To remove these noi.ses different 

fihcring algorithms are applied on images. 

In this work, two noise fi ltering algorithms (Median filter and \ iener filter) arc U?Sted for 

their corresponding cleaning effect on the test setS. The former, median filter is a kind of 

nonlinear operation which is often used in image processing (0 reduce salt and pepper nOI5(' 

60 



type. The algorithm tries to take the median value of the local pixel that ar€! spoci hl'<i In 

m x 11 windO\., size. Similarly, Wiener filter tries to smooth out noi by modifying ItSelf 10 

the local image variance illlhe given window size. 

To implement those noise filtering algorithms. MA I LAO' IUOllb Image ProctsSing 

Toolbox'" is used. The built in functions medfll t2( i,l m n)) and wlener2(i, [_ n l ) 

arc used to apply median and wiener filter in image i with window si/e 111 X" respcctl\'ely. 

Since those matlab functions expect a two-dimensional arra (or grey .lle Image). 

rgb2gray(i) is lIsed to change image; into it s equivalent grc scale leve\. 

For tb is pu rpose, two functions are crealed in MATLAI3 envirOllm nl { r e<l h of Ih05 

filter ing algOrithms. The function are then compiled and deplo cd In a fi1 to inwrfa e th('111 

in Visua l ell programming environment (see Ann x 111: Median N is<' I-il! ring & Wi en r 

Noise Filtering Algorithms for their mallab implclllcntations). Also, to Illeasur the am unt f 

disturbances tim those noise filtering algori thms bring upon the imag , a fun lion IS cr ated 

to measure MSE and PSN ll in MATLAU ' envi ronment (see Ann x III : Image uaht 

Measurements for the ir implementation). 

At:; Ihose filter ing algorithms need a window sill' as an argulTlcnt, illl cxperimentls I>crforrned 

fi rst on the first pages of test sets to determine the olle Ihat gives better result. In thiS regard. a 

mat lab default wi ndow size of 3x3 is found to perform best f r both algorithms. rhis window 

size is proved to smooth out noises ilnd cause less distortion on the images. An it cratlve 

expe ri ment on test set showed that a window size greater than Ihis created blurred Images 

(see Figure 4.2). Also, the quality measuremcnt fo r 3x3 window Sil~ found to give lower 

values in MSE and higher va lucs in PS H measurcmelllS compared to other respew ve 

window sizes (see Table 4-2). Thus, this window sile is selected for filtering out nOISCS in the 

tcst sets. 

II (lit :l): (10 /, .\J 
(a) 

II (III )~: (III 6 _\' 
(b) 

II (I" :~: (Itt /, .\' 
(e) 

' If/l"~·,/n/,.\' 

(e) 

I , {. 
(f) 

II' f. 1.\' 

(d) 

(g) 

Figllrt 4.2: Effcci of window sile in me<han and .... ief\('r Ohenng algOfllhms on. ~mplt l~t u tn from tht 
stcond linc of lest sct Holy Bible (a) Origin.ll lmage (b) Me<lI.n "' llh 3:<3 "' Indo"" StU' (c) \1t'da.lf1 '4.th S.U 
window si1.t' (d) Median with 71.7 window sile (e) \viener With }:<3 ",.000", "Il.t (0 \\ Itnrr "'llh 5, 5 '41~ 
si ze (g) Wiener with 71. 7 window sil.c 
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Tt!St Seb 
Window 

I-Ioly Bible Fiker Add,s Lemen Ff!deral egant 
Si1.e Eskcmekobir COl ctte Gozette 

MSE PSNIt MSE P It MSE I'SNR MSf. I>S NIt 

Medi,lII 
3x3 88.7325 28.650 49.915 31.149 88.73 28.650 39.661 32, ).g 
5x5 215. 156 24.803 127.73 27.068 215.2 24.803 90.479 Filt er 28.565 
7x7 443.569 21.661 259.80 23.984 443.6 21.661 169.62 25.836 

Wi ener 
3x3 24.051 34.320 26.022 33.977 47.81 ~! .335 17 6}1 tt!~ Filt er 
5x5 48.6397 31.261 33.557 32.873 68.69 29.762 22.0.11 
7x7 88.7978 28.647 47.056 31.405 95. 10 28.349 27.461 33.744 

T •• ble 4·2: Rcsllhs of image quality mcasur('S (M5E lind I'SNR) on 1<">1 0,(' 1 dotumtlll lmagl".o 

Image qua lity measures (l ike MSE and PSNR) at' also used to select the beSt 1)('1'( rmlng 

algorithms. Thus, for th is work they are used to compar Med ia n filler with Wiener filte r. A 

it can be seen from the Table 4·2, for a window size of 3:<3. Wiener fillering algomhm 

resulted lower va lues for MSE and higher values for P R aCIOSS all leSI s 15 Ihan the x3 

window sized Median filt er algorit hm. This means that the \\lien('f nit r is abl' to smooth Ollt 

noises creating re lat ive ly small disturbances than its Counter III dian filter. I hus. for thiS 

work, wiener filter is se lected as noise remova l algorithm. 111ercf I(~. all tt'St set Illlages that 

are presented in Annex I I are denoised using Ih is algoriThm usi ng a window site of 3d . 

4.2.2 T hresholding Filtered Images 

ThreShold ing (or binari zation) is the process in \\lhi ch images in gre scale or color levels are 

converted into a bi·level (black and white) image such that , objccts (in thiS Context 

cha racters) tha t are found in images can be easily id Ilt ified. 

When a greysca le or colored image is binarized, a cerlai n threshold value must be SCI SO that 

pixel intensity levels that arc less than this value are assigned to black pixels and values 

greater arc aSSigned to white pixels. To deTermine Ihis threshold vallie cnher global or local 

approac hes can be fo llowed. When using the glOb.l l approach we use a single threshold vallie 

to binarize the whole image. While using local method, threshold values are calculated using 

the neighboring pixels and its va llie is changed every Time as it scans through the image. 

In th is work, the widely used algorithms: na mely. Otsu global Thresholding and auvola local 

thresholding algorithms are tested from each group. For implementing those algorithms, 

again, MATLAB R20 11 b is used. The OtSU Ihresholdlllg algOrithm is found in Image 

Processing Toolbox'lO; thus a function is created without difficully. In order to calculate the 

OISU global threshold value graythresh(i) function is used. Once the threshold value for 
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image ; is fou nd using lhis funclion, it 's relUmed resuh will be glHn 

binarize the image where 1 is the rClUrned resuh of graythresh(l)( 

BinariZalion for its implementalion). 

10 1112bw(1,1) 10 

Anne'( III : Ot5u 

For implementing Sauvola algorithm, the researcher adopted a fun tion developed by ( 10tl 

20 13). 111is is because it was not implemcllIed in the MATLA ll' Image Processing 

Toolbox ll
• yet. For the implementalion of the algorithm se Annex III : auvola l3inMi1. .. 1I1on, 

Sauvola local thresholding algorithm needs a window sit as an argument. 11HIS. an 

experiment is performed beforehand to select an optimal value. I hrough ,111 ilerative 

experiment in test sets, it is discovered that a window 51 I.e value gr(,JlCf than 10x i0 works 

well. When a va lue less than this window size is provided, the algOrithm tends to onvcn the 

black pixel to while pixels (sec Figure 4.3). Thus, for this \vork, a 20x20 window sll(' i 

selected. 

Figurr 4.3: Effcci of window size in Sauvola locallhresholding algonthm (a) Origllwl im.lgC' (b) $au\'olil wilh 
windov.' size of SxS (b) Sauvola wilh window size of I01f IO (e) 5.1U\'ola wllh \\mdow ~lt' of 2Ox20 (f) Sau\'ola 
with window sizt' of 30x30 

To measure the effect these binari7..ation algorit hms produce in AmhariC real-life documel11s. 

the researcher used images produccd by Wiener filtering algori thm that arc produced from 

the previous section. Each de-noised documen[ image is [hen passed through Ih e twO 

binarization algOrithms. Also. as it was discllssed in section 3.3, since binarization have lhe 

abili ty to remove some of the noises Ihat are found in rea l-Jir documel11s. lhe binarizalion 

algorithms are applied in the test sets directly to see their corresponding resullS. 

Since the previous image quality measurcs compare images from the SJme domain (such as 

greyscale with greyscale), at lhis stage a subjeclive evalualion is conducted. From the o"'erall 

OUtput it is noticed that Otsu and Sauvola algorithms found to smooth out some of lhe noises 

on images. BUI Otsu method found [0 create more cluller nOises (un\·.anted foreground 

COntent which are usually larger than the lext in binary images) and marginal noises (that 

create dark shadows thai appear in vertical or hori zontal edges of an image) than 115 counter 

Sauvola. 
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Sauvola local thresholding algorit hm how r d , ever, Dun to binariz.e imagcs pcrfooly 

el iminating clu tter and marginal noises The Ill' ' I I . ..' . • gOn! 1111 a 50 gal advilluage Over ISU in 
blllanzlIlg non-ulllformly illuminated images wh 'ch ' , , I IS a common in ident Iha! occurs .... 'hlle 

scanning real -life documents. Especially when sc ' h' k . ,annlng I I books thai gOi many pages, 

some shadO\v IS crea ted at the c('nter corner of the book h " , on I e Image. I hiS blnanl..ll10n 

algorithm, however, found to remove those shadows as . I I h • It USC'S OCJ I r('shold valu . I 'gufe 

4.4 depicts an instance of this scenario. 

ill!- ' ~If.'" I ,,'nA , o""~ ·l- I "fl" 

.N\-}·' lI ,.7n"'f I "l.t'~.}o , n.:\It- , 

M.') I r''''''')1D- , 11.':'m-') I "". I 

A')1..r, ,,'H,) , In" MI·l\, "I'\I"lhI\,. I 

Mil') ' M).\.l ' III1·A ' 1-."' . .t' ' 
M' +11'1"" I 0",,.. , 111111,.t' ' 

"'ot., ()","tl)-'~ I (1/; , "'")fDoJ;'A I 

'IH" 11 ' 1M' ,..., ' "=/1)'( , I-1t;'A _ 

b!-'''''' I M.-A • "'1't.t' • 
• I n"'lr ' -a_1..l' • 

• -ftC I 'I"').lj"A I 

(b) 

(0) 

'"iI+- ' Hrt +- -

11,., f1cr ' ~ 'liA ' n"P)+ • f 1ft ' 
,.tot , "-'lUff, "'.t'Ho ' (\.'1'" , 
.. ,-,, '+"'I)'" :'1.t;'dV) 'All .,.' 

~'f.+ ' A1-t') , hI. , ).h-A ' An.,..tlhAIIt' , 

Mil" M)4.1 , Mt-A' A1't.t" 
n , thfi" • n .... ,. , 1l.~ , 
JJ.(,. ' tlT.,."'{ • (Ie • "P~ .. lj"A I 

'IH " , '/HI ' ''' ' ~'I-1lj"A -

(c) 

Figurt 4.4: Comparison of Otsu and 5au\'0Ia method in non-umformly .lIumirolro documf'flllmaRt (oI) 

Original image (b) OIsu melhod (el $au\'ola method 

When apply ing these binarization techniques in Wiener filtered imagl'S, it is observed that 

both algorithms erode some pixels off from the charaaers. Ilo\\ ever, a close inspection on 

the images shows lhat Otsu applied images created wider disconnections than Sauvola 

applied images. As it can be seen from Figure 4.5, for instance, the character "fl" lo,\ er right 

appendage is wider for Wiener-Otsu method than the Wiener- auvola applied method 

(images (d) and (e», 
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tI. 
(a) 

H .. 
(b) 

H .. 
(c) 

tf. 
(d) 

tr .. 
(e) 

Figurt 4.5: Sample close up charaCICf image taken from the first lint or ," - I (On I I~ JlfC\ 10tIS maRt'S.) ft.IrY ImaRt' 
(b) Otsu method (e) Sauvota method (d) Wiener follo .... ·ct! by Oto;u (r) \"'iro('r follo\ooC'd by s..u~'oIJ 

Even though, Sauvala method alone smoothed OUI noises out of the images (Image (c». II 

, ... as seen crem ing several isolated black pixels part icularly In areas lhat had folding's and 

high noises. In the contra ry, it is seen tha t those pi xels arc removed whit appl ing 11 III 

Wiener fi ltered image. 

lIowever, still few isolated pixels are noticed in Wiener-Sauvala appl ied il1lag s. I h sc 

isolated pixel should be removed so thai the subsequellt scgm Illation algonthm work.s 

properly. 111 order to remove such isolated connccwd pixels, a I1llltlab (unction 

bwareaopen (i ,p) is used where i is the image and f} is the ma\;imlll1l COlllll of pixels Ihm lhe 

isolmed pixel will conta in. Accord ing to Sense (20 11 ), a Ihr~hold value of 10 is found 10 be 

oplimal for removing such pixels in Amharic docll lllcnis. 1 hus, thiS value IS ad PIc<! III thi 

work to remove those isolated pixels. 

Since the function bwareaopen(i,p) deletes white areas smaller Ihan f} pixels, another 

MATLAB® fUllction imcomplement(i) is used before and aft r the removal proce~s. 

imcomplement (i) receives an image and rctums its compicill nled result . I·or a binary image. 

it changes wili te pixe ls to black pixels and black pixels to \oJh ite. The function for removing 

out those isolated pixel points is presented in Annex II I: Remove Isolated Pixels. 

Therefore, along with bwa reaopenO function, Wiener filtering algorithm IOgClher wnh 

Sauvo la local thresholding algorithm with \."il1dO\" size of 20x20 is adopted. Thus, the test SCI 

images that were produced from the previous sections are binarilCd using this method. Also, 

the trai ning sets (found in Annex I) are binarized using this local thresholding algOrithm. 

4.3 Real-Life Document Image Segmentation 

Text segmentation, in this context, refers 10 the process of idenufying lines ..... ·ord5 and 

characters from a binarized image. CorreCl extraction of those obJccts from an image is 

critica l as the next consecut ive recogni tion phases heovily depend on Ihe outpul of this phdse. 

Among the many segmentation algorithms found in literatures, thiS .... ·ork adopled 1M 

projection profile method as it commonly used in prinled document segmentation (Soujan ·a. 
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el aJ. 20 12). The method uses histogram projeclions to CSllmate Ihe posluon where 

characters exist. To achieve this, it first calculates the sum of black pi '\:eJs found In hOfilolllal 

axis to locate positions where text lines are found in the image. In plam \.,.here le:'(1 1m are 

presen t, the sum score gives higher values; conversely it giv 5 lo"'er values for the gaps lhal 

are found between character li nes. This information is then used to extrJct lines from an 

image. Similarly, to extract words and characters from a line, a venical projection pr file Is 

calculated by summing the vertical pixels for the width of the line image. 

4.3. 1 Line Segmentation 

In Ihis pa rticular work, for the purpose of ext racting lines from Images. a VIsual • method is 

developed. The funct ion developed accepts image and threshold value as I).uam tcrs and 

returns a Lisl<> type dma structure containing the coordinatc pOinls for segmentallon. I he 

function first it erate through the rows of the image for summing the (r('(lli ney of bill k pixels 

in a row (sec Snippet 4-1). Once th is is completed, successive indexes of sums that gOt highcl 

and lower va lues from the threshold are taken as segmelllation pointS for a hne (Anl1(,,( IV : 

Line Segmentation). 

fo , 
{ 

) 

(int y • 0; y < img. Height; ytt) 

for (int x • 0; x < img.Width; XH) 

} 

//get the color value of the current pixel 
pixelColor • img.GetPt~el(x, y); 
//check if the pixel is black 
if (pixeIColor.R •• 0 && plxelColor .G •• 0 && pixelColor .8 •• 8) 

bla<k_sum H; 

/ladd the sum of phels in a row 
row sum.Enqueue(pixles); 

//rest-art the sum of black pixels (or the next row 
black_SUI! • 0; 

Snippet 4. 1: BonzOnlal projection In an Image 

T Id I f 7 is selected and used 10 segment traming hrough iterative experiment a thresho va uc 0 

d I f the number of black pn.els, the developed 
and testing data sets. Using this threshol va ue or 

. some errors \\ ere seen while It tries to 
method is able to segment all of the hnes. However, 

. . h Cl 'ning set The algorllhm segmcmcd 
segment the character " i'i" along with its vanants 10 t e Lr I • 

. d" d llilles Also some black spots found 10 
the upper appendage and the body pan as 111 IVI ua . . 

the test sets arc wrongly segmented as lines. 
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To address the latter issue, the researcher looked at the data 5('1 111 h.1od and ~td Chotl 

these foreign lines got a relatively small height compared 10 the actudlt(,~1 lin B t.1klng 

the ratio of foreign line heights to the average of text hne heights II Is confirmed thai Ih 

lines got at least less than half of the average leM hne height . 1I0 .... ('\ er. only Idkang thiS 

relation for ignoring these foreign lines may pose a problem In dlS(ardlllg '1rNllrr le\:llinr\ III 

documents that contain different sized texts. To tackle u h scenarios. Ihe mooJan hf.'lght 

value of texl lines is taken instead of the average heigh!. ! hus .• 10), IIn('\ th.u Pre brIo ..... Ilal, of 

the medion height are considered as foreignlin(>5. 

To implement this concept, the above method is Illod lncd to in lud(' calcu!mions of 

respective height and va lidat ing task for deciding whether a line I~ (oreign or nO! (s('(' SIlIPIX'1 

4·2). USing this method, all foreign lines arc rcmovcd (rom brlllS on~id('red a., hn~ In lIli of 

the test sets. Figure 4.6 shows before and after result on ,1 5.1 mple linage tJken IrOI11 flr\1 !'dsr 

second paragraph o( test set Fikcr Eskcmekabir. 

Queue< lnt> temp_queue . new Queue<int )(vertI Cal.pointS), 
Llst<int) line_height . new List<int )(); 
int pl • 0, p2 • 0; 
while (temp_queue. Count ) 0) 
( 

) 

pI • temp_queue.Dequeue(); 
p2 • temp_queue.Dequeue(); 
line_height.Add(p2 . pl); 

Ilsort the heights of the lines 
line_height.Sort(); 
II take the middle value of the heights 
i nt height_threshold . (line_height (llne_helgh t .Count 1 2)J)/2; 

Snippel 4.2: Median heigh! calculiltion for csumilling iI\trilRr line! htlKhC 

ID f." c: I fDo ~ ~ 11 I (lil'}- I IJ 1\"1- I IN·t· I ""I 1I-t fDo I 

MH,'I" I llt'l'I"-l:lJlofDo I IJA ' j.C-' ·'f'lofDo I ""loID'9" 
h~"lofDo·t I ,(,C-tfDo I IJA I 1> ,).IIf.""",,,loID- I ·,.il<f. I 

oIICm fDo I 11.01'",9" I 1>,).11'111' I IDil ~ID- I -t"'9" m ID- I 

~OC II Ov-'f''' I (1,711. I 01'11&--" I fIDf."~ I ID-~~1I') I 

\"}llU: hlJ-l· : "; ll : ;I'9"~') : 1,"',II'f. : Alw" (){I,~ : J!.'f; 

'I''1-) I h111''f'1oID- " 
(oj 
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mf.IIC: • m-~~1i I (1/'\,'" I IJII-'f I O+t. I "..,1I+m- I 

MH:?" • tll\'I"1:lJrm- • IJA I 4.c·r·'I'rlJlo , Mr(J)-9" ' 
"~IIrm-'} I &'C+m- I IJA I ~1-'1.1'.ODlIJl\rlJlo I '''M. I 

oIICmm- I n.ootIJ9" I }'1-'1f'lll- I mMIJIo I .t-"'9"mlJlo I 

~OC _," 011-'1'11 • fl;J/\ : tlP1It.." I fm,..,,~ I 1JIo.('~1i') I 

l"}{lV : t,f]-l' : 4:{J : ;I'?"~') : " D",,'!: : A!lm- : 01l'~ : J!.1: 
".<;.1' : "'1lr'l'rm- " 

(b) 

Figure 4.6: Sil lTlple images showing line segrncnllllion results (a) B('fOf{, .lpplyulM the l1lo(liflfd ,JlgClf uhm (b) 
After applying lhe mooiri('(! algorithm 

/l.s it can be seen from the above figure the black SpOlS found bet\\'cen the ond and Ihud 

line and between the fifth and sixth line were discarded from being considered as lin In the 

modified algorithm. 

Thus, th is algorithm is used for segmenting lines in training a \\ell as I(.'!)t sets. While 

apply ing the algorithm in train ing leSI sets, on ly Ihe (hara IN "if' along Wllh liS vJ riant~ 

failed to segment correctly in some of the Iraining images. In the test sets, the algOrithm 

correctly segmemed almost all of text li nes found on the images (!;cc I able 4-3 for results). 

4.3.2 Underline Removal 
The previolls line segmentation stage has produced text lines thai arc found in document 

images. But since underli nes constitute the ,."riling system, somc tcxt lines arc found to 

contai n underlines that are couched as well as ullfOucllCd with thei r charaaers. It is also 

observed that the modified line segmentation algorithm employed have discarded some of the 

Untouched underlines found on the images. 1I0wever, in ord r 10 perform subsequent 

segmcmation operation without errors, it is important lhat underlines found in te,\, hnes 

removed fully. 

As it was discussed in section 3.4, these touched and untouched underlines can be remo~ed 
using the algorithm discussed in 3-4. In order to implement the algonthm, a Visual ,. 

program is developed. The developed method accepls a lhresholded image and returns Its 

prOCessed form. At first the algorithm defines region of interest (ROI) \\hich at thiS \\'ork \\ as 

taken as half height of the image. Once this value is found it iteratcs lhrough the 10"" of the 
. _ I m the number of blac~ pa:(;cls encountered 
Image for each of the remai ning lower helg liS to su 

(hori1.omal projection). The sums fou nd using this operallon arc then compared "' lIh a 
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threshold value (70% of the image width) to ma rk the beginning of underline pl\('is ( 

Snippet 4-3). This marking point is then used as end of a ropplng POint .... her the 

underneath part below it is casted off (sec Annex IV: Underline Ocu.'clion & Removal for 

implementation). 

for (i nt i • B; i < rowSulII.Count; IH) 
{ 

) 

if ( rowSum(i] > illlg.Width • e.7) 
break; 

roi++; 

II crop image if underline is detected 
Rectangle cropRect • new Rectangle(e, B, bft.Wldth, 

DIII.Height - «bm.Helght )-(rol 2»); 

Snippet 4-3: Underline detection and rcmoval 

Via Ib is method all text lines produced from the previous stages arc processc<i, I rom the 

results it is observed that lines thai are extended for about 70% of the linage were removed. 

Ilowever, one texi line is found unprocessed as it gOi pall of 115 word underlined, I his Is 

be<:ause the horizontal projection of the underline was not good enough to l>3SS the 111leshold 

va lue that subsequently described by the image width. Figure 4.7 show IIlStJIl cs of both 

scenarios. 

rOu.l)tcox rhC o.t ~ "):0 -rou.l)+co:(, sr-hC 0.+ ~"fI 
(,) 

O.l(,O 00(1:- ll.t\,,-i;/\'P?D ho(n,f' 02006 

o.l(,O oQ(l:- ll.t\,,-i;/\'P?D ho(n,f' 02006 
(b) 

Figure 4.7: EffN:t of underline detcction and removal algOrithm on a samplt' tt'lft lint (ol) Undnhnt"d tt'~1 hnt 
i1nd it's removed form (b) Tt''(1 ti lll' .... Ith part or its ... ord IS undtfhned 

4.3.3 Word Segmenta tion 
Once the lines are identified from images, either \yord or character seg.menlalion can be done. 

One reason for this is both segmentation phases basically use the same flow of algomhm ror 
.. . I of white pixels are laken. These ",hlle 

a word to be ident ified from a [Ille Image, verllca slim 
. . I II I e for po.s.sible segmentation. 

Pixels are then compared with a certain thres 10 ( va u 
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The approach used for word segmentation in this "'ark, however, ~ slightly mCKhfied In 

, ... hich instead of comparing vertical sum of white pLxels Sefluenced COUnt of column Si1t.'d 

\ ... hite pixels is used. Thus, whenever a threshold va lue of , IS given for segmenting oot ",·ords. 

the value is compared with the number of consecutive white columns. 

In order to implement this approach. a Visual eli method Is d vel 1~' nu~ developed 

function accepts text line image as inputs and r('ttlme; list of points for word start and end 10 

do thi s, the fu nctions iterates through the width of the image twice to COUllt the number of 

consecut ive white columns so as to mark the edges of words, I he fi rst pass OUllt., 

consecut ive while columns from lefl to right. Whenevcr the consecutive COllnt PtWi the 

threshold val ue, the first next column with black pi xe l wil l be taken as a beglnlllng of 1'1 wo,d 

imilarly , the image is scanned frorn right to left so thaI whcncver Ih ons ulive ount of 

white columns pass the threshold value Ihc first black pixel column found afwr thJI point Is 

marked as end of a word (see Annex IV: Word and Charact r SegmcntJlian for it!. 

implementation) . 

Unlike line segmentation algorithm, word segmentation algorithm does not accept th. hold 

values from the user. This is because, as Sertse (20 11 ) slaloo, the threshold value rar Amharic 

words can be automatically calculated using the ronnula: 

h t;-+ 1 
6 

Where I is Ihe Ihreshold value alld h is Ihe heighl af Ihe leXI Ii/Ie inlaYf'. 

(4 1 ) 

Using this technique for estimating threshold values, the training and tt'St selS arc segmented 

f I · . . ' I"ed "n 'h" ,ra ining set since thc training set or t lelT corresponding words. When It IS app I I.. • 

contains characters that are sparsely placed (see Annex I), the technique segmented all 

individua l characters. And when the technique is applied in Ihe test set, it segmented most of 

the words but with some errors (see Table 4-3). 

CI 
" h vels Ihal such words came from texlS that 

OSC IIlvestigation on the erred words, o, ... ever, re 

d h · h Clers For instance in 1 igure 4.8, the rirsc 
Des 110t have uniform spacing between I elr c ara · , 

h rds because of inconSistencies In space 
Word was ident ified by the algorithm as t ree wo 

" " h f d between "f " and "I" and beI"een " I " 
wllhm its characters. The wh ite spaces t at are oun 

" es found bcl",een the remaining 
and ' 6 wOld", ,I,a,' ,I,,, , ... hIlC spac . 0"0.,." are relatively.. '-
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characters in the word. And since the other words in the te t I I I L. X mc rc all\'(' y gOt hJr' same 

spacing bct,,,een the ir characters, the algorithm idclllificd them as mdlvldual ~·ords. 

h.lTC~1 
Figure 4.8 : A sample lexl linc showing different characl('r sl Ing btI ... ("ffI ~IS dWoklm 

4.3.4 Character Segmentation 

The last stage in text segmenlat ions is ident ifying individual chari1cu~rs rrom scglllcnuxt 

words. To achieve this, the same method used by word segmentJtion is employed for 

segmenting out characters images. The only change made on the method «(unrllon) Is the 

way threshold is ca lcu lated. 

As it was stated in the previous section the word segmentation stcp pradu es word image!» 

that relatively got similar spacing between their characters. Taking this intO nslderJlion, 11 

can be inferred that the vert ica l column of white pixels that are found in those segmented 

word images are evenly distributed between the character spacing's, rhus. laking the ratio of 

the count of those verti cal columns of white pixels 10 the number of charaCter in word image 

gives the approximate spacing between characters and hence can be used as a threshold for 

segmentation. This can be mathematica lly staled as: 

( ' 21 

Wllere i l is lite characler segme/J/alion threshold v(l/oe for image I. c~ Is Ihe vertical roum o(~'hlle pheh {or f, 

and 111 is lite approximate number of characters found in Ihe im('ge, 

Yet, major Challenge to this approach is estimating the number characters that a word image 

has. One approach to address th is problem is 10 usc [he \ .... idths of chara lers. Once .... 'e gOt Ihe 

width of characters we can di vide it to the nu mber of black pixelS the image has 10 get the 

approximate number of characters an image have. BUI as different characters III Amharic 

word h d' ff 'd h (f ample" ~ hr') h'e need to sel an average width that ave I erent W I L. S or ex • - , • 

represenLS al l characters, 

Th 
.A h h Clers found in test sets to eslUTl.lle the 

erefore, for this work, the researcher us'-"\! t e c ara 
, ' Also as width of character varies by their 

aVerage width of a character in Amhaflc SCflPt. , 

f 
' Iculatcd 10 (let a generic \ alue among 

ant sizes, the ratio of width {Q height of characler IS Col 0 

, h' ' for all charaClfl"S III lhe script I 
different sizes of the same character. Once [ IS rallo 

b 
k as a sland.1rd characler .... ·idth for AmhariC 

]>roduced their average va lue can c ta en 
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alphabets. Thus, the approximate pixel widths of h c aracters 10 image I .... llh helghl h i gl \'en 

by: 

WI == C • h (0 ) 

Where WI is the approximate pixel width of character in i i mogt ,C IS tht ra/culatrd rotlO C'lJft\llJtJf (I« ,h, ) (av 

;, \\'05 calculated /0 0.897976548 which was (ound by di..,id ·ng ~ h " . r w',o Il.:lgh,) and h Iii 'M ht'!Jhf CJ('M j~ 

Once we gal \Vi we can now estimate the number of chilrtlClers rou d ' I . I , • n 10 wore IInag(, u~lI1g 11(' 

formula: 

( 4-.4 ) 

Where c~ is Ille 10101 COlmf o( block pixels in image i. 

Taking equation 4-3 and 4-4 into equation 4-2 gives liS a gcncral fonnula for CJ I ulJllng the 

approximate threshold va lue for character segmentation (equation 4 .. 5). 

t _ c!.v • hI • 0.891911 
i - cl • 

(4 \ ) 

Where tt is Ihe approximole threshold \IOllIe (or charoc.er St'9",tWaII0t1. c~ and r1 aft ,lit \'tf"" C'OI ('(KIn! 0{ 

while and black pixels respeclively, and hi is fhe heiglll o(the image I. 

Thus, whenever the sequence of vertical wh ite pixels in word images pa5S(1~ this threshold 

value t, the first next column with black pixel is marked as a beginninglendll1g of a chara ICr. 

Using this approach the test sets are only segmented for their corresponding charactCfs as the 

training set characters are successfully segmented by the previous word segmenlatlon 

algOrithm. From the result it is observed that characters which have djsconfinuilY jn their 

body, o ver lapping pixels, touched pixelS, and adjacent pixels "/ilh neighboring characters are 

failed to segment successfully . Also, underlitled words and some words that relatlvel got 

different spaces betweetl cheir characters (- I pixel varialions from the threshold) are found to 

be unsegmented from their word images. Figure 4.9 sho\\'s instance of these incidents. 

11' 
(a) 

~1t 
(b) 

§I 1-'1 b,iJ,O bOc} 
(e) (d) (e) 

U~~fI 
(f) 

~igurt 4.9: Sampl e scgmentalion errors obscrv('{l (a) DiscontinUIty In ct~lXttf"~ produttd ,,"'O lndI \ KW 
charactcrs (b) Overlapped characters considered as one ch.lracu~ (cl adJiKtnI bl«k pt\th, ~ttn con~f\"t 
charactcrs (d) Touched pixels between dKlr.ICICrs (e) lJndt'rl ilK."d chariKl('f1 (f) SIl~lt P\tt \ .-wtlnn fmm 

Ihrcshold value 
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Document lines Words h.tr, lcl C'r~ 
Exp. Er. A Exp. Er. ,\ 1:,.\1)· Er. " Trai ning 

Ny.l. (5 copies) 195 3 98.46% I 60S' 
Visual (5 copies) 

0 lOO'!O 
195 2 98.97% 1605 0 Sel 5uII1 

lOO'!O 
390 5 98.72% 32 10 0 tOO ~ .. 

Hoi Bible III 0 100% 1060 34 9679'l<o 2557 120 95.31" 

Testi ng 
Fiker Eskemekabir 89 3 96.63% 1046 8 99.23'l1o 2S-15 IG4 93.55" 
Addis Zemen 107 0 100% S84 38 93.'8% 2'!J.l ' 2 'l8.3~ 

Sel Federal Negarit C. 139 2 90.56% '69 32 93.18% 2GG4 126 95.27% 
Sum 446 5 98.79% 3159 11 2 95.67 % 10260 4'i2 9 'i.6 1 % 

TOibie 4-3: Table shows the accuracy rate (A) ~ chieved by the scwnentJtlon ltlKorithm for lht HjllninK ii' "'1'11 .. , 
test sets. (Exp.) and (Er.) (IU~ntjtj(>5 show Ihe expected and Ihe erred SCKrT1cntrd ImilKM rl'\j)r(ll\rly. 

4.4 Normalization 

Normalizat ion helps OCR systems to beller recognize differenl fOIll Si ted char.lctcrs thai Jre 

found in real-life documents by mapping Ihem into a unifonn pre-deflll d Sit . II 15- .1Iso 

usefu l to make input feature vector to have a fixed size so that the claSSifier r ('IV(' the So:Ull(' 

number of input fea tures. One imponant point at this stage Is the seloocd mappmg fun lion 

and dimensions need to preselVe the original layout of the image ,md mU!:.1 JI)ture all the 

essential information the image has. 

For this work, three common interpolation functions thai arc discussed under secuon 3.6 are 

lested to obsetve their effect in normalizing segmented cha racters that are produced from the 

previous stage. For implementing those algorithms, MATLAI3 Image Processing I"oolbox '" 

is used as it got a fu nction imresize() for implementing the alsorithms. The (un lion 

receives an image and returns its resized form . Among the several overloads the fun lion gal , 

this work adopted imresize(i,{h w],m) where i is the input image, hand ware the height 

and the width of the new image, and m is the interpolation method in ",hlch (or our C.1SC 11 

takes three values ('nearest','bilinear','bi-cubic ') (see Annex 111 : 'onnalil..J110n). 

To use the above function twO parameters need 10 be set beforehand. I-or the flrsl parameter, 

i.e. height and width, various authors used different dimensions a cording to the problem 

they are addressing, such as hand written or machine pnnled (see 'rable 2-2). Acconhng to 

(He, et al. 2005), experiments done for hand\~ritlen numeral recogllluon 00"''' thai a 

nonnalization size 20x20 to bigger sizes improves recognition rate considerably. 

Ad' . . r 50 SO' s selected 10 normaliu the char.lCters. Thl 
CCor ingly, for this study a dimenSion 0 x I 

I Pu h Ie 10 next hne art' (ounttd;l\ .00."1'1,,,,1 ... arch 
l nClualion rIlarks and pariS of the ~lme word I at conI nu 1m art' addtd II) foIch of lht wt 

Beyond the 314 slandard SCI shown .n Anncx· l, seven nCW charilC 
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value is selected by using the heuristics that a lower value may noc caplUre all tht ~nl1al 

information a character has and a higher value may strain execution IImt as their ~tora8~ Silt 

increases. 

<II 

(a) 

LLt 
(b) (c) (d) (e) 

Figure 4. 10: Errect of size on the character "tU." (a) 10x l0 (b) 20.~20 (e) JOlflO Cd) 40~4() (1') ~JO~50 

For select ing the second parameter, interpolation method, an expedment Is conducted on the 

segmented character sets for the three interpolation mcthods, 1'0 achi v this, the chara tcrs 

are normalized into a size of SOxSO using these interpolation methods, A close obSC'rvJtion on 

the results reveals that nearest interpolation method created a stair-stePl)ing of line as(' on 

the enlarged images while bilinear and bi-cubic methods produce relatively the SJme r('5uh'} , 

(a) (b) (c) 

Figure 4. 1 I: Interpolation methods applied 10 the character MtU. ~ (a) Nt'iUl'~ (bl B,IIO(''''- (e) S, ·eublc 

As it can be seen from Figure 4.11, bilinear and bi-cubic methods rcsulted almost the 1KI11le 

image. I-I owever, si nce hi-cubic interpolation method is used in almost .lny image sile 

lIormali zalion techniques, includ ing MATLADiI., the CUirent work selccted to adopt thiS 

algorithm. TilliS, segmented characters from training as well as teSt setS are nomlali71'(J wllh 

this interpolation method to a size of SOx50. 

Inspection on the normalized images revels that, the segmentation errors that are occurred to 

h . . h' h crealing wrong indh'idual Images (c;ee t e prevIous stages are propaga ted mto t IS P ase 

Figure 4.12). 

f/iO. 
(a) 

(b) 

'" led to normaht.oluon suge (.) c:tYr«ltf . It,- boclom 
'lgurr 4.1 2: Sam ple segmemation errors that are prop;!ga ... .1 • .art nomwh«'d on onr 

ri h (b) \ I'acenlly placrd C! .. r.Kltf J"'~h 
g t apl>cnd;lge normalized as individual character } tJ· 

Character 
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4.5 Feature Vector Extraction 

Afler all segmented charaders are normalized into a prc-dcflned size; thiS pha ln~ to 

extract useful discriminating characteristic from those images. To lh ls end, the curr!'nl study 

.1pplied the modified zoning technique dl'Scribed in section 3.7. 

The technique first segments a character image intO abslr3 I l.Ones a cordmg to the number of 

dimensions (column and row) provided. This resullS a rectangular cell In the image which I.) 

( rCillcd by the vertica l and horizomal li nes (sec Figure 4.13). " he algorhhm then (Jlcultl lc.-s 

the average veClOr (coordinate) distance lIsing equation 3· 13 for a cell by laking the [.1110 of 

black pixels to all pixels that the ce ll spans by considering the lower left Diller as an absoluu.' 

origin (the black spots in Figure 4. 13). This value is alculated for every Cil ihill IS crealed 

by the horizonta l and verlicall ines for the image. The value wc gCI from Ih c ells arc Ihen 

concalenated and consequently used as a feature veclor rCI>rcscllllltion for the chara ler 

image. 
«ti S 

! 
cell 0 

cell I (tU6 

(ell 2 et ll 7 

cell 3 ct ll 8 

cell 4 

T absohl1t Ofi8H~ cen9 ... 

, ( 5 ,' , ' ) for tht dldriKlt'J "d.I." Figure 4. 13: Rectangular cells crealro using the zoning Icchlllque x ... l m{'f\~lon 

To implement this feature extraction concept , a Visual CN program is developed. Th 

developed function accepts an image, vertica l, and horizonlal dimensions as inpuis and 

returns a comma separated value (CSV) for the image corresponding framre vector 
, f' alculalcs the number ,"erucal and represemalion. To achieve thiS, the program Irsl c 

" d' h 'mage dimensions \\ !lh the proVided horizontal pixels a cell will have by dlVI IIlg I e I 
. . . . I found after the vertical and horizontal 

dimensions. Once [his information IS found every pom 

S · t 4-4) II is from these cell origin POIIllS 
COUnt is considered as origins for cells (see IlIPpe . 

I .. , (See Anne IV' r eature r,UclClIon (Of" 115 
that the vector distances of pixels are caleu allOY . 

implementat ion). 

75 



int vertical • Convert. TOlnt12(I_B.Wldth I (olu.n) 
Int horizontal · Convert .TOlnt12(1 ... Ke1Iht I row) : 
// flnd the origins ' 
for {int i · 0; 1 ( IIIi.Wldth; I •• vertiul) 

) 

for (int j • hortlont~l; j (. 1.,.Ke1Iht, j • • hOrllGnt,l) 
( 

) 
origln.Add(new Polnt(!, J»; 

if (lmg.Helght X row I. e) 
orlgi n.Add(new Polnt(!, 

Snippel 4-4: Ident ifying origi ns of an image using Ihe provided \.'enl(.dI.Uld Iw}li/OOloll dlmen,'!)n., 

Once the func tion is developed, the normalized hilrJclers from Ih pr~vlous SI~p are pJo;c,('d 

Ihrough the method for their corresl>onding fea ture repre'iellwtlolls. Ilut. ilS 111(' fun lion 

expects verlica l and horiz.ontal dimensions as inpu ts. an ilcr;uivc e~pcnm('nt Is don(' on the 

training set for choosing an optimal dimension. For the curr('nt work 'I\,(' dlln('n~1 ns ,1le 

selected to be experimented (3x3, SxS. 7x7, 9x9. and Il xll ). 

In order to determine which dimension will di rinunate the hara tN Images with a high 

level, the concept of standard deviation is employed. SI.lIld.mJ deviallon I) J ~'Jti.!, ti <II 

measure tha t tells YOll how varia tion (dispersion) frolll the mean value eXist.!, in a !iet of d.na 

(Niles 20 12). The higher its value the more the data Is dispersed and the less ItS value the 

more the data is centered around the mean (i.e, relatively similar). I'or the problem .11 hand. 

we need a high standard deviation values since we need our featurc to be highly 

discriminating across different characters for a cell. 

Thus, features are extracted by using these fi ve dimensions from one of the training SCI. Thc 

extracted features for each of thc dimensions are (alculaled for th Ir cell Wise standard 

deviations va lues. The calculated cell wise standard deviationS arc then summaril.ed by 

taking their average to get a single reprcsentative number for the dimension (see Table 4....l). 

Table 4-4: Average siandard devlallon \t1I~ rordllrtrtnt dlm('1Nnm 
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As it can be seen from Table 4-4, it is found that the higher th(" dUlletl I~ IN'd thr 4\i'U CO 

value increase which signifies the higher discriminating po'"'er. ' N. li'lna hlpr dunrnwon 

pose a challenge to a classifier as they produce long feature \ (-'(101\ ,",hlth ('\tnl1.Wlly ( u .. ,. 

over-rtring to the data. Thus, by considering the tra(\(>·off's, 01 dUnrR\jon of 5,5 1\ Inttd 

for this study. This is because the average valu 5 above thiS dlml.'fl ton 1('00 10 Inut onh­

with 1''''0 decimal places which are relatively small compared 10 the 10,",(,f dlmt·n\lCJf1 which 

Incrc.lsed by a decimal va lue. Also, [hi:. dimension filS the n nll<llt/rd (hdrJtll'r\ ,",' II (whl(h 

arc SOxSO pixels) by creat ing a cell of IOxlO pixel. Ihus. u\i ng Ihl .. dmlt'n\ion ft'.IIUH Mt' 

ext racted for training and test sets. 

The Irai ning set and tesl sets contain a total of 3.210 and IO.lbO thJrJ(lt'r Illl.lg( 

respecli vely. The fea ture extraction stage produced a rc~pccllve IIumb('f of lupl lor bc-lch 

categories where each tuple represents a feature of a single chJrJ( t('r InlJMr (M' T Jblt" J '; tot 

a 5<l l11plc). 

Cell 0 Cell I C.1I 2 C.1I 3 ... (,II 2.2_ ( ,1121 ("til 2:" 
u 0.08 11 42 0.6930 13 0.729 171 0.914692 ... 1 o1JiNOS o o&o8'l8 
h 0.074 159 0.822662 0.809523 0.902498 ... O.90!J87!J 0 0 
,h 0.266965 0.852 107 0.155021 0 ... 0 0 '0:711'l!~ ,. 0.4033 11 0.777167 0.3 183 16 0 ... 0.353212 0 0 
, , 

• 

: 

Tahle 4.5: Sn<l l>shot of fCillure extracted from Irilmlnll dalel "'" U\lnM' h'l dm\t'Mk1ll 

4.6 Feature Set Classification 

The classi fi cation phase of OCR SYSICIll performs IV"O major tasks, Ihe fI~ tonk. rrum'"9· 

extracts patterns from fealures vectors 10 store them in SOIllC fOnnJI (or moofl) , the \('(ond 

task. recognirion (or tesling), makes a decision based on a modt"! buit pt"c\'lou!t.lr for 

classifying new unseen pallerns. 

In Ihis work, for performing the classification task multl-class 5\ \1 is rmplo~td \" I 

widely used in the fie ld of character rccognillon ror c1a5.)irying dIH('tMlI Kflpu. 11 ... 41", 

k eITOr and comnaltauonally 1nt>\prn'l\t .. hilt U.lInl"l 
nOwn for its low generalization 1"-

datasets (I-I arrington 201 2). 

4.6. 1 Training 
"no . . k5) chJraC1e" round ,n Im/wic..rnpl r ..... 
1I1IS work uses 3 14 (plus 7 other puncluauoll mar 

Annex I) fo r tra ining. Hence, it uses multi ·class \ ' M for prrfonmn& 1M nk"nIionrd 
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classification tasks. In order first to produce a model V~I ', m ' " k r r I , u a t a stI 0 atUrfi, a so 
ca lled examples, and need to associate the examples with their co~ndtng eta label\ 

(wh ich this work used the Unicode's of the characters). To do this, SV 1's looks (or possible 

matrix that minimizes the optimization objective, discussed in section 3.8. In cases whrr(' the 

problem ca ll not be classified linearly (or using a hyperplane), V 1 emplo' kernel fUll(uol1\ 

10 draw curved boundary shapes between diHcrem class 5 IS. nee a model Is produ ('() in 

this way, lhe tesling phase tries to recognize characters using the model . 

For thi s work, libsvm3 is selected 10 perform classificmion task as iI gOi a ell wrapl)('r la')') 

which can be eaSi ly integrated and used wilh the developed code for thiS \I.'ark. IIbsvlll iii a 

library for SVM classifica tion, regression, and other learning tasks whl h have been on play 

since 2000 (Chang and Lin 2013). The wrapl>cr library class used f r Ihe unenl ,", olk h 

5VM.neI4. The library gOI simple to use call funcliolilO Ihe differ III II1Nhods Ihat Jre found 

in libsvlll which ease complexity of cod ing (See Annex IV: I ralll a I calure for it.!» 

implemen lalion). 

But before using the libsvm classification li brary, Ihe feature vt.'Clor needs 10 be cOllvenro 

into a sparse data format as lhe library accepts such fe.uure vcctor only A Sp..lrst' d<lta 

format is the one that uses column index to identify a part icular fCJlUre valu (sec I lgure 

4. 14). And whenever the value for the feature is 0, the fonllat leaves oUllh(' column 111 order 

to save storage space. For instance, for a class label I if the fealUrc vector is I 02 O. Ihel1 Ihe 

fo rmat represellls th e luple as 1 1: I 3:2 where the first clement is tlte class label. 'I hus, incr, 

the previous feature extraction stage produced a CSV's fi1 for features, the researcher 

developed a Visual C# program that converts those files 10 SI><1rse data formJt ( ~ Anne'< IV: 

Change to Sparse fo rmat). 

4608 1 :0.081142 2:0.6930133:0.729 171 4:0.914692 

4609 1:0.0741 592:0.8226623:0.809523 4:0.902498 

4610 1 :0.266965 2:0.852107 3:0.15502 1 ... 25;0.70935 

2J12.a O.8 1 24()52S0~ 

230909679 

4611 1 :0.403311 2:0.n7167 3:0.318316 ... 23;0353212 
. . I f rt' from Tablt 4-5 (nDCt ttwrIlhr fu~ (olumn 

Figu rt 4. 14: Sparse data fonna t rrpre5e"nltlnon of samp e talU I 
represcnls the Unicode representalion of tht (har.IClm III dtc",wl u ut) 

O 
. II g 5<' " produced U'IOS lI1e developed 

nce lhe sparse format for traimng as \"e as Ie 

r I h ' lOg mc,hod '0 product. IIlOd<I The 
unction, the training sets are passed Lhroltg lie Iraln 

1 Th . I I cd .. , ... "-cjhI\'1Ibs\ m 
, e p.1ckage can be found al hl1p:IMww.CS1t.n ~ . do\o.nloiKls;sof1 ... M ~un lip 

The class can be found al hllp://wWw.mallhcwaJohnson.DrIV 
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method Ihal is developed receives a sparse vector file pdlh, kernel I pe, and OUlput hie p.llh 

for saving Ihe constructed model file (See Annex IV: Train a I eatur ). 

For this study, linear SVM function is used to train the models inet II produced OCouer 

representative model for the problem at hand. The individual slJaI"S(' hies producro (S for 

each font face) were concatenate<! to produce two model reprcscntations (or col h oltegory of 

font: i.e. for Nyala & Visual Geez Unicode. Also, their con alenated fcature is used 10 build it 

model with the aim of building a base model that can recognil.(~ mixed (0111 document I1lu, 

using thi s approach a lotal of three models arc produced. 

To see whether the produced mode l can recognize the chara ters that are u~ for training. 

fea tures ex tracted from the five printout pages for each type of font (i.e. Nyaltl & Visual J('CI 

Unicode) are presented to the system. For this purpose. again. a method is d vcloped using 

Visual C# by using the Iibsvm library. TIle developed function a cepts string p.nhs ror model. 

test feature and output path for writing out predicted class labels (for I1u5 case the nieod{' of 

predicted characters). The funclion uses method that Is found in VM.I1CI ( ('C Anne"< IV' 

Tesl a Feature for its implementation) 

The models produced (i.e. Nyala model, Visual Geel Unicode model, and ombinoo model) 

are then tested to see tnei r respective perfonnances on the training set. Table 4~6 shows !.he 

result that is obtained through this experiment. 

Modd Used 

Feature Set Nvala Vistl.11 Guz Unicode Combinc:tl 

Number of Characters 1605 1605 1605 

Nya lil Recognition Rate 99.56% !J.l.39% 98.19'lO 

Substitution Error 0.44% 5.61% 181% 

Visual Number of Characters 1605 1605 1605 

Ceel. Recognition Rate 94.39% 99.!J.l% 99.69'lO 

Unicode Substitution Error 5.6 1% 0.06% 0.31% 

32 10 32 10 3210 
Total Characters 

97.16% 96.97% A v . Rem nilion 1.06 '> 2.11-1 % 3.03% Av . Substitution Er. 

Table 4.6: Perfonnance of (he models reo;p«t 10 IramlnA StU 

. I e auained .... ·hen features are Ie'\tOO 
As it can be seen from the resuil, maXllllUm va lICS wer 

. I . h·eve<! by USing the combmed model . 
With their own font faces. Also, near 10 thiS va lie IS ac I 

" l " "l" "li" "li" fsed"fL"i) " /\' " n~~n . ~, , 
While USing this model, Nyala fea ture sct COil U ' 

A " •• j\"L-.... ,.,.. .. .., " ~ ~ ""'''. "h", )"h", .and 
"*"~"" , "<""7 • • ""'''~'''t' 1-. .. 
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""."+-t"~.". Applying the same model for ViSUlll G U ' , eez. m ode, .. .,... "~) .. .,.. ... "D"~ t""", ilnd 

"?;"oH";"f" were confused which all re latively gOi . 'I SIOU aT SII\IC!ures. The model , ~C!Ver, i~ 

able 10 correctly classify labialization characters ) . , I unauallon marks and the ArabiC numerals 

(0-9) in both feature sets correctly. 

4.6.2 Performance Evaluation 

In order to see the general ization Clip bT f I , a I lIy 0 l1C models for lassifYlO8 new unsC{'n 

pallcrns, test sets that are prepared by taking real life doc (f d I , • 1I1llCntS oun n Anile II ) are 

presented to the system. The combined model ttl this slage 'IS II<NII I If h f .t ',~~ ocass yl e e.lIU1('~1 

as it gave better recognition rate in the previolls experimelll. Table 4-7 shows the resuhs Ih'll 

arc oblili ned using the model in test sets. 

Test Document RtCognilion Rdl f: IIb!!IIIUIiOIl l ' l'ror 

23% 

d 

TOIbie 4-7: Perfomlance of ,he combined mOlll'I with rt"-ptCllO t~ ~ 

From the result it is seen that inaccuracy in Ihe segmentation pha comnbuled 10 lower 

recognition ra te, This is apparenl especially in Holy Bibl , Hker I:.skem kablr and I roeral 

Negarit Gazette test sets, From the observed characler segmemalion errors rnal wcre 

discussed in section 4.3.4, discontinuity in character body produced separate ChtlrJCler images 

which each of them are recognized as individual characters (especially observed in Iioly 

Bible test set), Similarly, over lapping pixel characters, lOuehed ptxels bcl\\een characlers. 

adjacent pixels with neighboring characters (especially observed In Federal legarn Gazelle), 

underli ned words, and inconsistency of spaces between characters (especially observed In 

Fiker Eskemekabir) produced one character representation for separate charaCle~ found in an 

image (see Figure 4.15). 

Also beyond this commonly observed error for misclassification, the model found to confuse 

Structurally similar characters such as ""'~,f-+h."". "1\."« ) "1\." , -h-,f-+-h" "/'1-"« ,"ft" "/.."1 )"L", 

.). ')' v ·,· 1\', ."1\' '~', .'~' .• •• "'-c ., t-+ ""~: n."t4"(l,", .O'"rl·U- ~, .,,'t"rl"",.", "(I"+-t"O",""- .,.. . ' .. ' '1'," 'I , ; , • 
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,. l;/ 1.!i 
(b) (c) (a) 

Figure 4.15: Sample scgmentalion ('rrors that lead 10 mlsclaSSlfiCiitloo ,.) Tht dW~ltr"l/"" it dl\klfd.- thfo 
middle and recognized as .. , to and ",.. (b) Adjacemly plact<! charilm", rt'Cognl/fd ., "/llr" (t) ruuthl'd 
characters recognized as "'ir" 

From the result it can be seen that the lowest recognition rate adllcved for the model i) for 

lIoly Bib le lest set (77%). Beyond [he above Slated common I)roblcms. the majonty or Iht' 

errors for Ibis test set comes from confusing the character ":" wnh "I " or " ... C).ngle 

quotation). The main rationale for th is confusion is the charaCter uPI>cr d I and lower do" ale 

found attached in some of the places which cvcmu<llIy ( I ;U(' similar unag wllh 

exclamation and quotation mark (see Figure 4.16). Also. il ls seen Ihal the ChtllJ(I('r "t" belnK 

confused with variants of " ,/>". These character confusions are also OMcrve<i in 1 1~('r 

Eskemekabir where it uses the punctuat ion marks. 

J I 
(a) (b) 

figure 4. 16: Sample images for character ":~ (8) Recognized as ~I~ (b) Rt'tOlVlil('d is ~.-

Figure 4 .17 shows a sample text ta~en from the first part of Addis Zemen lesl sel ' rolll the 

result it can be observed that the underli ned characlCr in the si.xlh te~t hne waS collsiderNi J~ 

olle character and recognized as "a1:". For COIll)\elc result found uSing the combined model 

scc Annex II : Normal Result. 

Mfl b09: . h.:H'·.ifl.l'>r'lttlW n::!OOti 
m:'l ' \0<"")' f<fll'/''''(.J' Il.£:ill wt.l tIlM" 
\'b'll\"ltr"l' 'U'.)l=f. h flI'l"1'11A\"') oc" nllt 

It'W1tr Ilt. ()( R t .\ 

'ft (<it ,~ \ 

~H'I-t l\f\9-
"\'\+ flAM 

-nc M£ 81\ 

,,7 
Cl1tCI'l'l l\~t '" 

.. 

at . ,.tt.-t ,·~"P I"Il'I 2 00 6 
nit ~cnt rc"'l-a '\t~t cu.t wri8 

r~ · t ..... t~.t .. lYlt /\AM flC n.u. 

• 
(b) "1ft "'I·'rH. ) M;hl)O~:: 

(a) 
• I usms !tK' combulC"d modrl (.I) 0f1pn.1 

f igure 4.17: Results found for Addis Zemen lest S(' 
recognized U'\1 
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4.7 Ceiling Analysis 

Ceil ing analysis is applied to pipeline systems (sequen es of algonlhrM. I lgurt' 3.1) 

which is used 10 evaluate each module in terms of its potcnl1,1 perf 1 h omlclncr n Improving I (' 

entire recognition rate of the system. This analysis, thus, helps us 10 decide which modul IS 

truly worthy to spend a large amount of lime and which module i~ noc wonhy to "prnd III lot 

of ' imc(Ng 20 12). 

The analysis generally works by assuming a parti lI lar module In the pilX'hne produtrd J 

100% accurate result. The 100% accurate resul! can be produ cd manuolly or 

programmatically by human intclVclltion. The accurate daw prOOL! cd Is then fNi to the ne\' 

module in the pipeline to see by how much the overall recognition rJI WJl) Irnpro\'rd 1111" 

gives us information abou t the module; such that , by how II1U h rd te dO(') retognlllon \\0 III 

increase by making that particular module fully accurate. I his a livn I) done itt'rJtl"ely for 

each module in the pipeline to see their corresponding err l) III e!lhall ing Iht' OVNdll 

recognition rate of the system. The module Ihal produced a higher r ognrllon rdlC I~ then 

selected as a module that needs special attention for further enhan ('men!. 

Using this concept, this \'Iork considcrl't..lteXI scgmClllillion along Wllh underline remov.J1 .1) 

we want to measure the noise remova l algorithm and binari/alion dlgomhm .liang wnh Ihe 

representational capability of the feature ext raction algorithm. I hus, the re~drcher I11spetted 

all the test sets and manually corrected all segmentation errors Ihdt arc fou nd on III Imdg~. 

The correcled segmented characters found frolll this activity are then fed to the neM module 

size normalization. After the characters are normali zed to a fixed sile of SOxSO pi'c\S, featun .. 

file is produced. The produced file is then passed 10 tile combined model to ~ ItS 

corresponding result. Table 4-8, shows the results thai are anamed using the model 

NUJllbtr or 
Test Document Cha racttrs 

Holy Bible 2557 

Fiker Eskemekabir 2545 

Addis Zemen Gozene 2494 

Federal Negarir CoZ€ne 2664 

Averal!e (10260) 

RtCOgllilioll Rau' 

82.49"1> 
94.50% 
97. 11% 
97.79"1> 
92.95',4 

Subsl itulioll Lrror 

17.60% 
5.5'" 

. r ~., . cMtmrnliJllOtI modult will <OIPhI", , ..... '" 
Table 4.8: Resu lt of cclli ng analYSIS per orml .... In .... ., 

A 
. k' the chard tN scgmrnlanoo ~dgt fN"Orly 

S II can be seen from Table 4-8, by 11la II\g 

f 1 
III IS increased by d 57% pLI\hmg up 1hto 

accurate, the recogni tion performance 0 11 sysle 
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average recognition rate of the system inlo 92.95%. ror compll'lf resuit obta,nt'd U\lng Ihf 

model see Annex II : Ceiling Result. 

From thi s ceiling analysis test, it is observed th,lIlhe featurc e"traCCion t hmqu ('mplotd 1\ 

successful in find ing discriminating features that most Amharic charaC1('r M V lIo'ft'~('r. II 

is not robust enough to discriminate characters that h..1Ve high IN tural slmilafllY. \u, h d\ 

"'''' +-t''., .~. ~ r't."~~ /\.". ~ (t."~"ft·" , "t'l"+-t~D". "W"+-t"</:", "" "f-)"t'I ", "0 '" ( . "11'", -O-.~ )"1)0", "+,,4 . -·}·", 

' 11." ",,"". " ,," '~"~" , "O"~"O", ~nJ"t-) ""-'i·. " r'l ·~"ft ·, " (}>' ( )"W. "7i."( )"fi: "if"( ~1\". -'lt4 ~ 'Ii' 

··l·"+-t":l:", .. :t:"~" :Ii" etc. and some of the 31d and 5lh order variations of the samc char,l t('r \uch 

as "/\."H"/\,". "/"I."H""'L", "O."H"n:. "II."H"IL". "7i:H"i'l',' ('I e. 

Also, the noise removal and binari zation algorithms applied on the document hn.lgt'S found to 

erode some pixels from characters that eventua lly makes some h.uactcrs 10 lo-.,e C 5<'nllJl 

infonnalion, consequently, recogn ized as wrong characters (see I' igur(' 4 18). I hj~ Nror h~ 

manly observed in Holy Bible tesl set where the chara tel'S arc small in we and not w('11 

imprinted. 

ace. 
II I!I 

(a) 
II 

(c) (b) 

Figure 4. 18: Sample original and eroded characlers (<I) The uprcr bar of ~k~ .... iI~ rrodrd ;lIld tttOg.rUltd . , ... .. 
(b) The middle connecting bar is eroded and recognized as · ~ • (OOtlblc qUOIil IlOO) (e) Tll(' body~., rnxJtod by 11M> 

binariz<llion algorithm and recognized as the number "7" 

The performance of the current system, however, is found 10 outperform the previous ancmpt 

I . . f d e't by "bay (20 10), The .'mg. (one towards recogmzIng the same types 0 ocurn I 

. • nol h the current \\ ork rt'gl<;lell'd an ,l \"erage recogllltlon rale reported by Abay was 11 .4v7U were 

recognit ion rate of 88.38%. The present slUdy reachoo such accuracy ralt'S by InttgriJung 

be . I . h 10llg with fealur(' extraction algonthm 
lIer noise filtering and thresholdmg a gont III a 

. . I . bener than Ot5U .... hlch \1\ as used b Ab.a) 
J>anlcularly, the thresholding algonrhm Sauvo a IS • 

( , ' d b' " g non-un.ronnl) illumulolled Imagt'S. 
20 10), In smoothing OUI some nOIses an tnanzm 

. I tn,1 in this ",or~ provt'd 10 ~'ork \\('11 In 
Also, the feature extraction algonlhm emp 0) t:U 

identifying basic structural similarities that are found in the scripLS. 
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CHAPTER FIVE 

CONCLUSION AND RECOMME DAno 

In this slUdy all attempt was made to recogni/C typica l 'mha I I f . ,~. - n riC r('.l • I (" "" ... uOl('1I1\ \kh 

nc\"sletters and books. For this purpose an ,"pplicalion was dr\ (lIOIX"tt 101M' Ih dlf!t1(Onl 

algorithms tha t OCR systems employ. The Amharic documents In Ihl\ n'ltdrd J'M7' "1X't.1d1 

challenges as they contain di fferent noises and structurally SlInllM thJr.KIl"f ~\ Ihu\, tflf 

correct ly transcribing such documents. various prc·proct'!.'tIIlR .Ilgorllhm\ ~u(h .a 

binariza lioll, noise detection and removal, IIndcrlint' d(llN llon lind rt'rru''''',ll, .md 

norrll<l l izatiOIl techniques are used. Also, 10 tackle the s1I\Icwr,l l .. lmllMIlY of dWr,Kh"" J 

novel zoning feature extraction scheme is adopt cd. 

5.1 Summary and Conclusion 

The main objective of this study is (0 explore the v;uious t hartKttr rt'(ogJllIIOn IN:hnltlut' 

available in the li teralU re, with the ai m of enhancing the pcrfonnJntt of .,\ mh.uic ex It 
system in recognizing rea l-life document images. 

To\\'a rds .:ach ieving this aim, at the set off IWO noise flhenng Jlgoruhl1l\ .lItll1& ""Ilh 1\>t0 

bi narii'.mion algorithms are explored where the algomhm\ arc !c\tt'tlIO \("t' Ihtlr rt~tl\-(, 

perfo rmances. From the candidate noise filtering algorithm \oJi('ll('r hhtnnR .Igonlhm wllh 

window size of 3x3 is found to smooth out noise withoUl crcJlIn8 en()nT1OU~ dl\tortlon on 

thc resul ling images. Si milarly, from the t wO billaril.lIlon algorllhl1l5 thdt .11(' tMlrd Sduvola 

local th resholding algorithm with a window Si1.C of 20, 20 is found to pt'rfonn bt"~ by 

binarizi ng non-un iformly illuminated images. 

Following this, projection profiles are employed (or segmcnllng out 1('\1 1m • "" cmb .nd 

characters. Text lines identified using the modified U~\;I Ime ~cnlduoo ",orkrd bl"lttf 

(98.79%) by removing Oul unexpected foreign Hnes that ar(' caus,ed b)' blob\. Thm. An 

underline deteclion and removal algorithm is employed to rcmo\ C OUI any undn-luX'S ~ lhi- . 

are not pa rt of Ihe writing system. The employed ~hemc found 10 ",ork ""til for It\1 llnt-$ 

that are fu lly underl ined but fai led to removC underllncs that art pans or tt'U hnrs. 

Th h h Id 'aluc Chal I!J o1UIOfl\o)hC~lh c~td b\: 
e word segmentat ion algorithm uses it! res 0 \i 

k
. ··d . hlCh productd iII1 .. ~r '. ~t .. ion 

la tng the height of the image IOta conSI erallon .... 
l.~ of Incon\I~('nn III 'PICina btt"",,", 

accuracy rate of 95.67% in the test sets. BUI , U\.,au.sc 

h cd I mrs 10 s.c'gmrnl thosl' ""onk "" hktI If 
C araclers in some words, errors are observ as I 

If.! 



wrongly segmcllled the characters instead. Similarly a melhod ' d I""" • 15 (,\C 0 , ... "" 10 automaU(JU,-

calculate threshold va lues for segmenting OUI charac((:ors out of .... -ord linages 11lf m('thoc.! 

developed uses the count of white spaces found between charaacrs of a ,," ord to !lm.llr'lh(' 

average spacing between them. The approach found 10 work ",ell in scgmenung mOSt of Iht' 

characters but failed to segment characters that arc discontinUous. overlapped, touched. 

adjacently placed, underlined, and various ly spaced. In the tCSt SCts, the I hnlque wgmcmrd 

95.61% of the characters correct ly. The character images arc then nonnal i7cd 10 ,1 fr-:rd \1/(, 

of SOxSO pixels usi ng bi-cubic interpolation met hod. 

Individual character images that arc found using these Icd1l1i<llICS me Ihlsscd through ((',Hurf 

ext raction module where the feature ext raction algorithm (moclifled lOlling) (omro!, the 

similarity of characters that are found in the sc ript to a great extent. I he I)roducf.'d h~JIUle!l lire 

then tested by a model that is produced from a multi ·c1ass VM using .1 IIneJr kenlei 

function. For t.his purpose, three models arc created where the firsl model is lrdilled wuh 

features that came from NyaJa font, the second model is trained with fe.ltures Ih.1I (dme (rolll 

Visual Geez Unicode font and the third model is trained """ ith Ihe fedtu rC Ihal is found b 

concatenating these two features. 

In order to determine the best performing model, the training feature sets arc prc!.COIoo to the 

three models where an average recogni tion rate of 96.97%,97. 16%, and 96.94% arc achicvcd 

for Nyala, Visual Geez Unicode, and Combined model respectively. At thiS stage, a the 

combined model performed bener than the other models. it is selected to classify the t('5t sel!:!. 

Apply ing this model in test sets gave an average recognition rate of 7-,0.0, 87.58%, 95.75%. 

93. 17% for Holy Bible, Fiker Eskemekabir, Addis Zemen and Icderal Negant JlClte 

respectively. The average recogn ition rate registered for the model on those t~ sets equates 

to 88.38%. 

In this study it is seen that the feature extraction tcchnique employed along with the learnmg 

algorilhm used are good enough to correctly discriminate the basic imilanues lhdl are found 

A .. hO,,",ll by the ceiling In.lIY''IS tl"Sl, O\('r 
among the cha racters of the writ ing system. s II IS S 

one third of the misclass ificalion errors came from the challenges faced 111 segmrntJl10n 
. ... algorithms found to erocie' some pl\cl.s 

errOrs. Also, as the noise fi ltenng and bUlilm.allon 
"b I to the misclassifical10n of slfUClurall) Similar 

from the characters bodies, il contn lItee 

characters. 
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5.2 Recommendation 

The current work tried to enhance the recognition ralC of h \ "- OC I e j muonc R y,u'm b 

adopting different image pre-processing technjqu~ along wuh fealufe eX1faCHon I hnlqut 

Yel, to further improve performance of Amharic OCR s)' tern the foIlO\\ln& 

recommendations are forwarded. 

• 

• 

• 

• 

The feature eXlraction technique employed did nOi recogni/ro highly 51111l1ar 

characters. Thus, other feature extraction techniques mUSI be {'I(plori.'d to Trcognl7e 

those s imilar characters. 

In thi s work it was seen tha t segmentation, espe lally [he hara l eT scgm('I\1.lIlon 

phase, constrained the recognition phase II(!(Jvlly. J hus, an tldv.1I1ced I XI 

segmentat ion algorithms that adapts 10 the charactclisli 5 of Amhadc r('ill ·hf(' 

documen ts need to be explored. 

Since the noise removal and thresholding algorithms adoplcd In thl5 )Iudy crode ~me 

pixels from character images, which evel1lually created gaps in somc chard IN~. the 

segmentation as well as recognition phase was affcclcd. I hus. morphologl .11 dllJI ~is 

techniques have to be explored to reconslructthe missing pl:..els. 

Similarly, as underlines are pints of the writing SYSICIlI. It hlilS found to con5triUn Ihe 

word and character segmentation phase as the current work employed J s.theme Ihilt 

only tries to remove fuHy underlined text lines. Thus, a more ne~l bl(' underline 

detection and removal algori thms are needed to be explored. 

• In this study care was taken while scann ing documentS to avoid any skewllt'5s in the 

resulting images. However, skewness in documents occurs in nomlal scenarios. 1 hu , 

future works should investigate skew detection and correction algonthms. 

• The different types of noises that appear and Illateriali/e during scanning process of 

rea l-life documents should be explored in fUlUre works along \\llh their remol,"al 

• 

algorithms. 

S
. con,a,'n ,'mages, ,ables, bulletlng, elc .. automatic pagr 
!nee real-life documents 

segmenta tion algorithms are needed to be explored. 
. (I now there is no benchOlclrk 1~ ~ (or 

For training as well as testing purpose, un I , 

I Thus, a be"ch
mark lest set for Amh.1rlC documenlln\ag net<b 10 

t le writing system. 

• 

be constructed. 

... ...... 

86 



REFERENCES 
Abay Teshager. Amh~ric Cha:acrcr Recognition System (or Primed Real-life DorumtnLS. 

(Masters TheSIS), Addis Ababa, Ethiopia: Department of Infoml.1l ion ienct Add s 
Ababa University, 2010. . I 

Abby Developers. Oprimallmage Reso/Ufiotl. 2013. hlq):/I\o.'Ww.abbyy. 

developers,eu/en:tech:insideocr:imagcs_fcsoIUl ion_si /C (accessed J1lnUJry 1. 20 14), 

Bai, Zhcn-Long, and Qiang HUD. "Underline Detection and Hcmoval in J Document InMge 
Using Mul ti ple Strategies." Proceedings of the 17lfl lmertul//onol .OIl(CftmCe on 
Pattern i?ecognition, 2004: 578 - 58 1. 

Baye Yi mam. (Ethiopian) Writing System. March 1992. 
hup:/Iwww.ethiopians.com/bayeyima.hllll i (accessed December 20. 201 3), 

Bender, M.L. , J.D. Bowen, RL. Cooper, and Ferguson .A. I ongtwgc 1rI ' (Iflopia. I.ondon 
Oxford University Press, 1976. 

Bcrhanu Aderaw. Amharic Characfer Recognition usillg Anificlal Neural c(work. (~ I "sle~ 

Thesis), Addis Ababa, Ethiopia: Deparunent of Elcclfical l nglll nng. AddiS AbJbJ 

University, 1999. 

130swell , Dustin . ImroduClion to Support Vector MoclJincs. available ..11 

hup:llwww.work.caltech.edu/-bosweIVlntroToSVM.pdf. Augusl 6, 2002. 

Casey, Richard G., and Eric Lecolinet. "A SUivey of Methods and tr;uegles in harJt ter 
Segmenlation." IEEE Transactiolls 011 Pallem Allalysis (Illd Machine intelligence 

Vol. 18, no. 7 (l996): 690·706. 

Chang, Chih-Chung, and Chih-Jen Un. A I..ibrary for Support Veclor Machines. (Manual). 

Taipei, Taiwan: National Taiwan University, 2013. 

Charles, Pranob K, V.Harish, M.Swalhi. and CII . Dcepthi. "A Hevic"'" on the arious 
Techniques used for Optical Character Recognition." Infcrnalional Journal of 

Engineering Research and Appliea/ions (IJERA) Vol. 2. no. 1(201 2): 659-662. 

Dereje Teferi. Optical Character Recognition o{Typewrillen Amhari~ Te\l. (\1aSlers Tll~i.s) , 
Addis Ababa, Ethiopia: School of Information IUdies for Mnca. AddiS I\ baba 

UniverSity, 1999. 

Eikvil , Li ne. OCR-Optical Character Reeogflilion. Oslo: Document Image I\ nal . 15 

Publications, 1993. 

Ennias Abebe. Recognifion of Formolfed Amharic Tex! Using Op!~cal 
(OCR) Techniques. (Masters Thesis), Addis Ababa, I lhiopla: 

Studies for Africa, Addis Ababa Universi ty. 1998. 

87 

harocler Rccognlfloo 
hool of Information 



Farahmand, Aten~ , Abdolhossein Sarraf1.adch, and Jamshld ShdnbehJ.Mith llocum"" 
Image NOises and Hemoval Methods" Proce'" ng 0( h I . \.'(11 SIr nll'rnQuoncJl 

MulfiCon(erence of Engineers arid CompUler Scirnti51s(IMI .C'». lion "':00 
Ncwswood Limited, 20 13. 436.440. R g 

George, Anna Geomi , and A. Kethsy Praihwalhy "A u"ey on 0 II \ •.. . .• . . .. I ('r('lll I pprUokIJ\'1 U'\nJ In 

Image Quality Assessment." fnrcrnOfional Journal of ' merging fNhnology and 
J\dYClIlced Engineering Vol. 3, no. 2 (20 13): 197·203. 

Ghad iyaram, Anuradha. An Investigation imo Telllgll FO/lf onel CharaCter Rrt'ognu/on 

(Masters Thesis), Hyderabad, India: Universi ty of lIydcr.lb.ld, 2009. 

Grccnsted, Andrew. OlSU Thresholding. June 17. 20 10. 
http ://www . labbookpages.co.lIkJsoftwa rc/img Proc/Olstlllll('~hold . hlml (,)lCo t"\W'd 

Febn,.,), 15, 2014). 

lIa, T. M ., and H. Bunke. "Image Processing Methods for Ooculll{,IlIIIllJgr AniJl)'\I\" In 
Handbook of Character Recognition ami Document Image Allal .,1\, 1 11 (,W 

Jersey: World Scienti fic, 1997. 

lIarrington, Peter. Machine Learning in Action. New York: ManllIng Pubh(JII(Jfl't, 20 1:1 

lie, hun Lei, Ping Zhang, Jiallxiong Dong, Ch ing Y. uen. and 11('11 D. HUI " In(' Itol(' 01 
Size Normalizmion on the Hecognilion Hate of lIalldwnllt'II " Ille hI IAPR r :J 

NNLPAII Workshop, 2005: (;",12. 

Kieri, Andreas. Context Dependelll rllreslJolding lmd Hiler Scleellon {or OptICal ChoraclC'r 
I?ecognition. (Masters Thesis), Uppsa lll, Sweden: Uppsdla Uni\iN~i I Y. 20 12, 

Kumar, Sati sh. An illl roduclioll fO Image Compressioll . October 22. 200 1 
htt p://www.dcbugmode.comJimagccmp/ (accessed April II . 20 1<1). 

MathWorks. MATLAB Image Processing r oo/box User Guide. Natick. I he \I,uhWOIkl. Inc . 

2013. 

McHugh, Sean. DigilO/lmage Illlerpolation. 20 13. 
http://w .. o{w.cambridgeincolour.com/Hliorialslimage~tntcrpol.ltIOn ,him (lCcn)("(l 

February 18, 20 14). 

Mcssay I-Iailemariam. Hand-Wrillen AmhariC Character Recognition: The COS(' 0( Pcnlal 
Address Recognition. (Masters Thesis), f\ ddi f\ baba. I thu",la:. hanl of Infomwlloo 

Studies for Africa, Addis Ababa Universuy, 2003. 

Million Meshesha. A Gelleralized Approach fO Optical Charact"r Rtrogmllon 0( ·""horK" 
Texfs. (Masters Thesis), Addis Ababa, Elhiopia; 0001 of Inf~llon ludl" for 

Africa, Addis Ababa University, 2000. 

88 



I 

~ 

Million Meshesha. Recognilion and Uetrieval (rom Docu..... I Coil 
. ' . I' ,,, .. "' magt tt l,ott" (PhI) 

ThesIs), India: IntemauonallnslilulC of Information rechnolog)'.200ft. 

Million Meshes~a, and C: V. lawahar. "necognilion of I>nmoo Amhanc Oocumtnl .. 
Proceedings of Elghfh InfernO/ional Conreren e on Document Afkl i 1\ ond 
Recognition (lCDAR) Vol. 2 1, no. 6· 10 (2005): 784.766. 

Mori , Shlll1j i. Ching Y. Suen, and Kazuhiko YamamOto. "II ISlonedl Revu~w of (X It 
nesearch and DevelopmellL" Proceediflgs Of 'I lIe IFf E Vol. 80, no . 7 (I c),)l) : 1019 
J056. 

MOil, Jan. Souvola Local Image ThresiJo/ding. May 8, 2013. 
hI I P :lIwww.mathworks.com/matlabeen[ raUnleexch<lnge/402f~·~lu vola l oc.l! · IIll.1Rl. 

thresholding/contenllsauvola/sauvola.rn (accessed H:'bru,lIY 15.2014) 

MOlwani , Mukesh C, Mukesh C. GadiY,l, Rakhi . MOlwani, and I redellc: k 11M'" 

"Survey of Image Denoising Techniques." Proceediflg., ofG \ P..; \ JIlI.l (IJfJ 

Convelllion Center, Santa lara, CA, 200-1. 

Murthy, O. V. Ramana, and M. Hanmand lu. "Zoning based Drvdn.lgJrl ( h.lr.l('H'r 

Ilecogn ition." International Journal of Com pliler Apl,'icaflom( IJ . ) Vol 27, no. d 

(20 11 ): 2 1· 25. 

g, Andrew. Machine Learning. (LeclUre \ides), Stanford: StJnford 0I\'(,(,)lly.2012. 

Ni gussie Taddesse. Handwriftell Amharic reXf I?ecogfliliofl Applied fa the Proce mg of 

Bank ClJecks. (Masters Thesis), Add is Abab..l, 1~ lhl opla : hool of InfomMtlO1l 

Studies for Africa, Addis Ababa University. 2000. 

Nikolaoll, Nikos, Michael Makridis, Basilis Galos, Nikolaos Sldlllalopoulos, .md 'Ik~ 
Papamarkos. "Segmentation of Historical Machine- Printed OotUIll I1 t~ u.,mg 
Adaptive Run Length Smoothing and keieton eglllentJtion Palh.,." Imog~ ond 

Vision Computing Vol. 28, no. 24 (20 10): 590-6Q.l. 

Niles, Robert . Standard Deviafion. August 1.2012. 
hltp:/Iwww.robermiles.com/statslstdev.shtml (accessed April d, 201

d
). 

Pal, U., and B. B. Chaudhuri. "Computer Recognition of Printed Bangia Senpt . POf(tm 

Recognit ion Vol. 31, no. 5 (1995): 531-549. 

Patel, Umal. "An Introduction to the Process of Optical hdriKler Recogmllon - InternatIonal 

Journal o( Science ond Research (/JSR) Vol. 2, no. 5 (20 13): 1 ~5- I ;a 

Patil , Jalin M, and Ashok P. Mane. "Multi Font and Size Optical Ch.lracttr Rt'CogJ1ll1on ~ 
. I (rmerglng TC'ChnoiO!l)' ond .. IJ\,Ort<N 

Template Matching." InlefflatlOllai Jouma 0 

£ngineerin9(IJ£TAE) Vol. 3, no. 1 (20 13): 5().1·506. 

89 



Ralston, and al. et. "Optical Character Recognition " I £ I .""" ( . n ~ncyc 0,,,, .. 10 0 Computtr Irnu, 
4th ed. Nature Publishing Group, USA, 2000. 

Rangon i, Yves, ,Faisa l Shafai l, and Thomas M. Brcuc!. " R Based Thresholding " 
Proceedings IAPR Conference on Machine Vision Applications. Yokohanu.Jap.ln, 
2009.3-18. 

RusS, John C. The Image Processing Handbook. 61h edition. I lorida: 'n Pr ~. 20 11 

Saha, Saladal, Subhadip Basu, Mi la Nasipuri, and Dil)ak Kr. Ilasu. "/\ lIough I ransfonu 
based Technique for Text Segmentation." JOllrrw/ of ampUf/flY Vol . 2, no. 2 (2010): 
134- l41. 

Sense Abebe. Bilingual Script fdenti{icalio/J (or Optical Iwroner Rc ogllition of Amh'Ir' 
and English Printed Document. (Masters Thesis). Addis Ababa: Addis At>< lJ.1 

University, 2011. 

Sharma, Nidhi , and Mohit Khandelwa l. "Detection of 1J0id Italic and Underline I Olll) for 
Hindi OCR." International Journal of CompUler Trends and I ecll/lology (I) rJ) Vol 

4, 110. 8 (2013): 2425-2428. 

Sharma, Om Prakash, M. K. Ghose, Krishna lJikram hah, and Benoy Kumar Ilwkur 
"Recent Trends and Tools for Feature Extraction in OCR Tedmology." Inlcrnarional 

Journa l or 50(1 CompUling and Engineering (US Ii) Vol. 2, 110. 6 (2013): 220-223. 

Shridhar, M., and A. Badreldin. "A Tree Classification Algorithm for Iland·Wnttcn 
Character Recognition." Itlfemalionai Conference Otl Pallern RecogfllflOlJ, 1984: 615· 

618. 

Singh,S., and A. Amin. "Neural Network Recogni tion and Ana lysis of Iland·Pnnted 
Characters." Itlfernational Joint Conferetlce Otl Neural Neth'Orks IJ N '98. 
Anchorage, Alaska: IEEE World Congress 011 Computational lntelhgence, 1998. 

1743-1747. 

Singh, T.Romen, Sudipla Roy, O.lmocha Singh, Tej lllani Sinam, and Kh.Manglem ingh."A 
New Local Adaptive Thresholding Technique in lJinari7.auon." I) I International 

Journal of Compucer Science Issues, 20 11 : 271·277. 

Soujanya, Pulagam, Vijaya Kumar, Kishore Gaddalll, and P. ruthi "Co~parallvt tudyof 
Text Line Segmentation Algorithms on Low Quain Documents. SptCloll55U(> of 
/mernarional Journal of Compuler Science & ItlformotlCS (I) I) Vol 2. no. 1,2 

(20 l2) : 110-J l 6. 

Tawd" G Y d J h M Kundargi "An Overvic'-" of 1 calurt LXlraClIon "'. aurav ., an ayas ree· . . ... 
Techniques in OC R for Indian Scripts Focused on orn1l1c lIandwnung. 

. . R e rch and AppilCOlions (IJERA) Vol 3, no. 
Inlernalionai Journal of Engllleerlllg es 0 

1 (20 13): 9l9-926. 

90 



Thung, Kim-Han, and Paramesran Raveendran "A urv r 1 . . ey 0 mage Qudht) " ", II ,-

InternatIOnal Conference (or Technica l PoslgraduCJlts(7TCIIPO ) 

M 1 
. 2009 1-4 . K .. I.l.umpul, 

a aysla, . . 

Trier, Oivind 0 .... Anll K. Ja in, and Torrinn TaxI. "Feature bua lion le.hcxJ\ forCtul.klM 
Recogllltlon - A Survey." Pal/ern Recognifion Vol . 18, no. 7(1996): bJJ.(,G2. 

Tsai , Darcy. Introduction of\veiner Filler. Taipei: Nation I ai .... an UOI\I('I"\IIY. 201). 

Veldhui zen, Todt!. M~asures of Image Qualify. JanuillY 16. 1998. 
hup:llhomcpages.inLed,ac.uklrbflC Von lincfL AL. PII .5NI I I) IIUIII nod t 

8.h11111 (accessed April 11 ,20 14). 

Verma, Rohi t, and Jahid Ali. "A Survey of Femme EXlr.lCl ion and la~sJnc.lIJon I NhlUqut\ 

in OCR Systems." Internatiollal )0111'110/ or Computer API)/1 aI/om & InformOl/on 

Technology (IJCAJ7) Vol. I, no. 3 (20 12): 1-3. 

Wondwosscn Mulugeta. OCR {or Special Type of I lorulwrillf'1I Am/writ 1('\/ " }"rkum 1\1( ', " 

Neural Network Approach. (Masters 'nlcsis). Addis Abtl!>.l. I ,hiOplJ 1)f'p.'lIHlll'1U of 

Information Science, Addis Ababa University. 2()().1. 

Worku Alemu. Application of OCR Techniques (0 the Am/lOrie rl,,,. (~ I J.!II(,~ I h I'!I). 

Addis Ababa, Elhiopia: School of Information IUdu$ for Afn d, Addl~ Abdbd 

University, 1997. 

Worku Alemu, and Siegfried Fuchs. "Handwritten Al1Ihari llank Chrtk necogfUI10n U\Jn8 

'-liddenMarkov Random Field." l)ocumefJ( Image A/wlys; and RcrriC"o'o/ h orluhop, 

2003: 20. 

Yaregal Assabie. Developmelll of Versatile Clwrocler Uecognllio/l SyMem (or Amharic ' f'\'. 

(Masters Thesis), Addis Ababa, Ethiopia: School of InfomlJlion SlUdl for }\ fricol, 

Addis Ababa University, 2002. 

Yaregal Assabie, and Josef Bigun. "Mult ifont Sizc-Hesil!elll Recognil1on tem (or Lmloplc 
Scrip!." Inrernotional Journal of /JOCumetlf AnalysiS Recognition(IJDAR). 2007: 8S-

100. 

Yaregal Assabie, and Josef Bigun. "omine Iland\mncn Amh.lnc 'Y'ord Recognition ­
POllem Recognition I.efrers-Elsevier. 20 11 : 1089- 1099. 

Yeasmin, Farjana, Shiam Shabbir, and Abu ascr."1\ COmplete \,'orkn (or ()e\. lopmt.'lll 
of Bangia OCR." International Journal of Computcr Appllcotlon (1)(".'\) Vol 21. no. 

9 (20 11): 1-6. 

Zhang, T. Y. , and C. Y. Suen. "A Fast p.uailcl AlgonLhm for l1unmng DIgItAl PoIlttfm • 

Communication ACM, 1984: 236-239. 

91 



APPENDICES 

Annex I - T he Amharic Writing System (LUI) 

Basic 
I ablJliled 

U U· V. Y ~ U If 

~ ~. A. ~ A. A "" ~. 

,h d, (h. , I. ". ,J. ," 
(/II 011· "1 "1 1'1, 9' ,- ",. 
"' 

,po "'. ., '" I" Y' 

I. ". t <l- t. C C '" ~ A· A. ~ A. n ~ !l. 
~ ~. i'L O· ~. ~ "(i It 
.~ 'I: 'r. :J' ~ ~ ., .~ ." ~ i" 

n n· n. ~ n. { I I' !I. 
.,. ." .,; ;). ., .). ·r· ;I; 

", 'Ii ", .. ~. '. :1' .y. !C 
'j 'j. ·t ~ .~ ~ .~ .)- '1- :\ 

j j. t C, t 'J ';' ~ 

1" ")". 'f >;' 1: '\ ,. , ~ 

h ),. h. " )" h " h h· 11. " h. h l' I. ,,, " I~ tr 

1; 'Ii- ·h. "Ii 1. 1; T' 
aJ m. 'e 'I' '" 

lJ). ~ 

0 o· q. q '\ 0 ? 

" II' II. 
" " 11 

" 
!l 

1r 1F 1r. 'r " tr l' ~( 

r I'· J!, .r r· )'. r· 
Y- .p,. P,. ." .'- .fI; p . ~. 

f: 'P,', 1:: 'P,' ;>.: ~, ,: 
., ,. 1. ~ 

, '" ; •• .,. , 
rn m· flJ n. l' to 'Il nc 

"" '" m "1 "''' 
<!iLl> I.'" "'" 

* *' *-. * I- ?; ~ 

• .. ... • ~ .. • !\. 

0 o· ~ j \ 0 
, 

,. ,. ,. '- ~ G: * t. 
T 'F T ;r .,. T ;r 

il ii· ii lj ii. {i ;; 

Punccual10n lar 
Numerals 

70 ~ • 
I t! 6 :.; 20 S 

80 T I 
2 "' 7 1, 30 0 0 h 

~ 90 l 
3 i~ 8 ~ 40 •• 

4 P. V. 50 ~ 100 f 
9 1000 ft 

5 i: 10 T. 60 ~ ., 
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Annex II - TeSI Sels and OUIPUIS 

r~Sf Sell: Holy Bible 

• Tex t from Holy Bible first page 

,. , 

'. I 

" 

14' 

\f"tI/. . ~: , " " 
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fll'"'III I.. /II · 'U.l. I\ "I II'· ·)1" ' I\.1\ .). },/I'" , 
"'I :"1" , ,,", 'I''f't ., .• ,,,', },) V· , .,. ) 

',"/II), n.h.':'" filii ' ,; t ' ,,.,),IrA ' 
/11,(,1: : " ,,,,'J lid" ' •• ; 1 11", '; \ unhllA "" 
1' . )) ,1.A ),/1 " ,,"/11),1I.',.I:\f" ' "'~ r:) 
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d', ;1'1)" l Wi I ' f"" "'1" I II'; , .. " , ',; I -f") :: 

>, "JII)").,,.,:"'" 1r~ "'I'" fI :'· ·j., ."/110" 
1I 1-; I, I 111, ') .', 1 fl ,,:/.l',,' til' 11 \' tl,) ·~·t 
!·.·/(\ ' r , 1,11 , >'1';"''''' In )'·111. >' 0.h 
,:r I r.nl)') I ~"I"': I ,0"'" 1I1/~ ill' I \' IIt·· " I 

III' 11 a'}' ": ;11 ' ' ) 1" I 1).1, C I "" ",. I >- "If! . ,. i I • h. 

,:'!'. I ." ,fIlAh'!"' ",-,r. 'I' ; ",., - )\ '1Il. 
1.11 ./ .. 1:1" .,.'1' ,. ' IIC) 1""1." "" "'f: 
'1';' n· .4·.V 1'"?"V'l:\/" , III'.' )'1r. "',." 
II~. I .V /lIII' } ' ~:(_I ' I""I .. 'A./. "'~'·I "f1 
.l'A ' '\11 ' )") ~ ". ~- "I') '. l' 1"C1' ' IIC1 
{"'7.ll1' , .·,e}'; , II'''' ,n ' ), LV. ' '''''', , , 
1I~ .'r ' .Vllfl ·l") , ',:':') ' Y"'I.!'t./.· , II":) ' 

), 0) ,v, ' rn1, ' '>-11.,.1\ ': • ), "/II.},lI.1.I :'" 
,. , ""All"" , h'))'. ' WI , ),I' .. "/'/'\f'" 

;n ' 'r'I' ) . .,.. , In . 'I'n"'; . ""1 
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• Ilesult of Holy Bible fi rsl page 

Normal Result 

r'M!\tt:lo :: 

~ 1 '1 (1I>'f.("'6f : h"lIl.hfl,h.c 1 1'1 "1f-'K' 

~' 'Pf!:'2 '}: ~, III t.: : "" 1: C '1" : /1 p.:)/1 /. "t. ,I; 

11 ')p, :): 'I" 1 "'(.\ ) /1 t. 111'1· '1" : 6.n1. ft " 'I 'I" ' n l ' 

CI ", . <\ J.'J 1 ) 11 t. i \' h",lh.f.l:t:',It.,e'l°' (/0 'M, t'I : 

~ ! 11 U), :"-~J, : " f- : 1'1 if: b. ' ) 11 C : : ""I IUd'lth, 

C)"l : . ,/1 C 'f) : f-v" ) : '" ft 1 fI C ,/ ') 'I" 1 'i~) : : 

i! ' "'''/11· ''' ,11,11,('''' : ·n C '/ .,. : (II> (.\ tt '/11 ! h ') .r. : 
'f ) : " r I '"',,/ 'r " ·11 'h, C 'I" : 'n r. '/ .) '}f,' : 6'.J,.h. t'I 

II ! "'I '} : ft \' : : ",'l!chfl,h,C'I'" ,/1 C '/ .,..)' .,. .) : 

f1 t\": ill t· m' f (,I,'l. fI "'1 m") "n: fllI -t'J - : M tII~: : 

""~_ 'I"! ' P ): 'I''f''l ' "n: 'f.: ) ·.,.h ') ,r;! '~'}: : 

1 ! h"II/,hfl,I..l:'1" : - n ar·(j':): : u" h 1! (.\ , 
n! 6. (: ~ '1\') "' 11 U).;) (i: /l (D.: ): (JD !' 11 tI."' : 

~ ! .ell 6'.1:\ : '" fI : : h"1 !f"fI,h,c'l'" m 6. r. ') : 
11 f./. '/ '.,. hm6. C: '! j- ~:.;' h m.te : n" f.: 
f f\o t'J - ') 'I": (I) .. ... :):: ft \,:}, ') P.. v· '1" ".) :: 

1 : ",61!I:Mlrh,( : m tC. C 1 : " "'I f- : fl tr : n! t- a}- : : 

"':J' 'I" : V! ) : 1'0/ 11-'1": ' iJ '}o> IH\'/'<;'! 'ar '} :: 

II : h6} mon ,h'('1" ' l! h t'I "'Ie: /1 :J--l : r t'l(J)o : 

Ill_ : •• 1. : 1l}"),C: : fI '''1.: t- : el'lfl rHl ..,. I'fllt.,.. : 

(! f..1fI i\': M : h ') -'i. '1"- '1": 'r): : h"}! eall','", 

C'ln. I"n(n: '/v ,I!"2 ! fl f'r" fl! t· OJ-: 1'01': ) : 

(IOil"'I :l: av) 'I" : 11 ,1, C ' M (J)o , ,,""IIlJ,.-flrh. 

X~ ! C 'In! j' : (10 (.\ h 'In ' h '),~ : 'j'):" 1':: '" '" 'f: 
1111'II.cl" : • 9" ,~"2 ! !! C ') : f "~. fI '1' • "I C 

' ) fi' Il - ,:J' r', ! /l ,}n,r; C 'IV: " e! ""),!!: (/J1"" 

" ". ' j'l'I fl ·l ·') : '''I.: t . . , ' \''''1.Yi.t- ! 'lit: ') : I· ,'fl 

',,! 'h:\ ! M! h')P .. !,,'I" ' tJ'):: '1°f!:C 'IV! 'l e I : 
l'<"lt'l1' ' "I C') ci : /l. :J>f ') , h ') .e. : an)· ' 

~ 0;. 'I" ! rfl /l ,l"} ! ti=&. ')! r"U6k' 11 It: ') 1 

h 1 f. ' /111)1 : h I1 'Mf:: h"1 'r"-n.h.C'I": 

1[ . f- or>t\ h 'I'" h 'I.e. " [ ): h f: : "7:1:"" 1 

D ' 1''f''l'9'' ! ' (~ .,. )"1'1'11;;: : ."., :: 

elling Result 

rMfi: 16 :: 

Ii: (Io''''!rI.l''U : h"JtL\'fl.h.C : I'I"''''K ' 
1' Y" .l!'C1 : Lm/.: : rt:c "' , ll" l '01. 

h ',.II :f,..! M)O l O')'- I tU/I"'''' ' 0.,. 
tI. ,~ • " f.. ! , 0 I. I f 1I11U11th.C"" "")1. n 
c! Om-;): " f..: 1'I~I.: · Hr.I ' h11L\-fl.h. 

C Y" : . flC 'f) : I,l/'" I ht'l l ilc .,,"' , tn II 

P. ' 1I~/O"'1lt',.l:\I'" : (t C 'f ). : "" tI. t) ,. I " , .r. I 

lI"I : h\' I ,",~I 0""0 II ... t: r' • ·0 C ., ., ")(j • I.W'\ 

li ! ", ., : t'I \' : : ""1f\JI-o.t...r.r" 0 en ·, ' .,. , I 
,1 rr : mt- 0)0 Ig,i, "" a)o',,. . M :ll M /J}-I 

"' :J"J" !tf ) :'I''f' '}' ''' : tf)1-h '.1:"'" ' II 

i ! 1I ~IIIM~h.c1" : ,,. /1 m-"~ I "" II h A ' 
m"" C : f. U· .,.,. 0 IJ)o ;H' : nor): ""' h hA ,. 

!: f..h ",J:r.: ",, :: ""'/1).-fl..I~ · mLC ' ) I 

h 1.1.1 '). II m"" C : ft:I'o1~ ' II tfI L r. In",. 
f t'I.',.,. : II ... ,,-:f : t'I f I " 'l-\ l/',. ' tf I II 

, 

I : ""1f1.h-n.I-..l: : mL C ') : 1'1 ., f. I -n ftt' m~ fD' I I 

"' :J"" : lI"I :'1""lr:If)'hM~!"') I 

U : h~1 /lJI-n ,h,(Y" ' h h n "",. : n ,1'-1 : 1t'lrD-1 

/II';) : /1h">.~ : t'I ,,:t-: M{t n{t 1- f-fl t'I ,. I 

( ! J'J'/t'l1' : M : h 1 .Il. II' ,.. : tn I : h"1R).-o.h. 

l: Y" • "'M .') : ,..f; C: (t tr ' m (,.IJ)- 1 ,m-,: 
'fI'fl''l f(D'" ,.. : 0 .-h C ' WI fl)-' h1""'-(l,.h. 

I~! O" ! f: fItIt\ h,.. · h'l. : tn : '" II h1n. 

,>,-nlh,C'I": - 'I" I.'C I If(. 1 : f.", t'l1' • '" C 

') '," 11',"".r ') ! n.,. f!: C : " f. ! '" I. : m 1).' 

/I ", ' It'I nt '): ~ , ' M,jU.' II"; 1 :;M1 

I " : M ! M ! h1-\1J''' ' tn : I,. 1: C ,. I nC1 : 

M.fl1""IC'~ : 0- • .,.'1 '" 11.: /D'J').' 

,K-'" 1 f" Ot1 ' 'i-i.1' M1Lt- ' If~'l I 
" 11. ' rD 1'). : " (}oMf :: "11L\-n.~ 
IC. f - I/fItl.h,. ' ''11 If) ' ''' .,;t" ! 
1n '~ ! ln1-"~ : "" :: 



• Text from Holy Bible middle page 

?,,~{..~: ~(;, 

b' hlk~ ' h 'H'h p: .. , '" 9"~ll. , ~u 11: 1+1 1 ) ',.: I 
f: ':" I ~)It. ! : II :"""'" ),1" , ' II "'nt-H' I 1\ r: 
f.'1'1A. I h't.lh,,:' 1\'1'-1'1'& ~: " ?"" A " u'" I Ilru 

I nup,,"J','W' II h'I'" ,r.1n I r Y'1 'J,' I 

h,~ .. t: : f ·,'m'i'I' '1:rnt- ') I h"' '''' I ,;..,;: " .; I 

''.If:·)·II:·1 : n'r1,nr, hll{.:h ' II" '''' , 
"1 ... ·)·11·1 ' hll.·C ',VA , M· , ")' ''' '. ~' " 

el h.~I,I..1J 1 :"y".,. I ul'I'i"f I .t'h-fl~'1A 7;w 
o I 1I;::l- I h,'h111l1 h1'''~'' 1 'l· ~,/'·'I,"f II fW. 

II" ·h" , q"'~ , M)·1i·h ' +"'0 ' 1. 11. 
"'1JIP ;J' I 11(1)' " .. ~ ,H,Il I llI1'~ I ·'.U, : II Y: 
11m·' ""tn".! -;. II 'l-"I. ;~·"'" W'1"',,,,, s'I,lL I 

);., 110(1)'1.1 ';' htD.·(j·)ft:c: I "'(.(" " ., , h'-'+ 
~ · ... 9 .. I 1'1\ IU'WA u ~ " '.1'''''+,1' I n1.1." I 

hfi:t, I f'~1'''''l' ,,,,,'1Ft· I '11'1'" :",..1111" I 

OO-+'l'?U I O,Kuo', 1 ... " I ""PUII:r.: I 1\1 
~, r,., fw.hf'f· 11"~ I Y·'PI.-"A .. 

l ' f,.vt-CC·l· , 'L:" , >'"'HI.ltll,"":V- 1 II /klHl ' 
".It- I UII.IJ ' ·t-t,t. I "y. I :",,0)0 • rtHl ' 
"11pr+1I.:t:' fID)'.1'''':P.': +1'11'\'" ' f'l" 
110'1'",. , fhl~ , 11(.'l + f'l'~·~· , ,a: ' 

1: 1 fUJ,f:"tnf.'"'Hl"ll" ".,::JA .. fHl,IJ~' 
.,. t .t. I ".e. III UJl':''f •• """ 1 "y., 'i'n}II .. l ' 
oo:Jl'Ji. + O~,,'htfl1~ I I,.k I ",. I ' ·h'I. :1 

tl Q)o')IOD7jL~llm4·A II ifO;'J-'} I """"~' 
)',"""11'1 + .,;1' , 1I"",.hl1".,C:V" ' hL') ' , 

0-1\- ' '''/In ' 'il~A • f,)'1l1~19" ' ht"'II ' 
h9"t"I: ' 0-1\- ' ~)'., ,hlll"'''A ' 1."111.1111 
,h.i: ' ·~~·"1(.'hA~· • 

ii' 1I11J'V" ' "'1'- MIl' : h?"~II 'f 'l ' y.U' 
)",., '~M.' ht"I:,/\OPA : 't"n.,A , II"' 
lI.hl1".,l: ' ),.11' 1m- ' /Oil"'I'I'A ' 0.,11 ~ , 
f.h I ~,"C,'A I ... ",,:t·r I ~, .. , .(:,'JII,,} I y,o 

:r:' 111'1 ,,' r"·,,,.hl1.h.C'" II:P." IIII.U' ·~t· l- ' 
~)'. , :J-I:~/I 'f + 'f.> t"" , 0"1· .... , ... h'l' ' 
~ '))'"''.1.''''' I ~ ''',1'' I .,.,,-n I CII· ... :,e· ..,. I 

n, )'.1.'/"11'1 . '1"""''''''' h.op,! , 1."~1 ' II" · 
"'1.111.:' ~ "VI.'I- ' 0 .. 11111\- ' ""~' , .1'.111. 
.'lA I )1': 1"'11 I ~·III. h1)'h.C ' :t·.,n.1:,,} I 

It' II": .... ' ·~1lfoo~ , :'1: " opl:IIA • f ·~ ... 1i1 
",.'19" ' II~: , M: , Ift",.1f" ' +1'1:111 ' 
11+ ' .f.I'.1:1'1'A ; ''I'I:f.",..,A t lOr. , .. t. 
:t9" , Mil ' h~.(: ' t"1.~ , ),.'l'/lopA • 
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• Hesull of Iioly Ilible middlt p,lgt 

Normal Result 
,."' !~ S~ " 
5 t " '). 'fl l ,., ')'- t " 1"l\h, ' ~ u ! t-l<lo1 "he' 
r~ - C' : 1"h C ') : (l :J....,~ ')-l'('" Mm-H" J\t: 

0'11:1 r,'! 11ft:' 11/1:' " i. C.., ,(flo·' n '1l1U 

, I ') 'I" : ,.,UI'/'l "I (,'flO' :: h,t"" f, 'II1 / 1' J!"'),7 f. I 

II ,,, C • .,. ,',-fIl'1\"I:I:(I)o' ) ! 11"''''' ' m- J!""f ' 

,.,').e--hn .,' f'~'I'''' T) ''' ' M 6· 11 : h',,,, ' 
,.,').IItHn ' ,.,J!:':'l'/f.I. j{ II ,,. , ,.,,}oeJ'6· 'I" n 

e I M !LO I ;.> j'l\} , IlI'l:'7': : j'II{ I'.,'1l\ ,,. 'toliL 

1 1 1111'-):' Nlt!" (l ' h!l·I"1 'In! 'l'u~ '111"1::: Val. 

!lIN:,n ' 4",nj ! M'l"H,'" . ,l",' C'I ' h 1J! 

.""nj l : II 0). fr> : H, n ' n 1f'I ' 'UL I I'll: 

l,HI)o l lJOlm'IJ' 'I: l'I:r'''II.~m' I n ·L·" 'It : 'Uk ' 

""f111.! 1 1I00'1\')(,:r.' 4"'1\"6'1.1 · 11 4,... + 
i ! ')''1U I 'fit • '!! )'/l\ :i " 'H~ ! ,,... .,...,. , 01.l+ ' 

,..~. ' M1'''''''' ' 'Ili'" ,)" " 'Ill : ;.Ml;"flU ' 

~,...,.V" : n y"''-i' '1'1\ : ""'.1\. (l C 1: ' I, ' 

4.0" fm-IIlt'I: ' '/I "'It. ' J~'f't.~ 1:1: : 

I ! Vu'&-'l"'" I '/,lJ'>!' ", .. ,'J;.,MW..c'1'" 1'vl!1ln ' 
II· ft , n!W! 'M· /.!! I\J'~: ,1!I\')o ' M 0 ' 
.,(t'r'l; ft.'! ! fllJf:) , 1Il~ ,,. 'M,'I"/lI ' N­

"n,fro- ' 1'1'1 n' . )'It:":': 'I: , 'I'~' r, , ft.'f.. ! 
1 • fW~') t mj!- : ",'(1"I! ' j'Y.C:K\ :: (I (llW'" 

.,.!..&- ' I\Y, ! (I m'II::,: ! " II>' /'I' • f. ' I' """'1'Im-1 · 
I,1fI;JI.'f, 'f: (lNM1'lI'n ' O' fI" I\~~ ! "'NI /. ;J 

g I 0,.,) • 'IIIr.''(.r.: ' j'm4.t\ :: " .. ,.,. " ! 1111 "fI ,.. ' 

f.ID'''IA '1; ·l.on! • "'''''t)'I'Od..cV'' ' I1A,"" . 

'" /'I" "")0') ' f"'I.! "f.I. ~ I',},,! WIY" ! n J!'1l ' 
h,. t:C ! If- fl· ' "J'~ , fflOJ'/t 1:1 : ,.,..,!1Jt11 
,h,C [ <K"'1r:",o,l,' ;: 

If ! O!lh'" ,,, ', '. MtJ" M""",:':l ! ~U ' 

)a). I i'fli- ' "-'!'C,)1'o, 'I; ,ff'l't"11:1 ! ,.,-, 

1lJ.1'1th.C • J'..lI' )m- I "'11"')1'" ! n ..,~ ). ' 
t. tI • Mt;A ! "",,/11,. ' MY.C ;J(t1 ! J'..ll 
I ' 'I" :; f,.,.,!f}.1'lth.C1'" : 1Jf • (l!lll • i't·"­

~ t. ! .N:<f.tIf·t -'" J!:1" . 11"''':1' ' ID'n-r ' 
>''It-u:'M' ' "').Ilo< ' 'J""H1 ! n fr't.t. /It" 
1A I U1"'o,:: <f"i~"! I\.<n : J\X,'l ' "''l,f 

""'v I ~l.1l."" flIJOIIlhtt- · U,1: t.n I. 
'" I nc ·..,-) ' "''''!f.}t1'llhL ! I) . .. ft!Y) , 

f t hJ\~ , +1h""" ' ;J C : .M'C~ " ;1 ~1 
.,..". : h~ , I!~ , fflQ)o')f'" M'Clf) ; 

It+ : tt£11>o, I ncl.tD-"'1A ,,. mI.' IfI'", 

t,-, Mh:~, C! I: t. n : fA'ft'l'fo, :: 

( tll'"9 Rt'wl, 
,...,. I 
}IMJI)''H'''~h, ,,, I ,t'''tt1 'hC 

,4.(.' 1 "'1 , 'I n • .." ~ U-
1:1 Y ~ \' ftf'\: II ~ )..t t"'l Y M- II f"\I 

.',,. ~"\M-.h.",,"' l 't)" 
II ,. r.: t t14IfI ",., hi'" .. ~.., 

")1'+V'1 1 f1't" ",. M,." I M"'1' 
"loIIl,,., .ur.TtA I II t ....... 111,. 
r I M!lu I 'roll- ...rf , n,fK.VA f ,~ 

,. I h~l ~M(1 h,..,,.! tu vAl r-u 
h'1-t-r' ~" I Mt t4" ..,.,) ,.,,( 
." .. , '~ I 14" n.n tA ' flr; 

I,IeD' 1 "",,,1.1 t. "".."rlD" n .. ',. tA 

'-'''1.1' t ... ",..., --tDr1.l II - • 
It! W T" VW~ .... )11- +-+ nut 
n .. "" M rH' &U;..,. l .,.. -At"" 1 
-+H- In/~ 'N I A,o\nc:.t ... , 
",0 r,.u.h l • ..,~ fY/-' A 

X ! ""'~'tl 11..1 " .... .\f\.#\,(". M_f1 
lM nllU! tu,t,\r . t". Hln 

"tit" t 11.1. I"'n I1\l f iM,.,.. ". 
ItOf. MI1' 'nC' t' ~ , r,f. I 

n n,,,.. 
.,u.'",. I 0"":* It~ ", ,..-,,..., • 

.. "" t AA.h~ ". It ", "'" t. ." 
,'t I "'1 .. .-Itt ~ !tII of.4 • .,... 1 /!If 11,/1. ". 

1 .... 'tA t. 1.,;1 ,.,.".M\f\£1" h.W 
"',.. . ... 'Kl1 ' IrnA I ,~"".". ... M 
hf" I:C I v- ft O\r trtrt -. A , ... ,....t1 
,hi: , ofo\ "tC .\Ali. 

if I 0..,.,. +1 . AkTIAf"'I\ "" 
.,.. I -tM- ktt,...,.,."", t InY!A A1 

ItA fl..hl • , u .,... I II'!f)f1f' In" ,. 
I. n' III';"'! H"ltf" (' , t III 

I I o\A II f'~~No..I:"" '" ,." 'fU 
",, I ,",oMf t' l' t~ •• .",. 

,,')t:"'\l1'f AlU r ' 1'1 
~ I' .",f'ff" I '" Ul AU 

~-' .... loU-
I l1(' ." ~.",. MI. .. t , 

.M'(. f' ~, A _ """,,1 

.. W- ~ bit I ~~ .. tan .+., .~ ._1. I" 

tf"" Mb }J. C t t t ... Ttlt'6 



• Text r rom Holy Bible lasll)age 

'}"" /.,Ij: , '1,' ¢ :: 

rOh,..,IIII','PI/" , UOllhA 'hh-/II,tllI.h, tI, 
C, ' 110 '1' , ".",') , 1'''1.111''10''') , h 'U', ' 
,nCIb' 1""I,.I'lKOc"'m,'), 1',1..1'.01')'1'""'\ ' 
UJ')'U 'h"I':~ :: "III'W' \I'" '""'.Y'i' 01",.'1/' ~, 
"I'(//~,' h.l't,/., I hr/., I ,"''1=\. ",:/.. 'IJI~I 
{)'r I I' ,l,.('.(II=\' , 'I'i: I HIt. : l"14,'}" , 'l-,,; 
flo ',r, I 11"'1111 I ,mt,OI1i I ~f1~. :: hh 1"1"'. I' , 
II?" , 111", .. 1' tlPC/I/D I h·1'- ' tI,.""',},, II \'" 

"IJI,h·n.h.C'i ' 1'11'/'\1" ' "'''·1 I IIhl:fl'I' , 
(11,111' I "."· ... A : 11/..1'''''1-'1/'' '.I"IPA h';'" A . 
t.'I:'B'" '.I'.I'II- ~ fl'nt',)" I f1D/?"'U~ :'::':m" ~, 
"'IJ"i A :: hh l..,,,, .. /lI" I 01"'.1" /\.1\, ,), , tI y, (; , 
II''}?'' ';' 'L;J- I hll""))\I" I f1MI;().' 11'.1 .I'll/.. 
"'("P A ',' I I' UOll/.,')' I 1I1:'Il'i ' I'll." J'. '111: 
,/1' h.l'lIt,A:)":IIJ.?" I II,,"II,},,\I" I hllh ' 

""II?" I "'~"/"III- :: 
>'C().\I" 1- MII,U I :#'1I"'':j, , r ;,"""'1-'i' ~ I 

>'IIJ.H,r,$1"f ' 'i:':OI' : r~" . .1'-1'?'· , ""'ir,: 
11-)' , 1.:J- I h\l"")) , /1'1'-11"' I II.I/") I 1''''1:111 
IIJ.') , ~1C ' l1li/..1'$1"'; I h 1","\''''· I ""Atl 
ll'") I (),...,... :: MlI'lI" : /I.fo/l-' h"""1I1,,. :: '/, 1 
I'llU') I oPR'.hlj: I '1")/1.=\' , :I'A ' r"'l.m 
11.» I 110'" ' ~IIJ. 'hili :: 

'.U'}?" I .1'1' ,,.')".' , I' {)"'I"'=\' I h~ ,\".h 1 flo '[" 
~,~ :: O{)"'1'''=\''i ' Of,,.=\,lI" I 'I.IL ' ,.1/1 ' 
II"I':~ I /lUOAtlll' ' ,,"U: I .c.=!" ' h""/Y: ' 
,n"'I',''''''''''':: >'C().\I" I h1'l ;,"Y,1:1I1J.' II' 
"'Ill')"'.» : htl')'''' :)1: I h0l1"''I'''fllll'' ' 
h~O • .I")' , :-'1: ' I'II.1nll" I ''''R',h~: ' ,4'/11 ' 
11"'I.1ll111l ' ,?C ' hofl/.. I II/'.I' ,~"i ' IIh -/ 

ll,hl1,h.C I II1Y: I hili :: 
1I>'~9" ,- 11""'1- I 4'J:llh/ll'i I I'll, In , ,(' 
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• Ilesull or Holy Bible las. page 

Normal Resuif 

r'(JIr(j: - tl'i :: 
n1J! n(]f.'f'?" ] ,/UhhA ] hh", IUdln. {J ' 

c:r; ] h n 1-' 11''1: ' ] f"'1,ronjav , ] h"y' ] 

{ten. ] f" '1.]")l. n C'N"'" ] f ,h£,O)'}-'" ro';}' 

//J ' ) 'I ] ] Mr:~ :: (lm'}]t" .. "" . OJ )jJ'f,' ] OJ.I\.v ] ! ! 
OfO)~, ' h fib ' hl"1r ' U'/\')- - tt:t. ! 1""1. 

Il ',' . f(lIJ~ .. (IJ,)-· '11j: - ~(lt. h'l" \" IH" ! 'hn 

n-=r' ! !'I ,MI'n : (I",(/IJ('j. ~n 1" :: hh')"Vt [ f 

v "" ' lIJ )tv • m'C'/"" • h·Y. • h£,rr)'!" :: \'h 

~IItMI/",C'i - \' f1H'" '(lJ'1:, ! n1.Cfl'f' · 

m'{l1' ! fAf' iA 'I; fl t.l'jt>:Ii"'" .I'("'At"~A aL" 

I:I:'),!" ! .1'.1' /\- 'I; {lmo',," : O"'Y"nC;t~rm' . ~ ! 

f.,tfliA : hh""'-':,11 "'" OJ-':,v ' t\lt:l, : hJ>.l; I 
(f') Y" ,,; '/..r ! h 9"1\ 1'11" : (lh )C/\' ' I\f, ! .I' nt­

I\HWi' : f(IP.nlr·'" ! -flC'fK - fOth£, ! i'lC 
'f) ! MflJ-A;J:':o}-y" ! /\/lI\M"'I" ' h nh ' 

/lI\M" ! £,.,.',"' /\, :: 

hCM " .• h )!I.U • j'~': - f;J"-"''1-t;' ! i I 

hlU,'r' ... .:sP:,: ' t;:f w, .,' t"l'n"N'Y" ! t,.,r,'tf. 

n-l' ' 1.;). ] """I\h ! n·I'>fr> ' /\1,..' . 1""1.'10 
(IV, ' )'/C ! M t.l'Y':I: ! h"-':J'I\£, , o"M 

tr') ! {J,rJ! :: Mu'"'' : n,Mo' htJU{'}/\(}- : " ! 

I' !l tJ" ! (J"~rlllj: • 'l" ' (l'''' : ".'" • \"'Vn 
11,)0 ! -flo-o ! ~(ll' ' M:~ : 

f,v',,,'" .I>t'o"l-r," l'n"'IO")o' M, • \",Il')n ! ~J 

n : on"'W"}(i ! '11'o"l''1'' . tIL! ,ell') ! 

n"\'~ ! Otm",M .. ' h~IC ! .I.'''' ! M"'.r.- ' 
w),!!" "'.I'.,\.{}-:: h((,:'1"! Q,'t )..Vl ;J-f.C'lOr ! U J 

"'(ll'H ... l , ' I1h', ",' :x. ! hw',f."FhJ9" ! 
h)(l.N' ! :x. - r!lI),)'!'" , ("'~rh tf. ' fA· 

h"'LITl-fl'Il ! :x. ! h-nt, ! OM - )~ ! f1h'" 

!th-o"..c ' trI.r.- ' M~ :: 
f\M.S'" -- 1/("''1- ! 1>Cnhar; ! V!llf}· 1. ! 

tllmg Rrsull 

"'11~ . 81 JI 

AAt. (ltlf."" I "."ht\ t t~., H .. Ai"h." 
cc,' I II n 1- ' 1t--4--, I M,.ID<'I)W) t 1\ U~ t 

11(:1\ I f' .. tn~ nC<f'CD-" ! rihl'-+l ' CD? 
ttl '} 'ltl M~ l1 Oanlf"f" m <\1\' , • JI." ! , ! 
(lfn)t,. ' Altk ' tv"t-' 11'1'\,1 ~ I ,." 

{J l ' • MII,m·l·" ~ W. °1· fltf,,. , +to 
"",:r: ! fIt'h'JI n : /,.t.l,,/1 HI ~ t I I~ ..-t..\ r I 
V Vft 

' m .II.v 11fI{;'W'" h.f I\I.ITW'* " ,1\ 

~lIth11rl..r.f: • f OH'· ' ""',, ' ! MrIW' 
(1)'11,- ! ~'.jffic. ,t rv.".',,. ""C.tl-:M ·l· 
t:"'''''' I If It .". fIt,....,- I tnr'f'ICJ ) 0)0 ,! 
r .. IJ'1:c. : 1\A'...,Jl.V'" /U.1.,, ' Ml l "'" ~ I 
(f') I'" 'I: '1..:1' til,.." II,. , AA)(;A' ' 'II .. ! I ne. 
"H'M' : rOOOo(V,,'" l 11rne;' ro.lIf, ! 11( 

'f) ! ASflJJ:\.'J-'I:"""" ! 1\11""'''''' II nil 
111\1\,. ' f.,'r'r't It II 
hf.fI·" ', M!l.U· .'M'"I • r.:J"l1"'K' , ); I 

)..(l}-~jJlf ' -tl'ar·,. noJff- ! ~-\o 

/l-l' ' 1.;1- 1M""'" O-M- ' .un M'rO 

.WI ' 'rIC ! !'IM":ri ! 1\"0\1<\1 .. • ~ 
It') t Ilf.1.. II 1I)1f'7" I Il-M-- 1\1I'I""l(IlI" t I 

I' !l Ifl ! 11ft?;,,,';;' • -l-')1. ol> : -,c. r-lJTl 

11·)0 ! 1111-11 ! '1m,' WI i : 
£,tJ}r" ffo--K ' \'r't",a-+ ' M. - f"1'h')(l1 $1 

)1') : nn"1o.."K' I '"'o..}"" 1JL ! I ,V") I 

O"~ ! il""AM .. ' 1I"tC , L+ ! M1t: 

Iru::' ' + J! ; ,{}- :: ~ , fJ.): "'}.II j-.l.C'JQ)- I ii' 
,,...,,rt-+ ' IIh1. ' X! hcD1~ ! 

hm1+ ! x . f!ltJ)f'" ~rh It- 'A -
1I"!miWt ! :x:. ! MUo ! rvJ · )'1 ! M1 

~-o.h.C 1l1t" WI'1 " 
f1h).f" _ ~ ! +eMAt; I flun . 'j ! 



Test Set 2: Piker Eskemekab;r 

• Tex t from Fiker Eskemekabir first ()age 

9"M.~ I 6 I 

11;.1/\ ' 01'11":'-11;' I 1D-~~1i Ion' ..... ' 
1l!'9" ' 11.,.+ • 1. .... 6-/f ..... /1" • .,.,Ir/l • n,.+IIA ' 

1.1C ' (1;M ' ""-116-10 ' f"tll/\- • -lilt' H-" , 011'1'>;' 
\-1. , Y"'I."~ , "0>- , ~n~ " (1;>11 • -11{,'~ , h,.-" ' tI.-t ' 

1111 ' f-tlDlIJI. • nlll .... 9" • "'> . t:II"f ' 11/111.1'1' .... , 
1<; , ntJ~.,~;!-"' ..... "'-to>-II"'o>- • t:1I~+ ' /If."I1;!­
'fo>-•• Yf..,. • ~O~ • +.,11 • h~ • >..,II/\- • "",..,.(., • '" 
f-A~' , f'l'l!' • M"'~+ • >. .. -t+m~ • 0"."",. , >'J("'''' • 
"C~ , lloo~O'l' •. fllA • -nc;!-·)> , II.1."C ' .,111:0; , 
M".~"'m~ • ,>,,~ . ~OC • OlttJ • ".k ..... >'IrA ' "t:-V 
'fO>-'1 ' 1j/l1l4-'; • ,,.11+ • .,.,11+ • ':111;1-"'''' ' "f-t 
.,.~" ' h'tf. • 0"."" I- 0"'1'1.,,'1);1-"'''' • ""10;1"1" • II/~ 
yo>- , tn. .. ., • 0,,""""'0>- • loll '}> • /I,.LA.,. • 6-/1"' ... ., • 
1.f:'~O>- • lloo<;,C • /l"fll-,. • ,.11+ • Ijll,o- ' >.t:"'y"' .... , 
H'I~ .• 1.~""'O>- • M·~.,.~" . II.'tJl. ' 1..1\ .). , Y".Ym ' 
""If~·,.o>-·I • II/II}£1"'o>- • l.'I'il+ .... 1 l'III_h~.,'f ... ' 
lillY"'" , h"'II,'I ' o>-J:-~7\ • n"l- , ,., .. I/\- ·}>·' ' ,\ .l- • 

M(~ " 
lDY.lle: • o>-J:-~'n • ,,/I'}> • "II-l • n-tt· • ".,il-to>- ' 

"n .~9" ' /111.,.·,,11"0>- ' flA ' LC"''''''''' • """,,...,. , 
>.J:-II"'o>-" • LC-t ..... 111'1 • ~.,II'."""'""' .... , -tM- , 
~Cm"" • /l"""''' • >..,4/10- • II/II~"" 1 ",,,,"mo>- ' 
HIC • n"..,/I ' ('.?II • ""116-10 ' 'II/,.Hr. ' .... J:-)7\., , 
flilU ' /,1)"" ":11' ;I'9"~'" I • .,,,»:' , AI" ... n1111- f."F-

'1'0; .). , ",0-.,"'0>- , 
., ".;... : ",.,.+ I • .I!")lI I " "h- I -en I ;,.,.<-- I 

" ., J:- , .,.., ~ " M t. • n.l. + ' II II-l,," , /If' 0- ' "1IFf 

(1)-9" ' ".,11»:' , Ifi ' >,'14A"""I'J- ' "II" , , .... +1\- • 
I.".., , .,., , O.,J:- • ,,,,-,liLA" , I'III"'M~ , ) .... . "., 
/1)(' , Ifi • fO'''''''' • 0l1l-"I' ' ,.,.,;,t-.... ., , 'CII" , ,.r. ' 
1.y."., .... ,. • 1\+ • 111"" , h-t+,,"ml ' +r-Lt-ill 1 



J 

• Resuh or Fiker Eskernekabir (irsl page 

Norma/I?esu/t 

,..>.t-ft: : l! : 
'1,:11\ : u"'O&" "Q:t\> : tJ)·f.'~· 1f : W'I(I'" : 
1~'1" : p''1''') : ).m-tS:" ' m'll1' : ',.,.H .. " : 09"'l.fIA . 
1I1C : (l,:M : un-n&.'1l : r"'l/If\' • 11 '" : /lU"-, : 01'FJ:",,'" 
it> : I"'".t;.,. : I'Im' : ~ n-;· :: (l;.ft ~. (11"'0 60' /1 : IIf."V : n .. t 

(l{l : f ·f·(IJI\Jt· r 011,.1'(1)'9" : I\J'. : l' ll ): : mf\;(H:m· ! 
'(; : nv:ot:.FI:(j)· : 'In, /-m-fl'-':a>- : J:·uH· ' JP',t\:1' 
·N)· : J'j~'I' ' ~ nt;· 'I ·} 'ni : h'''' , ,,' ).111\' : m''f:II''t.f I f'i: 
f.A'LlP : I''I'~' : },Ln'l' . M' ... " 'h n<;· t n U''1',,?'' : h'P;:/:jJ)· ' 
heli: ' (w"al,n',' ! .rill'. : (IfJ (1C:)+ ' r't1.'9"C: : '''I.flC:(i ' 

hI' .. H'rn.,· : f,'tl,· : ~ (Ie ': OIl.U : 0' )';)' : "'to" : ~1'Ij' 
faY ) : 111\/\4'(,1;)1' : \'9"'II'} : """,'l''}- : 't= .... ':N:U)· I hf·,. 
+)!'t : h't.': . n v·'1'" : • n't-t\"'11\),:.Ffm· ' 1.c.1l,:11'- I Ill-'\. 
fr»' : II\S'" : n(l"lI'C;:fm· : t.oP,} : 'IUA'''' : tJ\.fav) • 

(J';-I'U)' • /\onti'C : 0,:1:" '9" : Y"""} : ... " ,/ n· : hf:"'IJ'.y.(I). ' 
h1"l1· r h'}"'H ;m, ; M" / ~/' ) I'l ; (I, 'J,P" ; t.P, 'l' ; M.f(lr : 
IIIIU-<,:/:av) : mJI;e>:;p/:m, : " ' I'{I'II{l)' : 01\111111, ,1":':0/' • 

huj'(I)' : h"n h"l : (I)'J:·ni : f1 nw", : \"'Vl(1~l'" : fl. ,), : 

h1 (1, :: 

mJ'.,lIC~ : w·,e·ni : (lI'I'} : lltr~: : n·,·t. : " d/,Ma .. r 

NI "''1n : M'I"'/: "",:01' : ll" ; t.l:-r·'f·,'f(l)· : M ''fa .. Y'' : 
1&"~:m'· • . "-C·rm· r ll" : h')P'J'fi"""IIH:1D' : ·rM· : 
·F>CflllD' I O,(I""'I'In : h')J~p' (1, ; ron ) ID' : ""'''1''111°)0 : 

) nc:: n u·q'" : n;M : (11"'(1 t.", : flllJ'.,Ur.' : 1D'~)i1') : 

\") n U : " 11 .} : 'I~ 1'1 : ,:1'9,,":,', : "".,,,1£- : "h 11>- : (1 illl' 
' 1.1': 
¥,.} : "" n·'1':,:m· :: 
, , ('1111" : hun.) : a)·,e·)·u : ! ! hfl' : <I:(l : ,..1''1'':. : 

h ')~ : .,..) :: ' , h" ~, : nt,,), : Ilfl..:r,jP') : cU'"/ n- : n.ll ''f 

ID-'I" : "'''I''1£- : U"); : h')"l ,,(11)('10' : M.,, : yO".oJoft :: 
htr1 : "1'> : n"'/J!' ' f'''I,YlllA''1 r M(JD(j(l1 : ) ID' : h'" 

"f : tr); : f(1WI1 o· :: n m .... "" : \""I.1Ilt-ID") : fC:ll9' : .,:C 

100 

eJ/[ng R(,5ulr 

,-1\t.1j; : It : 
t1.?rt'I : ~ ' ''.t''n1 ""~ I 
":(r : JlN : h""a' ct1I1' .,.,tM I ~ 
h1C : fl.1W'I : ~. I M.1\rc i1 H I ,..,.., I MI 

.,..}O : M('-(· : 1'\(1)0 : ) fK. .. fl,)l\ ~.-.(I Vt! I ht'U I n,., I 

1'111 : No(J)fI-4, ! n,t,ftO-f" ",. t:t1'f """.¥ ( .. 
'fl'; : nU"1l;t-=, IJ)o , .,...NrMf"" I t"'" f\J't1'l.'" 

fro, : J'J'.?o ' l~. 't ,1 ,n I 11+ ' 1\., )11'1 "'-':"'''' I " 

f~aw: ,.,.:( : M~ M "H'm(· I n v"",. I\K t Q)' 

hc .. : ' ,,'Jlto:u.n'l' r Fh" ,'''I1C,:H Uf""( .-,,1lrt; ' 
M'4'·/'/I\(. : , ,1,-' .. : l/l(; ' , nn,u &).,:1 hh-A hJ:"'1J 

faY) ; 11<\1'1+-" :'- : 1'r'1,·1 I ..,.,..H 'tJ\t:H'" t 1\"" 
,,.)(! : hUo • nit"" : n'N\",,,,,:rr,,. l-al\:'''''' I Glo\ 
fm-: m.M : I1I1"trt.rm· I t.Jl l , ",4.1.\1' ,"""m- , 
lJ. ... ,,(J).' "lfIII'-t: : (\, ~~,. , ,...nl- I IlI\1 n, ht:"'tI ' (J)o ' 

1.1'1'1. ! h;~"'n:n .. I hr,,,,,, l 1'1 I 1\.", I l)l 'l M.lm· 

ffJIlJ"',':':aV, : lIJJ\;1.!1 ' 0)0 ' " 'r-(Woc»' I MoPtli,·") II)- • 

lIu.fI.D': 11"'11 tt-ll : m·.t:-rn I 0 1111"" M~+) oJ 
h'/ n- :: 
flJJ'.,lfr. : tD-J:-fn I ,. I'll- , M4 nt&- 1I"Hl"'" I 

"n "". : M""" (n fD' : f1 " I U;f-'f'r.". ~ I 
h.i:'''ffD'1 ' LC-tiD' ! "" I ,,~, ...... ~,. -1 M 

.I'(mo" I (\,#W'<IW" : IIV.', n- I ... l . 1'+1"mCO< 
l nc:: nil'"'' : (i;afl : ~ I '«J,.ttC. trt'fln 
r'r'l1I : ll fl+ : "" 1 ~1 1 11""~ ' Ah lO' OilH' 

f.'f: 
'!.c;"l- : M n1~'fm- : I 
, • 1'101>" : M!"'l- : fD'ttH : I ' M : -til ' ~ I 
",',.e- : .,.1 ::'· htU. : iUJ'l- : ~"'" fl11 n- <\~¥ 
m-r' : "..,,,;f : tfl : "lJI A-')O- • M ~ I ' • . +It II 

I\u-1 : "T1 ; (t"'I..t" M.11\Ul'7 I ~ 1 1 , .. I "., 
"'f: : lfl : fIlW1),. :: n 10-1.. : M,",e..-') I fCM" Ill: I 

""'.,.,.,. " /\.t . ~ ~ ttu.il'f I 



• Texi from Fiker Eskemekabir middle page 

t;:~r: I >'lIh I ... "fie • 

O/l.",,:y. I 1.'" I tI'ir: I ",'.;FJ'5,: I n I M,. I n I,. ,L I r:~1 
1:1: :. I1~f.T I 1'Il":f'.'r:: ~CD-~" '1."( ' M~1r: ' . .,e, 11".1 ' 
A .. ··/" .. : 1'").). , 11/'\4 •• ). I 1'19':1'· I h1·'I'Y.~":' :'t: I lIW-

00" ! ~(J)o " "I)' ~1I)o, hft'I"'(J)o, h'll{ I 1111/1. I 'nll I (I~ 

1r. I .'C : 1""'''1:'; I Y:tI : hY.I::'II/1· I 111111>- I 1.'.' .11,. I • • 
;I'V " f~'I: hM',ff')" f"".mY.+'1 'fll,. , h'll{ I ''''1, 

mY,"':'; : 1I.';'t: : r,.t.eY.""'1 I ',:r:.r.' ' lI'I1/. :·I'·/I·? ,,.;. 

C~1J)o , t;:Cr: ' >. VW ' ~Oe ,. L;"'.,.t-t' ""illl ' 1.0\ 
~, 11,1 : 1If11'111)o : 1.'''.'1'" : "'/IIAY,III- , ',111- ' h 'll( , Y:~ , 

1:1: : I1t-T 1m"" ,11,.11-1' I "".,. I 11",,'1 ' "". '), , It'l" 
M· , Itf. : 1'19".)'-: .f')~, ooU.1I I ~"fll)o " M." ' 1t4· , 

~1:1. : 00").<.11 : 1Ie'1,tD- : 1)',/11;1''1'11)0 , OM·')- , hI- ' II/.· , 
fDr. , 1/1~" : '1.'.11)0 : :»"1:1''1'11)0'1 ' 1I .... .,.lIl1 ' .c,-, :,. , h,. 

~mlJ)o: h")Y.1~·: 1111.11' II:' 'CD-II1' I -I'iflh"" , ""1'".1»" 
• 

Ah: Oll .. f : IIC"",,,, I 1l'./11;)·'f/ll': fll""}\.·) ··" hyy.I.,· I 

IIH.,f') : ·'.IL ' r.I'I~··)· : r~III."'··' : h~· : 1\/.. , 1/·11· I ~'I.y . 

~)',"'r: I hf.M.: hllh I ',I.. I 1:1.1'1 : 1'1""" ' 1'1.1'1"''' ' '~~. " 
n'''lIt : 1I~1r:") : h,,·I1· , f01l1l1 I 1'1.1'1+" " ~~." MII.II ' 
nil-I\- : fOIlIl1: "1":' fl'l<- ' 1I11~1r: , ~" ' MIf~ ' mY.II. 
,a;. : 'l.Y.1I)o ,! '''14:' fl'l<-O')- , 1I~1r:' '.111.'(1 ' 1'I. ', r.. ~ 
fa;., J'.;) ·f.,;;'tI ! , • ., , ~/II" n' t;:C1: . " I'I.lI , h\!o/l"" 

M.,I· : \1"'1'1111'111':" : ,,·,.-."1.1: : ,,~. : ...... ··r·" :':/II· , 1,": 
t~ .. ~v , 6.1:-/'/D" h1f'f,"'." """,:"" : ~" , h!Y.I.·" , I\..y. 
Ii-' 1-.;/·f ' ~IIC" I\./I"'f: ' '''~ I •• ft , f"tIlLAL"" ', ' ') " 1' 

It , H6. ,'lt.II)o"): :r··U:' lI!ftll'f/ll' ,!IIla. I !/IIt:}\. , 

MInt. : I. 'i Jt!/D''/" ' /,tll'I"....,·'/" • " .• 1-/11'1.." ' .,.". , t." ' 
O-K'1t.(J)o , lIoPft'r' 1. "'f/D''' , r !"'..,.., , """,.;1'1:""., 
I.J' ' h~' , "A~ ,mtt ,-I'41"t"'" ,..,,. , ", .... , <- ' 

t ll\1-IJ)o I m/.tI t;:l'f'f"" I 't~ • , 
• 

101 



• Result of Fiker Eskernekabi r middle pagt 

Normol l?esulr 

fi:<k: : Mil ' tltl:J~(lr. ;: Mf!! 
M,tTr : 1.1~ : " /iC : J\.e ·'rt:~9n ! Y)' : M!I" : f). : "Ui ' I.':~: 
tt: : IlI\4··'" : Mq: : ':)C : )UF,' : '/."1. : h 'lInc : ;>C: fI", : 
c.-'I r,' : 1")1! : o"'!M·t'I- : flsP:r : 11"1''1''£<;''·1; : :x: : t\a.\ 
IfI'(. ! ) 01' ' : f,u : ) 11). : J\ It 11-'/:m· : J\ '):{ : hillL : 11 U : 

1)\ 

1C : X : "''f~ 'H; : J~'" : J\J'.tI:r./'I o· : .(1 1'111)' : "'J!S.ft'f" I 
m.J : I'),', : J\M',N'1! : I''''/.m.e''':~ : f~9" ; h'}~~ : V'''/. 
m/.'I'l'ij : nll;'C : f9"&.C.P.tlV} : ft :c.r.· : 1.\·)'1t-:':0· ! f1",(. 
e1./II· : Ij:Cf,' : h'}-'l.u : ) OC : - &,.;)oo>.t-/, : ""1f"" : h.ll. 
~ : 1'1,') : 1'1·01'1(1)' : J\ 'H': I{; : " - OJ",r.m· : ) (I)' : h ')~~ : J~'C : 
tr. : 1,l'r'l ' : (1)£,.90 : "wnM! : tIP". : ': tJlf ) : n'(,1 : It'l" 
it}- : 114, : Mq: : j")p" : tlP'}6.f1 : c,:/;a1' : : M.v : h." : 
.II~t : tl""6.f1 : 11 C·.."lI)· : V£,.OJ,:1~l:a1' ; n M·'}- : h4. : fit- : 

IIll. : '1 U ) .," : ·/''p'm· : ·} ..... 'j,1>!r(W} : 0 un<I> OA : ".1:1 : ,,. 
MIa>' : J\').P.'t'; : 11.11.f1 : f1,') : OJ'f11' : "'i'l~I1-,a1' : tft>1"'·U1' : 

"'1 : O!U : 'le1.O>· : U£,tD,'J"l:m-- : IL(1P.II.1-·) : MIL" I 

'r' : '/,',., : £.f'II;.1- : h 0 /. P, ; h~- : 1'1 6- : U 1'1- : "")f.' : 

'It+( : hMo;· : M h : '!G ; f.'.:/.I'I : nm--') : I\.Mf· : c,-o;. ': 
n"M: 'l"1C') : hWfI' : f(ln(ll : fl.(I'M'·: 'i~· :: M ILU : 
hM : 1'0 1'1 fIl : "I'i: : fM· : (I I1ft1C : "£' . I'I/'IIf) : OJ!!.\!.. 
II}- : 'I.'p'0)' : f : "/'1: : fM·(I ·l· : rt ,,'IC : .r.{U.!'fl : 1\.'11.':" 
fIp- : .e,'Ji'~;;:l\ ! J'~U : ) 0). : f). : Hf.' :: !! I\. t\ : 11M''': 
Mr : 'Il; n i'l'. ; 1I·)P'· )?·~ : It ;,. ! ""11 m· ; h '} P, 
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• Text from Addis Zemen Ga7.tllt middle ankle 
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• I"~es li lls of Addis Zemen Ga1.el1e middle arlide 
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• Text from Addis Zenten Gaulle last article 
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• ilesulf of Addis Zemt"n Gal.t l1t lasl arl iclt 
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Tes' Se' 4: Federal Negarit Gaulle 

• Tex t frolll Federal Negarit Gazelle [irsl page 
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Annex III - MATLAB® Functions 

I "EOIAN NOISE FILTERING AlGORIT~ 
I File: .edianFilter.m 
I Author : Michael A.(abebaw,michael@8.ail,co.) 
I Created: 3/4/2914 
function [HlteredlrDagej • medianFilter(illage,row,coluM) 

I.age • rgb2gray(image ); 
ftlte redl mage • medfilt2(image, [row columnJ); 

eo' 
:IX 

I WIENER NOIS E FILTERING ALGORITHM 
I File: wienerFllte r.m 
I Author : Michael A.(abebaw. mlchael~mail.cO!l\) 
I Created: 3/4/2014 
function [filtered Image] • wlenerFilter(image,row,colu.n) 

Image . rgb2gray(image); 
filteredImage • wiener2(image, [row co lumn); 

eo' 
:IX 

I IMAGE QUALITY MEASURMENT(IQM) ALGORIT~ 
I fil e: iqm.m 
I Author: Michael A.(abebaw.michael@gmal1.co.) 
I Created : 4/ 12/2014 
function [psnr,msej • iqm(originallmage, co-pressed I.age) 

(psnr ,msej • measerr(origi nalIllIage, ((HlpressedI_age); 

eo' 
:IX 

X OTSU BINARIZATION ALGORITHM 
X Fil e: otsusThreshold.m 
X Author: Michael A.(abebaw.michael~mail.ca-) 
X Created: 1/23/2014 
function (outputImagej .. otsusThreshold(inputImage) 

level .. graythresh(inputlmage); 

eo' 
:IX 

output l mage .. im2bw( inputlmage, level); 

X SAUVOLA BINARIZATION ALGORITHM 
X File: sauvola.m 
X Author: Jan MotI (jan@motl.us) 
X Created: 2013/0 ] /09 
function output - sauvola( img, varargin) 

X change image to gray level 
image .. rgb2gray(img); 
, Initialization 
nUlllva rargs .. length(varargin); 
if nUlllvarargs ) ] 

error('lIIyfuns:somefun 2Alt:TooManylnput s' ) 
'Possi ble parameters are: (illage, (. n]. thres~ld, ~ddinl)' • eo, 

optargs .. {[] 3] 0.34 'replicate'}; X set defaults 
• ",. me.arable v~ri~bl e n~.rS optargs( l:numvarargs) .. varargin; ..... 

[Window, k, padding] _ optargs{:}; 
i f ndims(image) __ 2 ) 

, t ''''_dimensional arr~y. ' ; error('The input image must be ~v eo, 
X Convert to double 
image .. double(image); 
X Mean value 
mean .. averagefilter (image, window, padding); 
X Standard deviation 
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,od 

'" 

.eanSquare • averagefilter(i ... age .... 2, window, padclins); 
deviation · (meanSquare • mean .... 2) .... e.S; 
I Sauvola 
R . max(deviation(:»; 
threshold . mean. '(1 + k • (deviation I R-I»; 
output . (image) threshold); 

I RE~E ISOLATED PIXELS 
I Fil e : removeFewer Pixels.m 
I Author: Michael A.(abebaw.michael~mail.c~) 
I: Created: 3/6/2014 
function [cleaned Image] • removeFewerPixels(image) 

i • imcomplement(image) ; 

eo' 
'" 

I • bwareaopen(1 , 10); 
c}eanedImage • imcomplement(i); 

I: NORf'lALIZATIDN 
I: File: norma lize.m 
X Author: Michael A.(abebaw.michael~mail.cOlll) 

X Created: 1/27/2014 
function [outputImage ] • normali ze (InputIllage, heIght,wldth, Interpoln lonI'ItlhOd ) 

outputIll'lage • imresize(inputImage , [helght, width), InlerpolaliOMelhOd); 

eo' 
'" 
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Annex IV - C# Methods 

I' 
LINE SEGMENTATION 
II This lIIethod accepts a binary linage and a thresoold val", to .t .. .. ,. urn an ,rray 
JI of vertical Y coordlnate POlnts for starting and end points of ttKl line 

Author: Michael A. (abebaw. michael~mail. COllI) 
Created: 1/28/2014 
' / 

publiC static list<int> linesegmentation(Bitmap Img , Int threshold) 
( 

l/declarations 
int black_sum .. e; 
Color pixelColor; 
Queuednt) row_sum '" new Queuednt>(); 
Queue<int> vertical_points .. new Queue<\nt>(); 
Listdnt> final_list .. new list<1nt>(); 

Ilperform horizontal projection 
for (int y .. 0; y ( lmg.Height; y++) 
{ 

for (Int x .. 0; x < Img.Wldth; xu) 
{ 

) 

/lget the (olor value of the current phei 
pixelColor .. Img.GetPIKel(x, y); 
I/check if the pixel Is black 
if (pixelColor. R •• e && 

pixelColor.G -- 9 && 
pixelColor.B -- 9) 

black_SUI! ++; 

I/add the sum of pixels in a row 
row_sum. Enqueue(pixles); 

// restart t he sum of black pixel s for the ne~t row 
black_sum " 9; 

) 
//Identify individual line pixels positions 
int index · e; 
//check if the list for horizontal sum 1s not empty 
if (row_sum. Count . " e) 

return; 
//start to compare threshold value against the su. of pl~els 
while (row_sum.Count ) 0) 
( 

//start dequeuing the sum of pixels 
black_sum .. row_sum.Dequeue(); 
index++; 
//che ck if the su. is 
if (verticalPoints >-

greater than or equal 
threshold) 

( 
//add the index value as a beginning of a 
vertical points.Enqueue(index); 
while (row_sum. Count > 9) 
{ 

line 

index++ ; 
//check if a value Is lesS than 
if (black_sum <- threshOld) 

the lhresh01Cl 

( el'd of .. 11M 

break; 
) 



I 
} 

} 
} 

} 
/I .. 
/lMOOJ rIEO AlGOR nU/1 rOR CALCULATING THR[SHOLO VAtu( or llll( ItlIGH' 
/I- -
Ilcalculate he hetBhl of lines 
Queut<lnt) teMp_queue • new Queue(lnt)(ve~tl(ll polnti). 
lISl<inl) line_height· new llsletnl>(); 
tnt pI • 0, p2 • a; 
while (l Mp_queue.Count ) 0) 
( 

} 

pI • teMp queue .Ofqueue(). 
p2 • tCMp_Queue ,Otqutue(); 
Ilnc_helght.Add(p2 pi); 

Iisor t the heigh 5 of the lines 
Ilne_helght.SOrt(); 
II take the Middle value of the helahts 
Int helght .threShold . (ltne he1aht 1(lIne net,tIt.Count I 2»))0; 

Ilcalculate height and co.pare It 'KllnSl the threshOld II ~ tOd It to Ilt~ #In,1 
lin 
p i • a; 
p2 • a; 
while (vertICal_polntS ,COUnt ) 0) 
( 

pI • ver tlcal-POlnts,OfQueue(); 
p2 • vertica l polnts,Dequeue(): 
Ilcheck If difference of the two pointS Is are. tel" tn," thre~nold 
If (P2 • p i ) helght. lhl"UhOld) 
( 

} 

final )lst.Add(pl); 
flnal _ llsl. Add(P2); 

Ilend of line seg.entatlon function 



' 0 
WORD AND CHARAClER SEGI'I[NTATION 
II This -ethod accepts a binary I.age and a fla, to return .~ array 
II of horizonta l X coordinate po int s (or St.rtlng and end point' of d or 
I I character points 

Author: Mi chael A.(abebaw .• lchael~.all.co-) 
Created: 1/29/2914 
0' 
publlC static l lst<lnt) llneSe8-entatl~(8It .. p I ... chiI' () 
( 

Ildec larations 
Int phles • 9j 
Int count. 9j 
tnt thresho ld. I ; 
Color plKelColor; 
Ll st< int> vrt • new l ISl<tnt)(); 
Ll st<\nt) KplS • new lISl(lnl)(}; 

IlperforM verti ca l projec Ion 
for (Inl x • 9; x ( 1_I.Wldth; 
( 

... ) 

) 

f., (tnt Y • OJ Y ( 1 ... ~llht; yo. ) 
{ 

plxclCclor • ias.Ge 
If (plxeIColor.R • 

phelColor.G • 
phelColor.8 

phles*, ; 
) 
vrt.Add(plxles); 
pldes • 0; 

Pixel C., y); 
255 &S 
255 && 
255) 

II AUTOMAT ICALlV CREAlE THRESHOLO VALUES 
II calculate threshold for word StR-entatlon 
If( c • ' w') 
{ 

threshold • (1~8. HeIRht I 6) • 1; 
) 
Ilcalcu late threshold 
else If ( c • 'c' ) 

for word seR~ntatlon 

{ 
tnt blackcoun t • Dj 

Ilcount the nu.oer of white and black plXfl In 1 .. ,f 
for (Int It • a; It ( vrt.(ount; It •• ) 

( 

) 

If (vrt[lt) •• 1.g. He l,ht) 
Ilcount of white plltels 
count ··; 

el se 
Ilcount of black plltcls 
blackcount.· ; 

If (count •• D) 
( 

threshOld. I ... wldth; 
) 
else 

~/calCulate averale character wid h for t~ l"le 
double avgwldth - e.'97976~8 • I .. HfICht; 

II estl.ate the n~r of characters th't the bl.(~ 

12J 
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$ 

) 
else 

double avgcharwldth .. (~th.Floor(blackcount I avgwidth) . 
(blackcount I 8vgwidth» )_ a.s ? ~th.Celllng(b laCkcount I avgwidlh) 
: Math.Ceillng(blackcount I avgwldth); 
avgCharwldth • (avgCharwidth <- e ~ 1 : avgCharwldlh); 

Ilcalculate t hreshold 
threshold . (Math.Floor(Convert.ToDecl.aI ( count/avgCharwtdth»-1 
<_ a ? 1: Math.Floor(Convert.ToOecl.al( coun t /avgCharwidth»-I); 

) 

return null; 

II mark starting points from left to right 
count .. 0; 
for(int )( • e ; K < vrt.Count; Xtl) 

( 
If (vrt[x ) •• Img.Helght) 

else 
( 

) 

count+-+ ; 

If (count ). threshold) 
( 

xpts. Add(x); 

) 
count . 0; 

II mark ending points from right to left 

e; )I .' ) 
count. 0; 
for (Int K • vrt .Count · 1 ; x ). 
( 

If (v('tlx] .- i-«.Helght) 
count-. ; 

elSe 
( 

if (count )- threshold) 
( 

KPts.Add(K); 

count . 9; 
) 

) 
return KptS.Sort()j 

) 
!Iend of the function for word & ch~r.cler se~nt.lion 
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,. 
UNDER LI NE DET ECTION & REMOVAL ALGORIT HM 
II This method accept s a bi nary image and returns its processed format by re.ovlng 
/1 underlines if it finds any 

Author: Michael A.(abebaw.mlchael@gmail.com) 
(reated: 3/17/2014 ., 
publ iC static Bitmap removeunderline(Bitmap bm) 

{ 
Ildeclarations 
list<int> row$um • new l lst<int>() ; 
l nt count . 0j 
int roi • bm.Height I 2; 
Color pixelColor ; 

/1 perform horizontal projections for points below 1'01 
for (int y • 1'01; y ( bm, Helght; y~+ ) 
{ 

for (int x • 0; x ( bm.width; )lH) 

{ 

) 

pixeleolor • ~.GetPlxel(x. y); 
if (pixeIColor.R •• e 8& 

piKelColor.G e &s 
pixeleolor.B •• e) 

counh+; 

rowSum. Add (CQunt); 
cQunt • 0; 

II check If the sums are greater than 7eX of the I.age width 
for (Int I • 0; 1 < rowSu •. Count; 1 ... ) 

{ 
if (rowSuII[i) ) bG.Width • 0.7) 

break; 
roJ H ; 

II return if no underline are detected 
if (roi •• bm.Height) 

return bG; 

II crop l~age if underline are detected 
Rectangle cropRect • new Rectangle(0, 0, bG.Width, ~. Height -

«~ .He ight ) . (1'01 . 2»); 

II return if the processed iaage 
if (cropRect.HeJght •• 0 && cropRect. Y •• 0) 

return bill; 

ba • bIII.Clone(cropRect, bIII.PixeI Format); 
return bII; 

} 
/lend of underline detection and reMOval function 
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,. 
fEATURE EXTRACTION 
II This -ethod accepts a binary tillage, a colu~ and a row n~r to return 
/1 the feature representation of the laage using a C~ separated v.lut 

Author : Michael A.(abebaw.1II1(hael~.atl.cOll) 
Created : 1/3 1/ 201 4 ., 
publi c stat ic string feature lIOdifiedZoning(81.t.ap till. Int (OIUM. Int row) 

( 
/I declarations 
ll s t <Point) origin . new l lst<Polnl >( ): 
llst<Po!nt> blackpts • new Llsl<Polnt ) (); 
List<double> extractedFeatureSForcell • "COW lUl<double>(); 
string extractedFeaturesforWholeChar • Sl rina ·£lIpty; 
double sumVcctor • 0.0; 
double sumAl lvector • 0.0j 

Ilflnding vertica l and horizontal points for the Slven t~ae 
Int vertical . Convert,TO lnll2(IIIS ·Wldlh I colu.n): 
lnt horizontal . converl.TO lntl2(IIIB · t+elghl I ,.0\01); 

/lfind the 
(01" (tnt t 
( f., 

( 

origins 
. 0; I ( II18.Wldth : ! •• vel" lui ) 

(tnt j • hOl"llontal; j ( 1 ... Hellht. j , - horllont.l) 

Ol"lgln.Add(new Polnt(!, j». 
) 
If (11I8.HelBht X nu-el"icUpOownY.Value I ') 

oI"IBln.Add(new Potn (I. 1 ... He1aht », 

II Identify 
for (Int 'I 
( f., 

( 

) 

black points (or the I_aae 
• 0; 'I ( IlIa.Helaht; 'I") 

if (1IIg.GetPhel(lt. y).1I; •• 8) 
( 

blackPts.Add(new Polnt(lt. 'I»; 

) 

Ilcalcu late feature (or each 
fOl"each (Point 0 In or1ll n) 

Identified ol"llln 

( Illet the vectOl" distance of blac~ 
foreach (Point b In bl.ckplS) 

points In a cell 

( I( (o.X ... && o.Y .. hOrizontal) 
( 

else 
( 

If (o.x c- b.X " b.X C o.X • yertiul " 
o.Y • hoI"llontal c_ b.Y I' b.Y co .• ) 

( 

I 

If (o.X •• ') 

•• Hath.SQl"l(Ha h.PoM(b.X 0 . • , 
Hath.PoM(b .•• 0 .• , 2», 

I( (o.X (_ b.X &3 b.X ( o.X • y~tlcal " 
o.Y • hOrllontal c_ b.Y " b .• ( 0 .• ) 

( 

\27 

" . 



) 
II 

} 

sumVector •• Hath .Sqrt(Hath .Pow(b.X . o. X, 2) • 
Hath.~ ( b . Y • o.Y, 2» ; 

else If (o.Y __ horizontal) 
( 

} 
else 
( 

} 

if (o.X 
O.V 

( 

} 

(_ b.X && b.X ( o.X , verti cal && 
. horizontal (. b.Y && b.Y ( o .Y) 

su. Vector . _ Hath . Sqrt(~th . Pow( b . X o.X , 2) , 
Hath . Pow(b .Y o. Y, 2»; 

If (o.X (. b.X && b.x ( o.X , ver leal && 
o,Y . horizontal (. b,Y && b.Y ( O, Y) 

su.Veetor •• Hath .Sqr t(Math ,Pow(b.X O,X, 2) • 
Hath . Pow(b .Y O. Y, 2» , 

IIGet the vector di stance of e~eh po int In a cell 
If (o.X •• e && o.Y •• hOrizontal) 
( 

} 

for (Jnt y • o ,Y . I; y ). o.Y • hOrllont al, y. ) 
( 

} 

for (Int x • o. X; x ( o. x • vert lC,I. ~ •• ) 
( su~llvec tor •• ~th. Sqrt(~th . Pow(X • O.X, 2) • 

~th . Pow (y • o ,Y, 2» ; 

el se if (o .X •• 0) 

( 

) 

el ~ 

( 

) 
else 
( 

o .Y • 1; Y ). O. Y . hOrllonl,li y •• ) for (Int y 
( for (I nt x o. X; ~ ( o .X • vertlc.l; x •• ) 

} 

} 

(~ 

( 

( s~llvector ' ~th . Sqr (~th.Pow(X • o .X, 2) • 
~th.Pow(y • o .Y, 2», 

(Int y • o.Y • 1: y ). O.Y . hOrilont.I, y •• ) 

for (lnt x • O.Xi x ( o .X • vertlc.li ~ •• ) 
( 

} 

s~llvec tor •• ~th . Sqrt(~th.Pow ( . o.X, 2) • 
~th . PoM(y o.Y, 2» ; 

(lnt y • o .Y • 1; y ). O.Y • hOrllont.l; y •. ) 

(or (lnt x • O.Xi ~ ( O. X • ¥ertlc.l ; x •• ) 
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) 

) 
/I 

) 

( 

) 

5uaAlivector •• ~th.Sqrt(~th . Pow(x . o.X, 2) • 
~th.Pow(y • a.v, 2»; 

/I add to list the ratio of black pixels to all pixel for • cell 
extractedFeaturesForCell,Add(su.veClor I s~llvl!ctor); 

/I create a CSV 
foreach (string s In extractedFeaturesrorCell) 

extractedFeatureSForWholeChar t _ S , 

return extractedFeatures rorWholCChar ; 

- -. , , 

) 
Ilend of feature extraction functi on 

I' 
CHANGE TO SPARSE fORKAT 
II Thi s method acceptS a directory path for a CSV (lie to return In Its 
II corresponding sparse data (or_at 

Author: Mi chael A.(abebaw .• IChael~.all.c~) 
Created: 2/5/20 14 
-/ 
public s talic string getSparse(strlni path) 
( 

s tring rtnal .s trlng • Strinl·£lIPlYi 

II rcad all line In the ftle 
string!) line • SYSle •. IO . rtle . ReadAllLln~l(p'th). 
tnt count · 0, •• 9; 

) 

foreach (string In In llne ) 
( 

Slrtng I • In . RellOve(ln . ltn,lh 1, 1); 
II read all values thAt ar~ sep.rAted by a c~ 
str lngi] nu •• I.spllt(new ch.r() ( •. »; 
II start to build indexed coiUWI 
for~'Ch (strin. n in nu.) 
( 

) 

if (count •• 9) 
fln.i~strlnl •• n + ~ • 

elSe 
{ 

) 

if (n •• 'e' II n •• ··) 
( 

) 

count ·· i 
contin\lt; 

fin.l . strlnl • • count 

count · . ; 

count. e; 
fln.l_s trlnl •• Envl~nt.~lln~; .,. ; 

-.--

II~nd of spars~ function function 
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/ ' 
TRAIN A FEATURE /1 Th is methOd accepts a directory path for input feature and output to return a 
II pedel trained wi th the selected kernel type 
II The function uses classes found in library SVM.net which can be found at 
/1 (http://www . matt hewajohnson. org/ downloadsl software/svm .tip] 

Author: Michael A. (abebaw.michael@gmail.com) 
created: 2/5/2014 
' / PubliC statiC voi d TrainSVM(string featurePath, string k, string QutPath} 

{ 
II create model 
Parameter parameters s new Parameter(); 
Publicparameter . c_parameter,SvmType .. SvrnType,C_SVC; 
II check kernel type 
if ( k ... "linear") 

Publicparameter.c_parameter.KernelType .. KernelType.lINEAR; 
else if ( k .... "polynomial ~ ) 

Publ i cparameter.c_parameter,KernelType .. KerneIType.POLY ; 

else if ( k .... ftRBF" ) 
Publicparameter.c_parameter.KernelType KernelType.RBF; 

else i f ( k .... ft sigmoid
ft
) 

Publicparameter. c_parameter.KernelType KernelType. SIGMOIO; 

else 
return; 

{{ read f eature file 
Probl em train .. problem.Read( featurepath); 

{{cr eate model for the feature fil e af ter t r aining wi th the select ed kernel 
Model model " Training.Train(trai n, Publi (para~eter . (_parameter ) ; 

I/Save model 
Model.write(outPath, model); 

) 
Ilend of t raining function 

/' 
TEST A FEATURE 1/ This met hod accepts a directory path for model, feature fil e and out put writi ng path 
II The funct ion uses clas ses found in Ubrary SVM .net which can be found at 
II (htt p://www.matthewaj Ohnson.org/ down loads/software/svm.Zl p) 

Author : Michael A.(abebaw.m ichael@gmai l .com) 
Created : 2/6/ 2014 

' / Public stati C void TestSVM(string modelPath, string featurePath , string outPath) 

{ II read a feature f ile and write the result in a result. txt 
predict ion. predict(proble •. Read(featurepath), outPath • ft\result.txt

ft

• 

HOde 1. Read(lIIOde IPath), false); 

) 
Ilend of testing function 
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