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ABSTRACT

Considerable information is found carved in hard copy documents. Those documents contain
valuable information which needs to be accessible, easily reachable and searchable by end
users. Optical Character Recognition (OCR) systems in this aspect play an important role in
liberating this information by converting the text on paper into an electronic form so that

content indexing and searching and accessibilities to the resources will be easy.

The development of such systems for Amharic scripts was not a recent research focus.
However, OCR for Ambharic scripts is still an area that requires the contribution of many
research works for recognizing different document images with higher accuracy rates. In this
study, an attempt has been made in exploring the various recognition techniques with the aim
of enhancing the performance of Amharic OCR system, towards recognizing real-life

documents.

This study applied the basic OCR pre-processing methods like noise removal and image
thresholding algorithms in documents that are taken from real-life. Two noise filtering
(Median and Wiener) and two thresholding algorithms (Otsu and Sauvola) are tested in this
regard. From the experiment, it was found Wiener coupled Sauvola found to perform best.
And for segmenting out lines, words and characters from document images, a modified
projection profile method is used. The method employed is able to adjust automatically the
threshold values for word and character segmentations. Using this method 98.79%, 95.67%
and 95.61% 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 identifying the unique discriminating features of Amharic characters, a

modified zoning technique is employed.

Training and testing is performed using linear multi-class SVM. For the purpose of training,
the complete set of Amharic alphabets are used which are prepared in two commonly used
fonts (i.e. Nyala and Visual Geez Unicode). The test result shows that the combined features
of the two font’s results a better performance rate than the uni-font built models. Applying
this model registered an average recognition rate of 98.94% and 88.38% in training and test
sets respectively. This is a promising result towards developing an applicable Amharic OCR
system. But, since Amharic script contains highly similar characters and real-life documents
are full of noise, there is a need to explore advanced segmentation algorithms along with

. shape and noise invariant feature extraction techniques.
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CHAPTER ONE
INTRODUCTION

1.1 Background

We humans recognize characters easily and repeat this process thousands of times 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 transport signals to our brain which
interprets them. This part of human activity is stimulated in computer world through Optical
Character Recognition. In the case of computers, a scanner or camera usually functions as a
capturing mechanism while the Optical Character Recognition part can be considered as a

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

Optical Character Recognition (OCR) is thus a process that allows scanned images of text
converted into computer editable texts (Tawde and Kundargi 2013). The input for OCR
system is a scanned document image and can be of handwritten, typewritten, and/or machine
(computer) printout script that contains letters, numerals, punctuations, and/or symbols. The
output is a computer readable format, such as ASCII, that can be interpreted into a

corresponding character (Sharma and Khandelwal 2013).

According to the mode of data acquisition, OCR systems are broadly categorized into two
main streams: off-line and on-line character recognition systems (Patil and Mane 2013). Off-
line character recognition system is the one that gets its data through optical scanners or
cameras. Whereas the on-line recognition system uses the digitizers which directly capture
writing with the order of the strokes, speed, pen-up and pen-down information. Some
scholars, however, argue that OCR is only instance of off-line character recognition, where
the system recognizes the fixed static shape of a character and should not be confused with

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

Different literatures discuss and classify the whole processing steps involved in OCR systems
into different ways. However, we can generally categorize them into three basic processes;
namely, document scanning, recognition process, and verifying 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 digitized form. Here
factors such as the quality of the scanned document, resolution used during scanning have

huge effect on the overall recognition process. The next stage, recognition process, uses



several complex algorithms to reach at the corresponding ASCII (or Unicode) representation
of a character. At this stage a spelling checkers can also be used to check the generated word
for correction. The last stage, verifying process, is done with human intervention to check the

final results that is presented in the structured text form.

The recognition process is the most complex and difficult step in OCR system. The major
successive tasks can be further divided into preprocessing, segmentation, feature extraction,
classification, and post-processing phases (Charles, et al. 2012). The preprocessing phase
includes several activities such as skew detection and correction, noise detection and
removal, binarization, underline detection and removal, thinning, normalization etc. 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 format. Finally, a
classification module helps to classify character features into their corresponding class labels

and post processing steps such as spell or error checkers can be applied afterwards.

1.2 History and Generations of OCR

The history of OCR was started with the early inception of pattern recognition. Particularly,
at that time, OCR received much more attention in the field as characters were easy to deal
with. But this attention was changed as people diversified their interests over a wide range of
topics in the area, such as image understanding and 3D object recognition (Mori, Suen and

Yamamoto 1992).

According to Mori, Suen and Yamamoto (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 characters. Though his work was

primitive, it laid a foundation for subsequent OCR techniques.

Eikvil (1993), notes that commercial OCR system development can be generally categorized
into four generations depending on the versatility, robustness and efficiency of the system.
The first generation spans the time between 1870 (where Carey invented a retina scanner) to
the 1950. This first generation was able to recognize symbols that are decisively designed for

machine reading. The symbols used were so much constrained that they did not even look



natural for a human reader. The first commercialized system of this generation was IBM

1418, which was designed to read a special IBM font (Eikvil 1993).

Following this, in the 1960’s, machine printed and hand-printed characters were able to be
recognized and began to be used in letter sorting on postal services (Eikvil 1993). When
hand-printed characters were considered, the character set was constrained to numerals and a
few letters and symbols. The generation also introduced standard character sets for English

alphabets that look familiar to human readers in order to facilitate OCR recognition 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 1975 to 1985 (Ghadiyaram 2009). During this time there was also

an ambition to make OCR systems less expensive and more efficient.

The current generation, the fourth, is characterized by recognizing complex documents that
contains mixed texts, graphics, mathematical symbols in low-quality noisy documents

(Ghadiyaram 2009).

1.3 Statement of the Problem and Justification

Amharic is a language that was spoken since the 13" century, though, it started to be widely
used as language of literature in 19" century. Starting from this century, Amharic symbols
begun to be used for writing purposes. Governments & monarchs also used the language to
administer the different ethnic groups under one administrative rule (Ermias 1998). Having
such a long history in its existence as a language, there is no doubt that rich information
exists in written forms mounted up in museums, libraries, governmental and non-

governmental institutions.

Converting those information reach contents into a more accessible, easily reachable and
searchable format is therefore a necessity towards building an information society in
Ethiopia. Especially, OCR systems must be studied in this regard to bridge the gap that exists
between the rich information formats but yet inaccessible, not easily reachable, and
searchable. Typically, OCR systems that has high accuracy of generalization are important in

such scenarios to correctly transcribe those documents into their correct computer

representations.



Currently, OCR systems for languages such as Latin-script is considered largely to be a
solved problem. Typical accuracy rates exceed 99%, although certain applications demand
even higher accuracies. Open systems such as Tesseract (which is currently developed by
Googlew) is an example of this which can process English, French, Italian, German, Spanish,

Brazilian, Portuguese and Dutch scripts (Sharma, et al. 2013).

Adopting OCR techniques used in other languages for Ambharic scripts was not a recent
research focus. For the first time Worku (1997) attempted to study the basic topological
features of the 231 Amharic characters (the 33 basic core characters along with their 6
variants). The topological features extracted are then used to build a classification tree which
is used as a classifier. Following his work, Ermias (1998) further worked on formatted
printed Ambaric texts. He concentrated on preprocessing phases such as underline removal
and normalization of italicized characters in order to expand the capabilities of the recognizer

previously adopted by Worku.

Dereje (1999) also further modified the algorithm to be used in typewritten texts by studying
basic features of typewritten scripts. He also explored different segmentation algorithms and
noise removal techniques. In the same year Berhanu (1999) worked on recognition of printed
characters using ANN as a combined feature extractor and classifier where the color values of

normalized characters served as pattern for recognition.

Other attempt was also done by Million (2000) who worked towards having a generalized
approach to make previously adapted algorithms work on printed characters with different
fonts and sizes. Million used topological feature extraction techniques for thinned character
representation. Again, in the same year Nigussie (2000) tried to recognize handwritten

Ambharic characters found in legal cheques.

Following this, Yaregal (2002) worked on printed Amharic characters using primitives
(structural/topological pattern) as features and used ANN classifier for recognition purpose.
Messay (2003) also made an attempt to recognize handwritten postal address labels using the
same classifier where he used a least square method (a statistical feature extraction approach)
for extracting features from characters. In the following year, Wondwossen (2004) worked
with special type of handwritten Amharic characters “Yekum Tsifet” where he used ANN as
a combined feature extractor and classifier. And recently, Abay (2010) worked on recognition
of real-life documents and applied basic noise removal algorithms on document images. For

his work he used ANN as a combined feature extractor and classifier.
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Other works done towards developing OCR system for Amharic script include: Worku and
Fuchs (2003) for recognizing handwritten check amounts using the Hidden Markov Random
Field method, Million and Jawahar (2005) for recognizing real-life documents using multi-
class SVM, Yaregal and Bigun (2007) for recognizing printed characters, and again Yaregal
and Bigun (2011) for recognizing handwritten scripts using Hidden Markov Model which all

made valuable contribution in the area.

Even though, to date a high recognition rate was achieved by the contribution of those
researchers, it is still an area that requires the contribution of many other researchers in order
to recognize new unseen real-life documents with higher accuracy rates. The finding of Abay
(2010) on printed Amharic real-life documents suggests that recognition of Amharic OCR
system is greatly affected by similarity of shape between characters and effect that noise
removal algorithms bring on the structure of the character. He also noted that in order to
address such challenges it requires to further explore feature extraction techniques and

advanced noise detection and removal algorithms.

Hence, this study explores the various character recognition techniques with the aim of
enhancing the performance of Amharic OCR system in recognizing real-life document
images. Towards achieving this aim, the current research attempts to answer the following
research questions.
* What are the unique characteristics of Amharic characters formation?
»  Which noise detection and reduction techniques are suitable for Ambharic real-life
documents?
*  Which zoning based feature extraction method best represents Amharic characters
that are found in printed documents?

* To what extent the performance of 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 techniques along with novel

techniques for the recognition of printed Amharic real-life document images in order to

enhance the performance of Amharic OCR system.



1.4.2 Specific Objectives
Towards achieving the mentioned general objective, the study tries to accomplish the

following specific objectives.

* To review previous works done towards 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 that
are prevalent in Amharic real-life documents.

= To select the most relevant noise detection and removal, binarization, and feature
extraction algorithm for further testing.

= To prepare training and test datasets for testing the candidate algorithms.

* To design and develop a prototype Amharic OCR system that recognizes real-life
documents.

* To evaluate the recognition rate of the overall scheme.

1.5 Scope and Limitation of the Study

This study is concerned with experimenting noise removal, binarization, and feature
extraction techniques along with the basic steps that OCR systems employ with the aim of
enhancing the recognition rate of Amharic real-life documents. Among the many available
noise detection and removal, binarization, feature extraction and classification algorithms;
selected techniques are studied and tested in real-life document images. Test datasets are

taken from sample printed real-life documents such as books and newspapers.

Even though the research works on printed Ambharic 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, classification 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
argument is that rich information for the language are present in manual forms as Ambharic
characters (24 are being used in literature since the 19" century. Converting those rich
documents through typing is tedious, as most of the Amharic characters need an average of
two keys to press in standard keyboards. This method is also time consuming, error-prone,
and become infeasible as the magnitude of documents increase. In this regard, OCR systems

will provide valuable aid by automatically presenting texts without a need to type it.
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Beyond this major contribution, OCR systems generally bring the following rewards.
= Help to transcribe valuable documents electronically for future references.
= Facilitate quick digital search in contents.
= Save considerable storage area and allow text modification.
= Help visually impaired people to read documents instantly combined with other
systems (such as speech synthesizer).
= Enhances document accessibility and portability (as we now began to use smart
phones for reading).
Also, the researcher believes that the outcome of the study will provide a ground work for
other researchers to carry out further work towards developing an applicable OCR system for

Ambharic text.

1.7 Methodology of the Study
To undertake this research work and achieve the specified objectives, the following

techniques are used.

1.7.1 Literature Review

This is the most crucial step whereby related articles from different 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 understanding of the
issue. Also, past and present research works in Amharic and other script OCR systems are

reviewed to 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 relevant noise removal, binarization, and feature extraction technique

MATLAB® Image Processing Toolbox™ along with Visual C# libraries are used. In areas
where C# libraries lack functionality MATLAB" Image Processing Toolbox™ is interfaced
with C# in order to fill 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 functionalities) are not found in both environments, source code is written

using C#.

For the purpose of classification a C# library is used due to its availability, ease of use, and

easy integration in the environment.



1.7.3 Dataset Collection

Training and testing data set are taken from computer printed and real-life documents
respectively. The training data set comes from a computer printout of Ethiopic Alphabets
(4.£4\) that are printed in multiple copies using two commonly used font faces. For this set, a
total of 3,210 character images were gathered by scanning 10 computer printout pages.
Similarly, for testing purpose 10,260 character images are gathered by scanning 13 sample
pages from the Holy Bible, from fiction 'Fiker Eskemekabir', from the Amharic newspaper

'Addis Zemen', and from 'Federal Negarit Gazette',

1.7.4 Performance Evaluation

Once the training and testing data sets are prepared, sample pages extracted from those
documents are passed through OCR processing techniques in order to come up with a feature
vector representation of the characters. The features of the characters from the training sets

are forwarded to a classifier in order to construct a model.

The constructed model is then tested by feature vectors from training as well as testing
datasets for measuring its generalization capability. In order to measure its accuracy:
recognition rate and error rate are calculated. These measurement techniques are common

and are widely used for evaluating OCR systems (Ghadiyaram 2009).

1.8 Document Structure
The thesis is organized into five chapters. The first chapter of the thesis includes the
background, the statement of the problem and its justification along with the objectives of the

study, and the methodology used to accomplish the research.

The second chapter discusses the nature and characteristics of the Amharic writing system.
The chapter also reviews the general steps involved towards building an OCR system along
with the challenges for building such system. It also reviews the different approaches used by

authors so far to develop an OCR system for Amharic scripts.

The third chapter provides the basic methods (algorithms) 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 this section of the paper, the success and



difficulties faced while trying to implement the techniques to the problem domain are

presented. The section also presents the performance rate achieved for training and test sets.

The last chapter summarizes the over-all task performed with the techniques used and the
results achieved by the implemented techniques. The chapter also forwards a set of

recommendations for further consideration and research guide.



CHAPTER TWO
LITERATURE REVIEW

OCR is a method to recognize text stored in an image such that it works to convert document
images into a computer recognized form such as ASCII or Unicode. In order to accomplish
this task it is crucial to examine the basic steps involved in OCR systems. Thus, this chapter
dedicates itself in explaining the major steps involved in building such system along with the
writing system of Ambharic language as recognition heavily depends on the properties of
underlying writing system. The chapter also presents the challenges posed towards building
such systems and reviews different attempts made so far by different researchers towards

developing an OCR system for Amharic printed, typewritten and handwritten scripts.

2.1 Overview of an OCR System

The main objective behind an OCR system is to recognize characters that are found on
document images to convert them into computer recognizable format for the purpose of
editing, indexing / searching and reduction of storage size (Patil and Mane 2013). To achieve
this task, an OCR system uses a series of processing techniques. Those processing techniques

are basically algorithmic steps that are applied on the scanned image.

Though different literatures classify these series of processing techniques into different
phases, Charles, et al. (2012) generally categorize them into three basic phases: document

scanning, recognition phase, and verifying process (see Figure 2. 1).

Testing Tmining.
Dataset Dataset
» Pre-processing

Techniques
- Binarization

- Noise Removal
- Size Normalization | | Training - | Post ] o3
: - Underline Removal Recognition 1+ Processing = -
-elc. f Techniques
« Segmentation O tha

« [Feature Extraction

(7

1 2 3
Document Recognition Phase Verifying Phase
Scanning 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 literatures termed as digitalization or image acquisition. According to Charles, et al.
(2012), this phase is the stage where a scanner, camera, or any image capturing device is used
to scan the handwritten or printed document in order to find a digitized form. The acquired
images that are captured through those devices should have a specific format such as JPEG,

BMP, TIFF etc. so that the computer understands them as a matrix of pixels.

One of the major concerns that must be dealt during this phase is the resolution of the
scanned image which is measured in Dots-Per-Inch (DPI). This is because it got a huge
impact on the overall recognition process of the OCR 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 resolution as it tends to break thin
lines and fill gaps that exist in characters (Ralston and et. 2000). However, increasing the
scanning resolution too far will produce image that have bigger size which eventually wastes

disk space and slows down the scanning process.

According Yeasmin, Shabbir and Naser (2011), most OCR systems use a resolution that
range between 300 dpi to 1000 dpi for better accuracy in text extraction. Also, a higher
resolution is preferred while scanning pages that appear in books and magazines than

scanning those that appear in desktop printout 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 size of texts. For regular texts written in English scripts using font sizes of 8 to 10 points,
it recommends to use 300 dpi resolutions. If scans have a smaller resolution, for example 200
dpi, then the 10 point font will be too small and will contain broken pixels in the character
image. For smaller font text sizes (8 points or smaller) it recommends to use a 400-600 dpi
resolution. One thing to note at this point is that, the higher the scan resolution is the more

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

(Abby 2013).
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2.1.2 Recognition Phase

The recognition phase is the most difficult phase which employs several sub-phases that are
vital for the detection process. It spans techniques that are applied to a digitalized image to its
final ASCII or Unicode representation of characters. In order to accomplish this complicated
task, the following major sub-phases are involved (Charles, et al. 2012).

* Pre-Processing techniques

»  Segmentation

= Feature extraction

* (Classification

= Post processing techniques (optional)

2.1.2.1 Pre-Processing Techniques

The goal of applying pre-processing techniques is to simplify the pattern recognition problem
without missing any vital information. It helps to reduce the noises and any inconsistent data
that are found in the image which influence the classification accuracy of the system. Some
of the techniques employed under this sub-phase include binarization, noise reduction, stroke
width normalization, skew correction, underline detection and removal, slant removal,
filtering, noise modeling, size normalization, contour smoothing, restoration, thinning etc.

(Patel 2013).

According to Wondwossen (2004), those algorithmic steps involved in pre-processing phase
can be divided into two, based on the necessity of applying them in every OCR systems. The
first set is called mandatory steps. This is because those steps are so important that every
OCR system should incorporate them. One instance of this could be binarization. On the
other hand, the optional steps can be taken or left based on the type of document or problem
domain they are applied for. Examples of these steps include noise detection and removal,
underline detection & removal, size normalization, skew detection, slant removal, thinning,

filtering, contour smoothing, restoration etc.

However, while applying OCR techniques in recognizing real-life documents, it is important
to incorporate optional step like noise detection and removal as degradation is inevitable.
Degradation of printed texts in documents images may come from different sources. Million
(2008), noted that degradation mostly occur due to the quality of paper used and/or ink drops
caused by printers, photocopy, or fax machines. Based on the commonality of observation in

printed real-life documents, he generally identified four groups of noise types.
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s Salt-and-Pepper: it is a common form of noise typically seen on real-life images
which occurs randomly as white and black pixels spreading all over the image. If the
image is poorly thresholded, it takes black value in white background and white value
in black foreground. If the image is in its greyscale, it takes random illumination
values for black and white.

» Cuts: it is a type of noise that manly occurs due to folding of paper in the printed area
such that the folded part will remain white. Such incident creates discontinuity in the
image when the paper is flattened. It also happens due to print font quality where the
ink used is unable to fill the character image.

= Blobs: are ink drops which exist in printed documents that create unwanted
connections between separate or parts of the same characters, They usually occur
when the printing device emits excessive ink during the printing 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 their corresponding effects in

sample Ambharic text.

3 = |
KIICE AFICT WIS ATICT
(a) (b) (c) (d)
Figure 2.2: Sample image degraded with (a) Salt-and-pepper (b) Cuts (¢) Blobs (d) Erosion

It is important at this point to note that there are also other types of noises that are found in
real-life documents. Again, also there are noise types that materialize during conversion
process (i.e. during document scanning). Some of these type include ruled line noises
(unwanted lines created while scanning a ruled paper), marginal noises (dark shadows that
appear in vertical or horizontal margins of an image that are a result of scanning thick
documents or borders of pages in books), Clutter noises (unwanted foreground content which
is typically larger than the text in binary images which may be results 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

2013).
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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 filtering algorithms are proposed for different types of
noises that appear on images. According to Motwani, et al. (2004), we can generally classify
them into two domains as: spatial filtering and transform domain filtering based on the
approach they use to remove noise. The spatial filtering domain can also be classified into
linear and non-linear methods. Linear method contains Mean and Weiner filters whereas the
non-linear method got Median and Weighted Median filters. For transform domain filtering
group, we have several layers of filtering methods that can be applied in an image (see Figure
2.3). For further descriptions on those noise filtering algorithms one can refer to Motwani, et

al. (2004).
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Figure 2.3: Classification of noise removal algorithms (Motwani, et al. 2004)

2.1.2.2 Text Segmentation

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. 2010). In order to produce those segmented

results, this process scans the image to isolate interesting patterns from the background.

OCR systems can jump into any of these segmentation steps. But for proper reconstruction of
recognized characters from the image, it is advised to segment lines of text first, then

segmenting words from the segmented lines and finally segmenting characters from the
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segmented words (Saha, et al. 2010). Since correctness at each stage of text 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 document images there are several methods available in
the literature. Soujanya, et al. (2012) investigated three line segmentation methods, namely:

Projection Profile, Run Length Smearing, and Adaptive Run Length Smearing technique.

The projection profile method is a technique used for segmenting lines for both printed and
handwritten documents. The method works by horizontally 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 to zero indicating point of segmentation. The
method can also be modified to segment words and characters from a text line (i.e. by
projecting vertical sum of black pixels). The algorithm is proved to be simple to implement
and insensitive to writing fragmentations (particularly the vertical projection). However, it
fails to segment document images that are skewed or have moderate fluctuation of text lines

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

Run length smearing method is another method in which consecutive black pixels along a
horizontal direction are smeared (i.e. the white 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 horizontal 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 component
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 strain. One drawback of
this method is it complexity in implementing it (Soujanya, et al. 2012). For further reading on

the algorithm one can refer (Nikolaou, et al, 2010)
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For word and character segmentation, 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 2010). Thus, for writing
systems that are written in connected manner it produces words where as in those writing
systems that are written in disconnected manner it results individual characters. The method
got advantage over the vertical profile method in which it is able to segment overlapping
characters. However, it fails to produce correct segmentation for characters that got

disconnected body parts (Casey and Lecolinet 1996).

2.1.2.3 Feature Extraction

Feature extraction in OCR is the phase that analyses a given character segment and selects a
set of features that can be used 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
extraction is to extract a set of features, which maximizes the recognition rate 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 characters).

Different characters have different feature that make them unique from other characters. In
OCR feature extraction is thus a process of extracting these differentiating representations
from the matrices of digitized characters so that the characters are easily recognized by the
classifier (Verma and Ali 2012). Feature extraction is also one of the most important modules
in recognition phase as selection of the right feature extraction method is probably the single

most important factor in achieving high recognition performance (Trler, Jaln and Taxt 1996).

According to Verma and Ali (2012), features extraction for a character in OCR systems can

be broadly classified into Structural/Topological features and Global/Statistical feature.

Structural or topological feature is concerned with issues related with the geometrical and
topological properties of the character. This includes examining features such as convex or

concave strokes, end points, branches, junctions, connectivity and holes etc. that exist in the

character (Verma and Ali 2012).

On the other hand, global or statistical features are obtained from the arrangement of points

constituting the character matrix. Some of the common techniques for statistical feature
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extraction include Zoning, Moments, Projection histograms, N-tuples, Crossings and
distances. Zoning is a technique where the character matrix is divided into small portions, and
densities of those portions are used as features. In case of Moments, different points present
in character are utilized as a feature. Projection histograms are techniques in which they give
us the number of black pixels that are present in certain directions (usually vertical,
horizontal, left diagonal or right diagonal) and hence used as a feature. N-tuples technique
drives features by looking at positions of black or white pixels that exist in the segmented
character. Crossings and distances uses some vectors that pass through certain directions and

counts the crossings occurred (Verma and Ali 2012).

One concept to mention while discussing about feature extraction is invariants. According to
Trler, Jaln and Taxt (1996), invariants are features which give approximately the same value
for samples of the same character that are, for example, scaled, translated, rotated, stretched,

skewed, and mirrored.

2.1.2.4 Classification

The classification phase in OCR is the decision making part in which it receives a character
feature vector to produce the predicted character ASCII or Unicode or other mapped
representation. Once the feature vectors for a character are identified they are fed to a

classification module in order to produce a model.

As the inputs to this phase are feature vectors, its prediction performance heavily relies on the
quality of the features extracted. Classification is usually done by comparing the feature
vectors corresponding to the input character with the representative of each character class in

the model. But before doing this the classifier must be trained with a sufficient number of

training patterns (Verma and Ali 2012).

The classification module basically performs two main tasks: training and recognizing (or
testing). The first task is concerned with the process of extracting 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 character feature vector to produce predicted character ASCII or

other mapped representation based on the model constructed. For classification to accomplish

those tasks, it uses the concepts of machine learning.
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Machine learning is a branch of artificial intelligence that lies at the intersection of computer
science, engineering and statistics which involves learning automatically from training data
samples (Harrington 2012). Here, the core objective of learner is to generalize from learning
data to perform accurate prediction on new or unseen examples. In order to do this, the
learner (classification method) has to build a general model about the learned data that will

eventually enable it to produce accurate predictions in new cases.

According to Verma and Ali (2012), there are a number of classification methods which are
proposed by different researchers for the different machine learning problems (i.e. regression
and classification). Those classification methods can be broadly categorized into Statistical
methods, Syntactic/Structural methods, Template matching, Artificial Neural Networks

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

Statistical methods are classifiers that are automatically trainable. By making observations
and measurement processes, a set of numbers is prepared, which in turn used to prepare a
measurement vector. Examples to this category include K-NN, Bayesian classifier, Quadratic
Discriminant Function (QDF), Linear Discriminant Function (LDF), Euclidean distance,
cross correlation, Mahanalobis distance, Regularized Discriminant Analysis (RDA) (Verma

and Ali 2012).

Syntactic/structural methods use primitives of characters for classification. First the
primitives of the character 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 character labels and whose right-hand side
represents string of primitives. The right-hand side of rules is compared to the string of
primitives extracted from a word. According to Verma and Ali (2012), this method is good

for classifying handwritten 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 size
and style of characters can be negotiated. This matching methods can further be classified as

deformable templates & elastic matching, relaxation matching and direct matching (Verma

and Ali 2012).

Artificial neural network (ANN) is also another powerful classification method which uses

interconnected nodes (neurons) with weights. During training phase it adjusts the weights of
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neurons according to the input and target values. These adjusted weights on neurons are then
used to classify unknown patterns. Common types of ANN include the feed-forward network
(the most common), Convolutional Neural Network, Vector Quantization (VQ) Network,

Auto-association Network, Learning Vector Quantization (LVQ).

Lastly, Kernel methods are powerful classifiers which include Support Vector Machines
(SVM), Kernel Principal Component Analysis (KPCA), Kernel Fisher Discriminant Analysis
(KFDA) etc (Verma and Ali 2012).
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Figure 2.4: Generalized categorical view of classification methods

Among those different types of classification methods, Support Vector Machines (SVM) and
Artificial Neural Networks (ANN) are the most dominant classifiers that are used in the field
of character recognition (Ng 2012). Also, combination of various classifiers (such as Binary

classification tree with ANN) can be used in order to get significant improvements in

recognition accuracy.
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2.1.2.5 Post Processing Techniques

This is an optional final sub-phase in recognition phase; in which after the classification
process was completed results are checked for errors. This is done because classification
algorithms are not always perfect. Thus, they produce misclassified characters especially
when they are dealing with alphabets that got high structural similarity. Those errors are
usually gone unseen to the user if post processing techniques such as spell checker or error
checker are not applied. Those techniques automatically and/or with the help of the user are

used to identify the 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 quality documents, reject
some of the characters. Unlike the erred characters that may go unseen, rejected characters
are 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 recognized
texts are produced, inspection must be done to check whether the correct transcription 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 explored in full. However, the last
sub-phase of recognition phase, Post Processing, will not be covered as it is optional and

requires an interface of another system such as spell checker.

2.2 The Amharic Writing System

People started to express thoughts through writing or symbol about 5,000 year’s ego. The
first symbols they used were simple pictures of objects. Egyptians, for instance, used picture
writing on monuments to convey information (Dereje 1999). The symbols used in the writing
have to be understood by all users of the language and must deliver the same message to
different readers. This art of expressing ideas through symbols is called writing and the

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

According to Baye (1992), there are three different types of writing systems. The first writing
system is called Logographic system, which was used in the early days of writing. This

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

this writing system could be the old Chinese writing system.

Unlike logographic, 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 contains. One instance of this writing system is the Amharic

writing system,

The last writing system, Alphabetic, is originated from syllabic system particularly from
those that are used in the Middle East. The writing system breaks the syllable phonemes into
its constituent consonant and vowel sounds. This system is popular and was first adopted by
Romans which they induced it into their colonies. It is now widely used in western world and
most parts of Europe. Also, it is used in some African countries (such as Kenya, Nigeria,

South Africa 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 Ethiopia by the Semitic Sabean people
of Southern Arabia. As a result, the version of the script is called Sabean (see Figure 2.5).
This writing system got 29 symbols and served the northern part of Ethiopia until the
Axumite period. One notable feature of this writing system is the fact that it is written from

right-to-left (Baye 1992).
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Figure 2.5: The Sabean writing system
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The Axumite period gave way to Geez language, which it took 24 of the 29 Sabean
characters and modified 16 of them into a different looks (see Figure 2.6). It also added two
new symbols (“&” and “7™) from Greek script and also changed the style of the writing from
left-to-right. Geez used such a script and writing system between the 4" and 7" century (Baye
1992).
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Figure 2.6: Evolution of Sabean to Geez'

The Ambharic language started to be used in Ethiopia in around 14" century although it was
not the language of literature at that time. Amharic is only recognized as a medium of
literature beginning from the middle of the 19" century where it took Geez scripts and
became a written language. However, unlike Geez, Amharic took all the 26 characters from
its predecessor. It is believed that it is because of the pressure from the church and the state

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

On top of the inherited 26 characters, Amharic also added additional characters to represent
sounds that it acquired from Cushitic languages. This was done by placing a small bar (or
hat) on top of 7 characters (such as “@", “F", “gr e i, "Rt and “M”) that were inherited

from Geez.

The present entire symbols of the language (including characters, punctuations and numbers)
that are now commonly used add up to 310. The complete set of the Amharic writing system

is shown in Annex I: The Amharic Writing System.

2.2.1 The Amharic Characters
Currently Amharic has 33 characters with a total number of 231(33x7) syllables (Baye 1992).

Beyond the 33 basic characters and 231 syllables (see Figure 2.7 for samples), Amharic also
added the character “a” with its seven forms into its appendix list. The language also got

modified versions of the existing characters (labialization characters) such as “A, "1, ",

s Images are taken from hup:f!www.elhiopianhismry.cnmmp'oz

22



0, 0 k" etc. which are 44 in number. But, among those labialized characters, only 20
(such as “91", "Z", A, “#", “4" etc.) of them are common and usually listed as an appendix to
the main list (Million 2000).

v V- A | ; % v v
QA i A A A (A} A
ch che ch. h oh h h
ao L L 2y L 3 q
w 1> L o i, F e g
[4 4 & [ [ G G
il ('t (. 4 . 0 0
fl I [ L) il [l [
+ * + > +* & &
l (1 (. n (" Al n

Figure 2.7: Sample of the basic Amharic characters

One problem that is raised towards Amharic characters is the use of more than one
orthographic representation for the same sounds (such as “0 & o 9", "0 0", "2 1 07, "A £ 07).
It is argued by most scholars that it is essential to eliminate such repetitive letters forms from

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

2.2.1.1 Features of the Amharic Characters
The Amharic character set show similarity in shape in which the syllabary characters are

derived from their basic consonants by attaching small appendages to the right, left, top or
bhottom in more or less regular modifications. Some syllabary characters are formed by
adding strokes others by adding loops or others forms of differentiation to each core

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

~ Characters Method of Construction Examples
2 Order Add a horizontal stroke at the middle of the right side of the O s e
| base characters
3" Order Add a horizontal stroke at the bottom of the right leg of the base |, , o
characters
Add a diagonal stroke at the bottom of the leg of a one leg base
4" Order character or elongate the right leg of a two or three leg base Y. A A, "7
characters
5th Order Add a ring at the bottom of the right leg of base character % A, v, 73
6" Order Irregular U, &, 7
7" Order Irregular U, fe, b, 9

Table 2-1: Order formation in the Amharic characters set shown by sample characters “0”, “a”, “A", "o®"
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According to Bender, et al. (1976), some core characters are derived from other core
characters by modifying or adding appendages. For example, “m” by adding loops in its
bottom legs produces “en”, “4” by adding loop “4.”, “¥” by adding curved bar “h”, adding
horizontal bar at the top “4”, “t", “€", “¥" produce “&”, “’f", “&", “¥" respectively. Amharic
characters also have different dimensional sizes in both vertical and horizontal measures.
Taking the vertical height, some characters got short height such as “o»”, “»” etc. while
others got longer height “4.”, “#£”, “&” etc. Considering the horizontal width, characters such

as “1”, “¢” etc. got small widths while characters like “an”, “m” etc. got wider widths.

2.2.2 The Punctuations

Ambharic language mainly uses 8 punctuation marks that are used to describe different moods
of speech like intonations, questions, amusement etc. Some of them are similar in shape with
Latin languages and used for the same context for the language. Those punctuation mark
include question mark “?”, exclamation mark “!”, quotes “ ”, and parenthesis “()". The
remaining punctuations include word-divider “:”, comma “:”, semi-colon “:”, and full stop

“#” (Million 2000).

2.2.3 The Numbers
The Amharic numbering system got twenty individual characters. The numbers represent

discrete values between one to nine (no representation for zero), ten up to ninety, and
multiples of ten (hundred and thousand). The orthography of the symbols was taken from
Greek letters by adding horizontal strokes in the symbols at their top and bottom (Bender, et

al. 1976)(see Figure 2.8).

gt R g
g 2 a T
% 2 2
E) IR .
SRS SRR

Figure 2.8: The Ethiopic numbers

Though the 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 performing arithmetic operations.

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

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

The writing system of Ambharic is similar to other popular writing systems like English. The
following lists summarize the basic characteristics that the writing system got (Bender, et al.
1976).
* The writing system is written in horizontal direction and from top-to-bottom.
* White spaces are used to separate words, lines, and paragraphs.
* There is a proportional spacing between characters in words and words in a line.
* Characters are written in disconnected manner (for example, “A00").
* Most of the upper strokes are attached to the main characters (such as “i ¢ i) while
others got disconnected strokes such as numbers “ 3, & F, ... ”, punctuation marks “ =,
:, 7 and characters like “6".
= Unlike other writing systems like English, it does not have different orthographic
representations for capital letters as there is no upper and lower case distinction for
the language.

* A line of Amharic printed script lies at the same level, having no ascent and descent.

2.3 Challenges in Building Amharic OCR Systems
According to Million and Jawahar (2005), character recognition for Amharic documents can
be a challenging task because of three major reasons: degradation of documents, printing

variations of texts, and structural similarity among different characters.

* Degradation of Documents
Scanned documents from books, magazines, newspapers, etc. are poor in quality and thus it
makes it hard to recognize characters printed on them. The main reason behind this challenge
is such documents may introduce strange artifacts during the printing process which will
eventually strain the recognition phase of OCR. These artifacts include but not limited to

excessive dusty noises, ink-blobs between or within character, vertical horizontal or diagonal

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

At this point it must be noted that such challenges did not only pose problems to Ambharic
documents. They are also mentioned as challenges for other printed documents that are
written in different script. Therefore, one need to look carefully to design appropriate

methods to reduces their effects in the recognition process.
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= Printing Variations of Texts
Different font faces (such as ‘Nyala’,’Visual Geez Unicode’, ‘Visual Geez Unicode
Agazian’, etc.) combined with different font styles (bold, italic, and underlined) and sizes
pose a challenge in building an OCR system. These three factors produce different version of
the same text that may confuse the classification stage of recognition phase. In order to
alleviate such problems we need to look a way to 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 are
structurally similar to each other. For instance, “A A+ A. A A" with “a A A 4 A" respectively,
“h" with “h”, “¢~ with “4”, “0” with “W", “¢” with “¢”, “a” with “0", “¥" with “9", “fi" with “}",
“a.” with “@" . In order to address such challenge robust discriminant features need to be

extracted from the characters for proper representation.

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 Printed Amharic Character Recognition

There are various attempts made towards developing OCR systems for machine printed

characters.

2.4.1.1 Application of OCR Techniques to the Amharic Script
Worku (1997), was the first to try out OCR techniques for 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 extraction, and recognition techniques.

Worku for segmentation phase applied the stage-by-stage segmentation algorithm that was
proposed by Pal and Chaudhuri (1995). The algorithm works in successive steps to detect
lines, words and characters. With this technique he was able to successfully extract all

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

characters, where the algorithm failed to work.
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For feature extraction phase, he tested two techniques: namely Border Transition Feature
(BTF) and contour analysis. 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 reported a poor performance in classification due
to the similarity that exists between characters. The other feature extraction technique,
contour analysis, gave a better result in this regard. The algorithm got two major steps: global
feature extraction and local feature extraction which eventually used to extract features from

characters.

For recognition phase, Worku used a binary tree classifier that was adopted by Shridhar and
Badreldin (1984). But, before the segmented characters are fed to the classifier, he passed
each of them through contour analysis for the purpose of extracting unique feature of
characters. The results that are found through this process are then sent 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 this technique, he achieved
97.31% recognition accuracy on his test set. But, since the performance of the system is poor
to segment formatted characters such as italic and underlines, he recommended that such

techniques should be studied.

2.4.1.2 Formatted Amharic Text Recognition

Ermias (1998), further attempted to enhance the performance of Amharic OCR system by
enabling it to incorporate recognition of formatted Amharic texts. To this end, Ermias tested
preprocessing techniques such as underline detection and removal, thinning and

normalization.

The underline detection and removal algorithm adopted by Ermias was first used by Pal and
Chaudhuri (1995), for detecting and removing lines found in Bangla script. He adopted the
algorithm 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 thinning algorithm adopted by Ermias was the Zhang and Suen (1984). The algorithm
involves two steps and works iteratively on contour pixels until the image is eroded into a

width of one pixel. Though the number of iteration needed to thin a character can vary,
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printed characters, which gave an accuracy rate of 35%. He stated that such low level was
achieved because of segmentation errors, Thus, he recommended the need to incorporate pre-

processing techniques such as noise filtering and image thresholding algorithms.

2.4.1.4 A Generalized Approach to Amharic OCR

Million (2000), tried to come up with a generalized approach to make previously adopted
algorithms to recognize different font faces and styles (like normal, bold, and italics). He

based his test on WashRa, Agafari - Addis Zemen, Rejim, and Visual Geez fonts.

In his work, he applied thinning algorithm before applying segmentation algorithm. This is
because it enhances the accuracy of segmentation algorithm as thinned characters create more
space in words. In his course, he tested two thinning algorithms: Zhang and Suen (1984)
thinning algorithm and parallel thinning algorithm which was suggested by Ha and Bunke
(1997).

The two thinning algorithms are tested in a scanned image of Amharic characters where the
performance of the algorithms was compared. The bases for comparison was based on the
fact that any thinning algorithm should possess no connectivity loss, depict similarity of
shape with the original, and must have reasonable processing time for thinning process.
Unfortunately, both algorithms fallen as they produced connectivity losses and high shape

distortion in the character image.

Thus, Million worked to integrate both algorithms and come up with a hybrid-thinning
algorithm that performed better according to the conditions stated for comparison of thinning
algorithm. The newly developed algorithm was tested in the previous scanned image of

Ambharic characters and produced no connectivity losses with a maximum distortion rate 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 segment characters like “¥", where
after thinning they become so thin that they would not pass the threshold value set and hence
ignored by the algorithm. As a result, Million tried to measure the height and width of the

231 thinned characters so that the threshold value was reduced to a level that incorporates

thinned characters as well.



For feature extraction phase a Visual C++ program was developed and an algorithm was used
for extracting features and feature functions of the thinned characters. Based on the extracted
features of the characters, a database of features was developed using binary tree which also
served as a classifier. Using this technique Million reported a recognition rate of 49.38% for
WashRa, 26.04% for Agafari - Addis Zemen, 27.64% for Rejim, and 15.75% for Visual
Geez. He recommended that in order to increase the performance of Amharic OCR in
recognizing different font faces and styles, a generalized and more flexible recognition

algorithm should be adopted.

2.4.1.5 Versatile Character Recognition System for Amharic Text

Yaregal (2002), tried to explore a novel feature extraction algorithm along with the
techniques adopted by previous researches in order to come up with a versatile algorithm that
is independent of font size. He attempted to recognize characters written by VG2000 Agazian

font type with font sizes of 8, 12, and 14.

For segmentation of lines, Yaregal applied the stage-by-stage segmentation algorithm which
works well for unconnected and non-skewed characters. But since his experiment uses
different font sizes, 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 this purpose, he developed a Visual C++ code that

identifies boundaries of a character.

Yaregal tried to study and pick primitive structures that are found in Amharic characters in
order to come up with a feature representation of characters. In order to achieve this he used
the guidelines set by Singh and Amin (1998), where they used six primitives (dot, vertical,
backslash, slash, horizontal, and corner) to recognize hand printed Chinese’s characters. For
his case, he only considered the first four primitive structures (appendage (dot) », vertical |,
backslash \ , forward slash /) due to the fact that all characters can be constructed out of them
by connecting them at the top, middle, and bottom. The horizontal line was not considered for

representation even though most Amharic characters use it. He argues that it is only used to

connect these primitives.

Ones the primitives of characters are identified, retaining information about which primitive
is connected to which and the direction of connection is important. To achieve the first task,

Yaregal used a relationship set. For instance, “a” is represented as {\ (/:middle),/(\: top; .:
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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 out that an in-order transversal through the

tree generates different primitive patters for different characters.

However, since the first task lacks to generate a pattern and the latter task lacks to hold
relationship that exists among primitives, he came up with a tree that can hold both
information’s. The tree got three left nodes (each node representing the possible connection
types i.e. top, middle, and bottom) and four right nodes (each node representing the four basic
primitives). The tree can be traversed though in-order traversal approach and proved to be

effective.

ANN was used as a classifier in this work. The network got 64 input nodes, a one layer of 64
hidden nodes, and 8 output nodes to generate the ASCII code of the classified character. The
network was fed with the binary representation of seven primitive types (where he added 3
more primitives to the existing one) and nineteen possible relationships that can exist

between them.

Those primitives are extracted from Amharic characters written with VG 2000 Agazian font
with font sizes of 10 & 12 and tested with font 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 not included in the training set as unknowns for font size of 8. For 12 font size, the
system correctly recognized 74.68% of the characters included in the training set and 81.07%
of characters not included in the training set as unknowns. Again the system correctly

recognized 73.18% of the characters included in the training set and 70.04% of characters not

included in the training set for font size 14.

Yaregal recommended that algorithms for primitive extraction, identification, and
relationship/connection should be developed in order to utilize structural approach for feature

extraction. Also, he noted that segmentation algorithms need to be studied as the current

approach failed to segment italicized characters.

2.4.2 Real-Life Document Recognition
Real-life documents contain several types of noises that surface in the document images. So

far different attempts are done towards recognizing such documents for Amharic scripts.
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2.4.2.1 OCR for Amharic Documents
Million and Jawahar (2005), tried to recognize real-life Amharic documents. They based their
tests on real-life documents like books, newspaper, and magazine. They also tried to

recognize different printing variations of Amharic fonts (such as font face, size and style).

In their work they applied a complete workflow of OCR techniques where they used
binarization, noise removal, and skew correction techniques. The pages are scanned with
standard resolution (i.e. 300 dpi), and are passed through binarization and noise removal
algorithms consecutively. Then, they applied projection profile technique for correcting

skewness of the image.

Once document pre-processing is done, the images are segmented into individual
components. For segmentation purpose they applied horizontal and vertical projection

profiles method.

FFor feature extraction phase, they first convert the segmented characters into a matrix of ones
(represent foreground) and zeros (represent background). This matrix is then converted into a
contiguous vector by concatenating the rows of the matrix. But, since the representation was
too heavy for subsequent computations, they applied a two stage dimensionality reduction
scheme for reducing the dimension of the feature. For this purpose they applied the principal
component analysis and linear discriminant analysis consecutively. The reduced optimal
discriminant feature vectors are then fed into multi-class Support Vector Machine (SVM) for

training.

Once training was completed, they first tested the model for datasets that consider different
printing variations. For this purpose they used PowerGeez, VisualGeez, Agafari and Alpas
where they registered an accuracy rate of 99.08%, 96.24%, 95.53% and 95.16% respectively.
For font sizes of 10, 12, 14 and 16 points they found accuracy rates of 98.64%, 99.08%,

98.06 and 98.21% respectively. Again for normal, bold and italic font styles accuracy rate of

99.08%, 98.21% and 89.67% was achieved respectively.

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

model on Amharic documents that came from books, newspapers and magazines. While
testing, they found a recognition rate of 91.45%, 88.23% and 90.37% for those documents

respectively. Using this scheme high recognition rate was achieved. However, to come up

with a better result, they proposed an intelligent system which can learn from its mistakes.
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2.4.2.2 Recognition of Real-Life Printed Documents

Abay (2010), tried to apply OCR techniques in recognizing real-life printed documents. He
took his training and testing data from real-life documents: Holy Bible, from the popular
Ethiopian fiction ‘Fiker Eskemekabir’, from 'Addis Zemen' newspaper, and ‘Federal Negarit

Gazette’,

Before applying the segmentation algorithms on the scanned images, Abay first tried to
remove noises that are found in many real-life documents. He tested three noise removal
algorithms (Linear filtering, Median filtering, and Adaptive filtering algorithms) and found
out that adaptive filtering works well for most Amharic documents and thus considered for
his work. It was selected because it preserved edges and other high-frequency parts of 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 reported 100% accuracy for line
segmentation. For segmentation of character 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 intensive. But, since the algorithm works
assuming that each character is a connected object in an image, it posed a problem as some of
the Ambharic characters got disconnected stokes (such as the horizontal lines found in
Ethiopic numbers “ 3, & " etc., the punctuation marks “ =, :, £ ” etc., and character like “ @ "
that got detached horizontal bar at top). As a result of this, the algorithm failed to segment all

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

segmentation accuracy rate of 98.55% to 100% on training set.

Abay also applied normalization and thinning techniques in his work. For normalization
purpose he used the pixel brightness interpolation method found in MATLAB® environment.
For his problem at hand, he normalized the characters into 20x20 pixel size as it kept
connectivity of most characters and well preserves the shape most characters. He again used

MATLAB® built in function (bwmorph) for the thinning process.

For classification purpose ANN was used where the 20x20 image matrix is fed to it. In this
technique the thinned version of characters are changed to a value of 1 and 0 for foreground
and background pixels respectively. The network got 400 input nodes, since the total number

of pixels found in the image become 400 (20*20), and 1 output node. The output node
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produces a fraction value between 0 and 1 where it is mapped to one of the 275 Amharic

characters considered for the study.

Using these techniques, Abay reported recognition rates of 97.88% for Addis Zemen
newspaper, 96.41% for Bible, 97.84% for Federal Negarit Gazette, and 95.38% for the fiction
Fiker Eskemekabir on training sets. Similarly, he reported a recognition rate of 14.88% for
Addis Zemen newspaper, 11.04% for the Holy Bible, 10.25% for Federal Negarit Gazette,
and 9.44% for fiction the Fiker Eskemekabir on test sets. He recommended further exploring
should be done in feature extraction and noise removal algorithms to enhance recognition rate
as some of Amharic characters are similar in structure and Amharic document images are

highly degraded.

2.4.3 Typewritten Amharic Text Recognition

Dereje (1999), tried out recognizing typewritten Ambharic characters. At set out, he first tested
the recognition capability of the recognizer that was previously built by Worku (1997). But,
since the features and shape of typewritten characters significantly vary from printed

characters, poor performance was attained.

Therefore, he revised Worku’s algorithm by taking the features of typewritten characters into
considerations. For this purpose, he used the contour analysis method to extract features from
typewritten characters. The extracted features found using this method are then saved into a
table which he used them to create functions in the binary tree. The binary tree developed

using this method then served as a feature extractor as well as classifier.

Dereje also tried to explore segmentation 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 segmentation algorithm. But due to time
limitations for developing the algorithm and incompatibilities with the tree classification

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

width.

His work also included noise removal algorithms that are prevalent in typewritten documents.
For this, he studied the mathematical morphology algorithm and the binary morphological
filters. He found out that the former algorithm makes images to lose their original features

which subsequently reduce recognition capability of the binary tree. Thus, he used the latter

method for removing noises in the images.
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Using these methods, he tested the performance of the recognizer for two test groups. The
first test group was prepared so that characters within them are written in isolated manner and
other test group was prepared without considering this issue. An average recognition result of

61% and 48.47% was achieved for the test sets respectively,

Dereje recommended that segmentation algorithms that can efficiency isolate Amharic
typewritten character images and feature extraction schemes that are not sensitive to

variations of same characters must be studied.

2.4.4 Handwritten Amharic Text Recognition

Nigussie (2000), tried recognizing handwritten Amharic characters. For this purpose, he tried
to recognize handwritings found in check amounms, He applied the basic pre-processing
techniques such as underline removal, slant normalization and size normalization. ANN was
used as a combined feature extractor and classifier which accepted the normalized character
matrix. Nigussie reported the results were unsatisfactory since ANN need sufficient sample
data for training such a complex classification problems. He recommended using other

feature sets for recognizing handwritings,

Messay (2003), also a tried to recognize handwritten characters that are present in postal
address labels, He used a statistical feature extraction scheme (least square method) on
normalized characters of sizes 32x32 pixels. Once he extracted the features, he used ANN for
training and classification purpose. Using this technique he reported a recognition rate that
ranges from 78.5% to 91.9% on training set while a range of 2.3% to 34.9% achieved in test

sets. He 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 two ANN classifiers with input
nodes of 256 and 400 for training and testing a character matrix of 16x16 and 20x20
respectively. Also, to enhance the generalization capability of the recognizer, he introduced
Gaussian noise in the character feature representation. Using this technique, Wondwossen
achieved a recognition rate that span between 95.24% to 98.70% in the training sets and
16.18% to 31.53% on test sets. He recommend that other pre-processing techniques such as

thinning, noise removal, slant correction should be considered in order to further enhance the

recognition performance.
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Other attempts made towards this area include works of Worku and Fuchs (2003), which they
tried to apply Hidden Markov Random Field (HMRF) for recognition of handwriting in legal
amount field of Amharic bank checks. Yaregal and Bigun (2007), where they used less
complex spatial relationships of characters to generate string pattern of primitives which in
turn used to recognize characters. They also tried to recognize unconstrained handwriting of
Ambharic text using Hidden Markov Model (HMM) (Yaregal and Bigun 2011). Table 2-2
shows the detailed algorithmic steps and performance results attended by different authors

discussed so far.

Based on the above literature review, we can note that one of the main challenges in Amharic
OCR development comes from the area of real-life document recognition. This is because
degradation of document and variation in printing is apparent in such documents. Hence, the
current work tries to explore the various character recognition techniques that were employed
so far along with novel and untested approaches to the field. By doing so, the work tries to
add knowledge in the area of Amharic OCR by experimenting the untested methods for their
applicability in Amharic real-life documents. Specifically, the current work focuses on
recognizing typical real-life Amharic document images in which it tests noise detection and

removal algorithms, binarization algorithms, segmentation and feature extraction technique.
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Table 2-2: Summary of local works along with techniques employed and performance rates achieved
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CHAPTER THREE
CHARACTER RECOGNITION TECHNIQUES

For an OCR system to understand and recognize characters found in document images it
executes a series of steps. The steps that an OCR system executes may vary according to the
type of document and texts they are dealing with. In fact, there are also areas where applying
OCR systems can be a 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 typical printed real-life document for Amharic scripts. As a
result, this 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 document
scanning phase is the initial step for any OCR system where the manual document is changed
into document image as a metrics of bits for computer representation. Once the image metrics
of bits are loaded into the memory, pre-processing tasks such as noise detection and removal,

binarization and underline detection and removal algorithms are applied on the image.

Following this the next step, segmentation, works to identify lines, words, and characters
from the pre-processed image. The individual character images identified from the
segmentation stage are then normalized into common size and passed to feature extraction
algorithm to get a vector representation of the character images. It is this simplified vector

representation of the images that is given to the classifier to train or to predict.

Training 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 performed. The
results 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 form to display them to end users using word processing applications,

such as notepad.
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Figure 3.1: Architecture of the proposed Amharic OCR system

3.2 Noise Detection and Removal

A common problem encountered when scanning documents is noise. Noises can occur in an
image because of paper quality, printing machine used, or can be created by scanners during
the scanning process. It can emerge in the foreground or background of an image and can be

generated before or after scanning (Farahmand, Sarrafzadeh and Shanbehzadeh 2013).

As Million (2008) pointed out, salt-and-pepper noise is one of the most prevalent noise type
that is found in Amharic real-life document. According to Farahmand, Sarrafzadeh and
Shanbehzadeh (2013), salt-and-pepper noise is composed of two types of noises. The first
noise, pepper, is a noise that can be introduced during conversion process which can be
caused by dirt that exists in the document. This noise may span one or more pixels. But, by
definition, it is assumed to be much smaller than the size of the text object. If pepper noises
are found isolated in the document image they can be removed by simple filters like median
but if they are larger than that, algorithms like k-fill or morphological operators will be more

effective for removing such noise.

The other group of noise, salt, occurs if the writing ink in the document lacks to fill the
objects and/or inaccuracy in input device. Thus, a salt noise looks like lack of ink in the
document image creating fragmentation. If the fragmentation in the image is too high, it
reduces the segmentation there by recognition accuracy of the system. Simple filters like
median can remove isolated salt noises. Others like morphological-based method can also be
used to remove this kind of noise. This method uses a learning phase for finding parameters
suitable for structuring element. Once this is done, dilation operator is used to fill places

where there is a lack of ink. One of the major drawbacks of this method, however, 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, particularly if the character fonts are very
thick (Farahmand, Sarrafzadeh and Shanbehzadeh 2013).

Though, there are also various noise detection and removal algorithms in literature, this study

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 minimal distortion or degradation in an image
(Russ 2011). The algorithm tires to replace image pixel values with the median of gray values

in the local neighborhood of that pixel.

If a pixel (x,y) is given with a window size of m x n for a certain greyscale image, the
algorithm sorts the intensity values of pixels surrounding that pixel according to the window
size. Once the values are sorted in increasing order by their values, the algorithm takes 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 compute their arithmetic mean. If the number of

pixels is odd, the algorithm simply selects the mid value 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.

(b) (c) (d) (e)

(a)

Figure 3.2: Neighborhood patterns used for median filtering: (a) 4 nearest-neighbor cross (b) 3 = 3 square
containing 9 pixels (c) 5 x 5 octagonal region with 21 pixels (circular in shape) (d) 5 * 5 square containing 25
pixels (e) 7 x 7 octagonal region containing 37 pixels(circular in shape) (Russ 2011).

The step-by-step procedure for Median Noise Filter algorithm is shown in algorithm 3-1.



INPUT: pixel for greyscale image, window size(m x n)
OUTPUT: a real number value for greyscale level
PROCESS:
1. Get value for pixel (x.y)

Get the values of pixels that surround (x,y) in m x n range
Sort the luminance values of the pixels in ascending order
Count the number of pixels
IF count % 2 == 0 THEN

take the middle values for arithmetic mean
ELSE

take the middle value
6. Return value.

v A WN

Algorithm 3-1: The median filter algorithm

3.2.2 Wiener Filter

Another powerful noise filtering algorithm used for removing salt-and-pepper as well as other
types of noises (like Gaussian) is the Wiener filter. The algorithm was first proposed by
Norbert Wiener in the 1940’s where it plays a central role in a wide range of applications
such as linear prediction, echo cancellation, signal restoration, channel equalization and

system identification (Tsai 2013).

When it is applied in image processing it takes account the local image pixels. Whenever the
variance in an image is large, the algorithm results in light local smoothing and when the
variance is small, it gives an improved local smoothing. The approach often produces better
results than the previous linear filtering algorithm. This is because it is more selective in

preserving edges and other high-frequency parts of an image (MathWorks 2013).

The main intuition behind Wiener filter is to design an input for some noisy data and
minimizing the effect of noise at the output according to some statistical criterion. A useful
approach to this filtering problem is to minimize the mean-square value of the error signal
which is defined as the difference between the desired response and the actual filter output.
Its main purpose is to reduce the amount of noise present in an image by comparing it with an

estimation of the desired noiseless signal (Tsai 2013).

To achieve this, the algorithm first starts by calculating the mean (equation 3-1) and variance

(equation 3-2) of neighboring pixels specified by window size of m xn. In order to estimate

the desired response, the algorithm also expects the variance for noise. In cases where it is
impossible to determine the noise variance, the MATLAB" implementation of the algorithm,
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for instance, uses the average of all the local estimated variances. Once these values are

identified, pixel wise Wiener filter using these estimates is calculated (equation 3-3).

1
o m_.,;}:i.jen a(ny, ny) (31)
1
ot'= m_.,,ZlJEn“z(":o"z) - u? (3-2)
2 2
b(my,ng) = p+ === (alny,ny) = p) (3-3)

Where m and n are neighboring pixel in image a and v* are the noise variance (MathWorks 2013).

3.2.3 Image Quality Measures

An image is exposed to several kinds of distortions when various image processing
techniques are applied to it (such as filtering algorithms). The final image produced after
applying those algorithms will not be the same as the original version since the algorithms
modify some of its pixels metrics. Thus, it is very important for an image processing system
to be able to know the final quality of an image so that it can maintain, control and possibly

enhance the quality of the image before further processing (Thung and Raveendran 2009).

Towards measuring quality of produced images, there are basically two ways of image
quality assessment techniques, namely the subjective and objective method. The subjective
method involves human beings to evaluate the quality of the images whereas the objective
method computes the image quality automatically. Though human beings are the ultimate
users of most of the multimedia applications, subjective evaluation is perhaps the most
accurate and reliable way of assessing the quality of an image. However, this method is too
slow and become inconvenient and expensive when the magnitude of images increases. Thus,
objective image quality metrics that can automatically predict the perceived image quality

become more practical (Thung and Raveendran 2009).

Accoriding to Veldhuizen (1998), the two commonly used objective image quality measures
are Mean-Squared Error and Peak Signal-to-Noise Ratio. The Mean-Squared Error (MSE) is
the cumulative squared error between the compressed (final) and the original image.
However, one problem with this approach is, it heavily depends on the image intensity
scaling. For instance, a mean-squared error of 100 for an 8-bit image (with pixel values in the

range [0-255]) looks terrible; but a MSE of 100 for a 10-bit image (pixel values in [0-1023])

is barely noticeable. To avoid this problem, Peak Signal-to-Noise Ratio (PSNR) scales the
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MSE according to the image intensity range. The formulas for the two objective measures

can be stated as:

1 : _

MSE = preyes Zie1 Zfer(ly = I'iy)? (3-4)
LJ

PSNR =10 « log,, ) (35)

Where m and n are the dimensions of the images, I, ; and I' ; are the intensity values of the original and the

compressed image at pixel positions i, j respectively, and L is the dynamic range of the pixel intensity values

(George and Prabavathy 2013).

From the formula it can be seen that a lower value of MSE means similarity among the two
image and hence lesser error. Also a higher value for PSNR means less error as it is inversely
related with MSE. Logically, a higher value of PSNR 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 the error in
reconstruction. So, if you find a scheme having a lower MSE and a high PSNR, you can

recognize that as a better one (Kumar 2001).

3.3 Binarization

Usually documents are scanned either in color or greyscale levels. Yet, such document
images are not suitable for recognizers to pin point objects that are found on them. In order to
achieve this, binarization must be carried out on the image. Binarization is one of the
mandatory pre-processing steps in which it converts a given greyscale image into a bi-level
(black and white) representation. The underlying objective 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 (Rangoni, Shafait and Breuel 2009).

Applying binarization alone in an image removes some of its noises. However, because of the
level of degradations (noise) that occur in real-life digitized documents (such as magazines,
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 quality of the binarization function is crucial for document recognition. This is because

subsequent algorithms such as underline detection and removal, segmentation, and feature

extraction algorithms assume a bi-level image as input.
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Depending on the application of the OCR system, the foreground and the background of a
binarized image can take either of a value. But mostly the foreground (text) can be

represented by 0, which is black, and the background by 255, which is white.

One of the main challenging tasks of binarization is selecting optimal value that is suitable
for thresholding a greyscale image. Any pixel having intensity value less than this threshold
value T is assigned to black (0 value) and above assigned to white (255 value). This can be

mathematically stated as:

25 ) oS0 .
fa(xb.)’b) = { S Uf folXoyo) 2 T (3-6)

0, Otherwise

Where T is any Real number, fo(x, ¥,) and [y, (xy yp) are intensity values [or a pixel point at coordinate

position x and y in greyscale and binarized image respectively.

Towards selecting optimal threshold values, many algorithms have been proposed by
different authors. Generally, we can divide those algorithms into Conventional (Global) and
Adaptive (Local) methods according to the method they use to binarize a given image
(Rangoni, Shafait and Breuel 2009).

According to Rangoni, Shafait and Breuel (2009), Conventional (or Global) methods try o
find a single threshold value for binarizing the whole image. Each pixel in the document
image is compared with this value to decide to which class it will belong. This method is
computationally inexpensive and gives good results for office scanned documents where
illumination in the image is r. However, if the illumination over the document is not uniform
it will fail to correctly binarize the document. One instance of this group which outperforms

the other methods in the class is the Otsu’s thresholding method (Rangoni, Shafait and Breuel

2009).

The other group, Adaptive (or local) method, try to overcome illumination inconsistency in a
document image by computing thresholds for each pixel individually by using the
information from the local neighborhood of the pixel. This method is able to achieve good
results even on severely degraded documents (Rangoni, Shafait and Breuel 2009). But, they
often take a bit of processing time compared to the global methods since the computation of

threshold value is done for each pixel by computing the local luminance value of neighboring
mpared to the other methods in the

fait and Breuel 2009).

pixels. One instance of this group which works best co

group is the Sauvola's binarization method (Rangoni, Sha



3.3.1 Otsu’s Thresholding Method

The Otsu's thresholding method is named after its inventor Nobuyuki Otsu, in which it
involves iterating through the pixel greyscale level histogram to create two groups (i.e.
foreground and background) to calculate the measure of spread (variance o) for each side of
the group. The aim is to find the threshold value where the sum of foreground and

background spreads is at its minimum (Greensted 2010).

Once the pixels are grouped in histogram according to their greyscale intensity levels, two
classes will be created for foreground and background. For each of these classes, the weight
(w), mean (u), and variance (o) will be computed. The weight and variance will then be
multiplied for a class and added with the same computational values of the other class to find
within class variance (equation 3-7). This process continues for all possible groups
(threshold). After the whole process was done, threshold value which has a minimum within

class variance is selected as a threshold value for the image.
The formula for calculating within class variance is given by (Greensted 2010):
within class variance (o) = wyo; + w0/ (3-7)

Where w,, and o} are the weight and variance of the background pixel class and w, and ay; are the weight and

variance of the foreground pixel class.

Otsu also showed that minimizing the within-class variance is the same as maximizing the
between-class variance, which is obtained by subtracting the within-class variance from the

total variance (Kieri 2012).
m;z(t) = g% - Uﬁ(t) = ity (t)wz(f)[ﬂl(‘) = Fz(f)lz (3-8)

The general steps for Otsu’s threshold algorithm is shown in algorithm 3-2.

INPUT: greyscale image
OUTPUT: a real number value for thresholding
PROCESS: '
1. Compute the histogram and probabilities of each intensity level
Initialize w;(0) and p;(0) . .
Step through all threshold values t=1,... to maximum intensity level
- Update w;(0) and pu;(0)
- Compute the maximum a (t)which corresponds to the desired threshold

4. ReturnT

W

Algorithm 3-2: The Otsu’s threshold algorithm for image binarization (Kieri 2012)
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Advantages of Otsu’s algorithm include ease of implementation as well as performance in
binarizing images compared to other global thresholding algorithm. Yet, since it is a global
thresholding algorithm, it assumes that the image is uniformly illuminated which is not a case

in normal scanned real-life documents.

3.3.2 Sauvola’s Thresholding Method

Sauvola thresholding method is a popular local thresholding method where it consults the
neighboring pixels to decide the threshold value for a pixel. In this method, the threshold
value of a pixel is calculated using the mean and standard deviation of pixels in a given
window size. In Sauvola’s binarization method, the threshold T'(x, y) is calculated using the
mean p(x,y) and standard deviation §(x,y) of the pixels within a window of size mxn

centered on pixel (x,y) as:

T(x,y) = u(x,y) [1 + k (m_:.y_)_ 1)] (39)

Where R is the maximum value of the standard deviation (R = 128 for a greyscale document image), and k is a

bias, which takes positive values in the range [0.2, 0.5] which usually takes 0.34 (Singh, et al. 2011),

The general steps for Sauvola’s binarization algorithm is shown in algorithm 3-3.

INPUT: pixel for grayscale image, window size(m x n)
OUTPUT: a real number value for thresholding
PROCESS:
1. Get the illumination value for pixel (x,y)
2. Calculate mean and standard deviation for neighboring m x n pixels
3. Apply equation 3-9 and assign result to T
4. ReturnT

Algorithm 3-3: The Sauvola’s thresholding algorithm

The above algorithm is executed for each of the pixels found in the grayscale image. Because
of this, it takes a considerable time to binarize a given image. However, it gives good results

in non-uniformly 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 writing system, they are usually used to identify topics
& sub-topics, main ideas, or any text that we need to distinguish from others. They are

portrayed by drawing a horizontal straight line at the bottom of the selected texts.
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Underlines in documents images can occur in many different ways. According to (Bai and
Huo 2004) at the simplest case, underlines in document images can occur untouched with the
text line they are emphasizing (untouched underlines) or touched with the lower parts of
some characters in the text lines (touched underlines). Also they can be found fragmented (or

disconnected) and slightly curved.

According to Ermias (1998), such underlines can be removed from Ambharic document
images as they do not belong to the original image. This is because, in Amharic writing
system characters in text lines lie at in the same level with no ascent and descent. Also, unlike
other writing systems like Bangla script that have a top line (Matra line) drawn in horizontal
position where characters hang, the Amharic characters stand on an invisible imaginary
baseline. Hence, underlines can be considered as noise and can be discarded from a document

image.

For removing untouched and touched underlines in Amharic document images, this work
considered the work done by Sharma and Khandelwal (2013), which initially used for
detecting and removing underlines found on Devanagari Script. The algorithm first assumes
the lower zone as a region of interest (ROI), since underlines are normally found at the
bottom of texts lines. If this region contains maximum horizontal projection (sum of black
pixels along a row), the value is checked with a certain threshold value. For estimating this
threshold value for deciding whether an underline exists in a line, the algorithm makes use of

the width of the image.

The general 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 the word image
Detect line and find it’s length using horizontal projection
If length >= 70% of word image width then flag image as underlined and remove underline

Return processed image

[3S]

& QL

Algorithm 3-4: Underline detection and removal algorithm by (Sharma and Khandelwal 2013)

3.5 Text Segmentation

Segmentation of text from images is another critical component of any OCR system. In the

context of OCR, it is the process through which text component within an image is isolated

from the background for recognition purpose. Text segmentation, in general, incorporates line

47




segmentation, word segmentation and character segmentation from a document image (Saha,
et al. 2010).

According to Dereje (1999), there are generally two common approaches for segmentation:
stage-by-stage and recursive segmentation. In stage-by-stage approach, lines found within an
image, words found within a line, and characters found within a word are extracted in
successive manner. On the other hand, recursive segmentation is an approach that we use 1o
segment connected characters in which the segmented characters are checked if their pattern
is a character image. According to Worku (1997), among the two approach stage-by-stage

segmentation algorithm found to work well for Amharic printed documents.

Stage-by-stage segmentation algorithm uses projection profile method to isolate lines, words,
and characters from a given image. Projection profile method applies projected histograms

drawn according to the frequency (count) of black pixels in the image.

The lines of a text block, in this approach, are detected first by scanning the input image
horizontally. Frequency of black pixels in each row is counted in order to construct a
horizontal projection histogram (see Figure 3.3). When frequency of black pixels in a row is
maximum, the projection histogram creates peaks in the histogram. Conversely, when their
count is low a valley will be created which denotes a boundary between two consecutive

lines.

N0 F O @A hrTTo: 2L 29P0LA T——————
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AT 21000 L0 GHPA: I

Figure 3.3: Horizontal projection in a sample text creating 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 pixels in each column in a line image is

summed to construct a vertical projection histogram (see Figure 3.4). Again, in places where

characters are present, the histogram will have peaks and in places where there are no

characters (i.e. white spaces) it will create a valley. This information is then used to segment

ess is also done iteratively for segmenting

2011).

words out of the line image. This same proc

characters out of word images (Yeasmin, Shabbir and Naser
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Figure 3.4: Vertical projection in a sample text line

One of the issues that must be considered here is the concept of a threshold value. A

threshold must be set as it helps to decide the point where image segmentation should take

place. The steps involved for Stage-by-stage segmentation algorithm is shown in algorithm 3-

i

INPUT: image(i), threshold value(T)
OUTPUT: array of images (imageArray)
PROCESS:

I.  Get the sum of black pixels in horizontal direction and add them in Queue

2. Dequeue the queue until a value greater than T is found, if so add the point in array

3. Dequeue the queue until a value less than T is found, if so add the point in the array and go to

step 2.

4. Do processes 2 and 3 until the queue becomes empty

5. Segment lines in the image by using paired values in the array

6. For each identified lines in step 5

- Get the sum of white pixels in vertical direction and add them in Queue

- De queue the queue until a value greater than T is found, if so add the point in array

- Dequeue the queue until a value less than T is found, if so add the point in array and
go to the previous step

- If the queue becomes empty, start segment characters in the line using paired values
in the array

- Add segmented characters in imageArray

7. Return imageArray

Algorithm 3-5: Stage-by-stage segmentation algorithm

This method is commonly applied for printed documents. However, it fails to segment
documents that are skewed and noisy. Therefore, skew detection and noise detection and
removal algorithms must be done in the image before applying this method for segmentation.

Also, since it uses black pixels for drawing histograms, the algorithm expects a thresholded

image as an input (Soujanya, et al. 2012).

3.6 Size Normalization
Size normalization in OCR is a transformation of an input character image of arbitrary size

into an output character image of a pre-specified size. Size normalization involves image

dimension changes, which involves re-sampling of the image pixels by different factors in the

orthogonal dimensions (Ghadiyaram 2009).
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Size-normalization 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 1o the classifier to

have fixed length.

In order to transform a given image into a new size we can apply different methods in the
original image. Actually, what normalization does is it maps pixel (x,y) in an image with
width W and height H into a new coordinate (x,, y,) with width W, and height H,. The main
issue in mapping a new pixel here is on deciding the intensity value of (x,,,y,). There are
different mapping techniques used for deciding intensity values of pixels in the new image

which are Nearest Neighbor, Bi-linear, and Bi-cubic.

3.6.1 Nearest Neighbor

This mapping technique is straight forward in which it uses the nearest pixel to determine the
intensity value of the projected pixel in the new image. To achieve this, the algorithm iterates
through each pixel in W, and H, such that it takes the ratio of x with W, and y with H, and
multiplies them to W and H respectively. The values we get from these calculations are then
rounded to the nearest value and taken as coordinate points in the original image to get their

respective intensity values.

One thing to note at this point is that, in most of the cases the ratios of the pixels to lengths do
not produce a discrete number. Therefore, we use a rounding function to remove the decimal
part, hence, the method is called nearest neighbor. The general steps for nearest neighbor

normalization algorithm is shown in algorithm 3-6.

INPUT: image(i), new width (W,), new height (H,)
OUTPUT: normalized image
PROCESS:
I. Forall x in H,and y in W,
- Calculate x/ H, and multiply it with height of i
- Calculate y/ W, and multiply it with width of i |
Take the rounded values of the previous Iwo steps as coordinate points to get the |

corresponding intensity value in i . . .
Assign the intensity value from the previous step to coordinate point (X,, y,) in W,

and H, '
Continue until x and y are less than H,and W, respectively '|

2. Return normalized image with width Wy and H..

Algorithm 3-6: The nearest neighbor algorithm for image normalization (Ghadiyaram 2009)



One advantage of this algorithm is that it got fast execution time compared to the other
normalization techniques. However, the method produces aliasing or stair-stepping of the

lines in the new image, and apparent variations in their width (Russ 2011).

3.6.2 Bilinear

Bilinear interpolation method considers the nearest 2x2 neighborhood of the original pixel for
deciding the intensity values of the new pixel. Once it gets the intensity values for these 4
neighborhood pixels, it calculates the weighted average to arrive at its final luminance value.
Such approach results a much smoother looking images than the previous nearest neighbor
algorithm. The general step involved in bi-linear normalization algorithm is shown in

algorithm 3-7.

INPUT: image(i), new width (W,), new height (H,)
OUTPUT: normalized image
PROCESS:
1. ForallxinH,and yinW,
- Get intensity values for (xy), (x*+1,y), (xy+1), and (x+Ly+1) ini
- Calculate the weighted average values for the intensity values
- Assign the intensity value from the previous step to coordinate point (x,, y,) in
W, and H,
Continue until x and y are less than H,and W, respectively
2. Return normalized image with width W, and H,.

Algorithm 3-7: The bi-linear algorithm for image normalization

306.3 Bi"C“bic
Bi-cubic is another mapping method in which it considers the closest 4x4 neighborhood of

the original pixel to estimate the intensity value of the projected pixel. Since, 16 of the pixels
that are considered by the algorithm are at various distances from the original pixel, closer

pixels are given a higher weighting in the calculation (McHugh 2013).

Bicubic produces noticeably sharper images than the previous two methods, and is perhaps
the ideal combination of processing time and output quality. For this reason it is a standard in
many image processing applications (including Adobe Photoshop), printer drivers and in-

camera interpolation (McHugh 2013).

The general step involved in bi-linear normalization algorithm is shown in algorithm 3-8.
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INPUT: image(i), new width (W), new hcr’g-h_rﬁz;
OUTPUT: normalized image
PROCESS:
1. ForallxinH,and yinW,
- Get intensity values for (x-1,y-1)(xy-1)0x+ 1 y-1)ix+ 2. D001 yhixy)ix+1.v),
(x+2Y),(x-1y+1)(xy+ 1), (x+ 1y + 1) (x+ 2.y + 1 )(x-1 9+ 2)x.x+2)(x+ 1 y+2).
(x+2y+2)ini
Calculate the weighted average based on the nearness to (xy) for intensiry
values found in the previous step
- Assign the intensity value from the previous step to coordinate point (x,.v.) in W,
and H,
Continue until x and y are less than H, and W, respectively
2. Return normalized image with width W, and H,,.

Algorithm 3-8: The bi-cubic algorithm for image nommalization

3.7 Feature Extraction using Zoning Technique

Feature extraction helps us to find shape contained in a certain pattern (Verma and Ali 2012)
Identifying best features grants us to identify characters uniquely with high degree of
accuracy. In this regard, Zoning is one of the most popular methods in OCR for extracting
features of characters (Murthy and Hanmandlu 2011). The conventional zoning uses m x n
grid in which each cell (or zone) created by the grid is computed for the percentage of black
pixels (see Figure 3.5). The computational values of these cells are then taken as a feature
representation for the corresponding character. Thus, for m x n grid the technique gives us a

feature vector of length m*n (Trler, Jaln and Taxt 1996).

Figure 3.5: Sample zone for grid sizes of 2x2, Ix3, 4x3 for the character "v”

For the purpose of calculating the percentage (or density) of black pixels in a cell the

conventional approach takes the ratio of black pixels that the cell spans by the total number of

pixels the image has (Trler, Jaln and Taxt 1996). This mathematic ally can be stated as
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However, this calculation leads to some errors as several combinations of black pixels can
yield the same density value. Particularly, in languages where there are a number of
characters and structural similarity among them is too high, the technique produces the same
feature vectors for similar characters. Figure 3.6 show sample configurations of black pixels

that may yield the same result while computing average pixel density for a cell.

O -

Figure 3.6: Different combinations of black pixels that result the same value for a zone

o avoid such problem, Murthy and Hanmandlu (2011), proposed a method that also take
location of black pixels into account. The technique they develop uses average vector

distance to calculate feature value for a cell.

'he modified technique assumes the left comer of each grid as absolute origin. From this
origin it tries to calculate the coordinate distance of all black pixels that a cell contains
(equation 3-11). The coordinate distances of those pixels are then added and divided by the
sum of coordinate distance of all pixels that the cell spans (equation 3-12 and 3-13). Figure

3.7 show the graphical illustration of the processes described.

Figure 3.7: A sample 2x2 zoning on character “v”

db - (-rb '_xn) ‘% (_Vh - y“)‘, (3-11)

dw=\/6w-xn)2+(yw-yn)z (3-12)
~Mp

v = )"":'d?,h (3-13)

n 3
Tymy dwt Ly=1 db

: : (v v.)is the : » PO he o (Xp. ¥
Where v, is the feature vector representation for cell i, (Xg, ¥o) IS the coordinate points of the origin, (X, ¥s)
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and (x,,, y,,) are the coordinate points of black pixel and white pixel in a cell respectively, nyand ny, are the

(otal number of black pixels and white pixelsina cell respectively.



This technique gives us a value that span between [0 , 1], where 0 is for a cell that contains no
black pixel and 1 is for a cell that is fully covered by black pixels. The algorithmic step

followed for extracting features from character image using the modified zoning technique is

shown in algorithm 3-9.

CINPUT: image(i), number of zones in x & y direction
OUTPUT: array of features for an image
PROCESS:
1. Segment the image(i) according to the number of zones provided
2. For each segmented zones
- Get the coordinate distances of black pixels
- From the bottom left corner compute their coordinate distance using equation
(3-11)
- Sum the result
- Get the coordinate distance of all white pixels
- From the bottom left corner compute their coordinate distance using equation
(3-12)
- Sum the result
Take the ratio of the previous two sums using equation (3-13) and add it to an
array of features
Continue until all zones are computed
3. Return array of features

Algorithm 3-9: Algorithm for extracting modified zoning leature

3.8 Classification using Support Vector Machine (SVM)
Classification basically decides the feature space in which the unknown pattern belongs
(Verma and Ali 2012). Among the many classification methods exist in literature, SVM is

one which is widely used in field of OCR (Ng 2012).

Support Vector Machines (SVM's) are computationally inexpensive learning methods which
were first introduced by Vladimir Vapnik and his colleagues in 1995. The basic idea is to find
a hyperplane which separates the d-dimensional data perfectly into two 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 classifier to

be robust enough to generalize new instances correctly.

ain intuition behind SVM is to find a hypothesis function
4 -4+ B,x, such that hg(x) takes either 0 or 1 by

According to Ng (2012), the m
ho(x) = 0, + 0,x, + 0%, + 03%3

using equation 3-14.
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(3-14)

Where 6, is the equivalent matrix representation of 8,x, + 6,%, + Osx; 4 Byxy 4 4 O,x,

Here the main challenge is determining the values @;. In order to calculate #,, SVM looks
possible parameter matrix of numbers that will eventually minimize the optimization

objective given as:
mingC Y, [yicost, (0x) + (1 =y )costy(0x,)] + i S 0f (315)

Where C is any constant number, m is number of training examples, y Is the class label, cost, & cost, are

1

respective results for class labels 1 and 0 where cost, = —!agr:lﬁ and costy = =log(1 = ——557)

SVM can be used to classify linearly separable data as well as non-linear data. Linearly
separable data is the one which can be separated by a line or hyperplane according to the
dimension (attributes) of the data. Whereas non-linear data got complex decision boundary

structures as shown in Figure 3.8.

w

Figure 3.8: Different configurations of data (a) Linearly separable case (b) Non-linear decision boundary

For non-linear classification problems, SVM uses Kemels (similarity functions). Those

kernels are functions which are used to measure similarity between landmarks (random

points) and point x;. Given arbitrary points Iy, 2, I3, ... the classifier tries to map different

combinations of x; such that, the hypothesis function can be re-written as hg(x) = 6, +

0.fy + 0,f, + O3f; + -+ Oyfy where fi can be high order polynomial of x;. Once, /i

vector is constructed using kernels, the optimization objective given in equation 3-15 is

written:

fl = similarity (x;, 1), fi = similarity (x; ), <o s fon = similarity (x;, 1)

55



mingC X124 |yicosty (6,f1) + (1 = yicosty(0.1')] + % i 0/ (316)

There are several similarity function for calculating /' (Ng 2012). However, the most popular
and commonly used similarity functions are:

* Radial bias (Gaussian) kernel where similarity (x,,l,) = exp(~ g ~ :.n)
204

* Linear kernel (no kernel) where similarity between landmark and x, is calculated by
just taking hg(x)

* Polynomial kernel where similarity (x;, ;) = (x'l, + €)*

» Sigmoid kernel where similarity (x; ;) = tanh(x'l, 4+ ()
SVM is known to have low generalization error, computationally inexpensive and produce
easy to interpret results. Its demerit includes its sensitivity to tuning parameters and kernel
choices and handling only binary classification problems. However, to alleviate its nativity in
handling binary classification problems, we can integrate the concept of one-vs-all approach

into it (Harrington 2012).

One-vs-all SVM classify new examples by a winner-takes-all strategy (Kieri 2012). Using
this technique we can broaden the application of SVM’s in multi-class classification
problems. In this technique, separate classifiers are trained for each class to distinguish them
from all the other classes. For example, if we have N classes then N hypothesis functions
[hy(x)] are produced for each class. A hypothesis functions create a boundary between a
class and the rest of classes considering them as a single set of class. The hypothesis
functions that are produced in this way are then computed each time when classification is
performed in new unseen pattern. The hypothesis function that gives higher value is then

selected as the class label for the new pattern (Ng 2012). This can mathematically stated as:

max; (hj(x)) (3-17)

Where i is the class label, and hj(x) is the hypothesis function used for classifying class i with the rest of the

classes

For the purpose of handling multi-class classification problems, we have several software

packages like liblinear, libsvm, etc. which got a built-in multi-class SVM classification

functionalities.




3.9 OCR Performance Evaluation

Evaluating performance of an OCR system is an important concept in which it helps us to
compare effectiveness across different systems. To achieve this, researchers make use of a

standardized benchmark test sets to report performance of their respective system.

In case of Amharic, we do not have a publicly available benchmark test sets yet. Hence, the
author willingly chooses its own test sets and report recognition rates, which are usually
presented as the percentage of characters correctly classified by the system. In such scenarios,

however, it is difficult to truly evaluate and compare performance across different systems.

As pointed out by Eikvil (1993), evaluation of OCR system can be based upon three
important measurements: recognition rate, error rate and rejection rate. Recognition rate
measures the proportion of correctly classified characters from the total characters (equation
3-18). Conversely, error rate (or substitution error) measures the proportion of characters
erroneously classified (equation 3-19). Those misclassified characters go by undetected by
the system, and manual inspection of the recognized text is necessary to detect and correct
these errors. And rejection rate, measures the proportion of characters which the system was
unable to recognize. Those rejected characters can be flagged by the OCR system, and

therefore can easily be retraced for manual corrections.

a2 correctly classifted characters X 100% 318
= d )
Recognition Rate total characters (
o p N misclassified characters X 100% (3-19)
Substitution Error = ———=2mmmess

Those measurements can be done in training as well as test sets and are usually reported in

percentage.

Using the previously discussed techniques for character recognition, an experiment is
conducted in document images that are taken from real-life to see their corresponding effects

in recognizing Amharic characters found on them.
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CHAPTER FOUR
EXPERIMENTATION AND DISCUSSION

The main purpose of this study is to apply OCR techniques in recognizing machine printed
characters that are found in typical real-life documents. To achieve this goal, the Amharic
OCR system first accepts scanned documents which are then passed by pre-processing
techniques. The pre-processed document images are then segmented into individual
characters which are then normalized to a fixed size. The normalized characters are passed to
the feature extraction module where features of characters are extracted. The extracted
features are then used for training the model (see Figure 3.1). For measuring the performance

of the model produced, dataset taken from real-life documents are used.

4.1 Data Collection and Scanning

Data collection in OCR context is concerned with preparing sample documents for training as
well as testing purposes. The data to be collected must be in a way that it accommodates
different writing styles, font face and sizes. Currently, it is difficult to find a benchmark
corpus for Amharic scripts to base training and testing. Thus, most researchers use

convenience sampling method for collecting both sets of documents.

For this particular study, training data is taken by printing the Ethiopic characters found in
Annex-1. This character set is selected because of the fact that all characters for the language
can be found in one page which eventually save valuable time. Hence, five printout copies
are prepared for two different font faces that usually appear in Amharic real-life documents
(Nyala and Visual Geez Unicode) with normal font style of size 12 points (which is also

frequently used font size). The characters are printed on A4 sized clean white sheet paper.

ed by Abay (2010) is used as it consists of real-life
n 'Fiker Eskemekabir’, from the popular

For the purpose of testing, test set propos
documents taken from the Holy Bible, from the fictio

government Amharic newspaper 'Addis Zemen', and from 'Federal Negarit Gazette'. Abay
(2010), stated that texts from those document samples were chosen for the following main

reasons:

in diversity i i iti igi s, , science,
* They contain diversity in their contents (politics, religious, arts, sport

culture, advertisements, etc.).
* Ambharic characters in these sources are written

and fonts which is important for the problem domain to be

with a variety of writing styles, sizes

dealt.
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» They are believed to have real-life features that occur in most of Amharic documents.
» They are easily accessible.
As a result, for this particular study, Amharic Holy Bible 1962 Edition printed by Birana
Selam Printing press, Fiker Eskemekabir 7" Edition printed by Bole Printing press in 1990,
Addis Zemen newsletter issue for February 14, 2014 Year 73 No. 157, and Federal Negarit
Gazette of January 6, 2014 Year 20 No. 8 are used as sources of texts for test sets.

From the test sets, the very first pages of the two books (Holy Bible and fiction Fiker
kskemekabir) and the very first articles of the newsletters (Addis Zemen and Federal Negarit
Gazette) are taken as sources of document image. The main rationale behind selecting the
first parts of test sets is because; those parts are exposed to the outside environment which
makes them vulnerable to different types of noises that surface in real-life documents
(especially in the newsletters). Also, texts from middle page and last page are taken as test
sets. Thus, from each of these documents, three pages are extracted for testing purpose,

The total number of extracted pages and characters found in training as well as test sets is
shown in Table 4-1. For the last test set, Federal Negarit Gazette, the three extracted pages
contain fewer numbers of characters than the other test sets. Thus, in order to avoid any
skewness towards the other. sets in the final performance report of the system, one page is
added from the test set to balance the total number of characters across all test sets.

Pages | Total Characters | Distinct Characters
Collected Document Extracted Contained Contained

- Nyala Font 5 1570 314

Tl‘i;m‘mg Visual Geez Unicode 5 1570 314
X Sum 10 3140

Holy Bible 3 2557 165

Testin Fiker Eskemekabir 3 2545 144

éﬂ 8 | "Addis Zemen Gazette 3 2494 159

Federal Negarit Gazette 4 2664 160
Sum 13 10260

contained in training and testing data set

Table 4-1: Number of pages and characters
For the problem at hand, a flatbed scanner is used to convert those collected manual

documents into electronic format. For this purpose, HP Scanjet G2410 device is used along
with Windows® 8 Fax and Scanning software tool. The documents are scanned in greyscale

level with the default zero contrast and brightness levels with a resolution of 300 dpi. This

resolution is selected because such value is optimal for keeping text textures of font sizes



with 8 points and above which are commonly used font sizes in Amharic real-life documents

(see Figure 4.1).

The scanned images for both training and test sets are then stored in BMP image format. For
test sets Holy Bible, Addis Zemen and Federal Negarit Gazette, the scanned images contain
neighboring texts that are beyond the targeted texts. Thus cropping was done manually on the
images to remove the untargeted texts. Annex Il shows the cropped scanned images of

documents for the test sets used in this study.
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Figure 4.1: Effect of scan resolution in sample text size of 10 pts. (a) Scanned at 50 dpi (b) Scanned at 100dpi
(c) Scanned at 150dpi (d) Scanned at 300dpi
4.2 Document Image Pre-Processing
The pre-processing stage of OCR spans many individual algorithms that are applied on
images based on the type of problem at hand. For this particular study, mandatory pre-
processing step like binarization and optional pre-processing step like noise detection and
removal algorithms are applied to explore their effect in recognizing typical real-life Amharic

documents,

4.2.1 Noise Filtering

Noise is any unwanted foreign material that appears in images. Particularly,
quality of paper used, age of the

scanned

documents may contain various noises that arise due to

document, printing machine and scanning device used etc. To remove these noises different

filtering algorithms are applied on images.

In this work, two noise filtering algorithms (Median filter and Wiener filter) are tested for

their corresponding cleaning effect on the test sets. The former, median filter is a kind of

s often used in image processing to reduce salt and pepper noise

nonlinear operation which i



type. The algorithm tries to take the median value of the local pixels that are specified in
m x n window size. Similarly, Wiener filter tries to smooth out noises by modifying itself to

the local image variance in the given window size.

To implement those noise filtering algorithms, MATLAB® R2011b Image Processing
Toolbox™ is used. The built in functions medfilt2(i,[m n]) and wiener2(i,[m n])
are used to apply median and wiener filter in image i with window size m x n respectively.
Since those matlab functions expect a two-dimensional array (or greyscale image),

rgb2gray (i) is used to change image i into its equivalent greyscale level,

For this purpose, two functions are created in MATLAB"® environment for each of those
filtering algorithms. The function are then compiled and deployed in a file to interface them
in Visual C# programming environment (see Annex I11: Median Noise Filtering & Wiener
Noise Filtering Algorithms for their matlab implementations). Also, to measure the amount of
disturbances that those noise filtering algorithms bring upon the image, a function is created
to measure MSE and PSNR in MATLAB" environment (see Annex IlI: Image Quality

Measurements for their implementation).

As those filtering algorithms need a window size as an argument, an experiment is performed
first on the first pages of test sets to determine the one that gives better result. In this regard, a
matlab default window size of 3x3 is found to perform best for both algorithms. This window
size is proved to smooth out noises and cause less distortion on the images. An iterative
experiment on test set showed that a window size greater than this created blurred images
(see Figure 4.2). Also, the quality measurement for 3x3 window sizes found to give lower
values in MSE and higher values in PSNR measurements compared to other respective

window sizes (see Table 4-2). Thus, this window size is selected for filtering out noises in the

test sets.
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d wiener filtering algorithms on a sample image taken from the
with 3x3 window size (¢) Median with 5x5
x3 window size () Wiener with 5x5 window

Figure 4.2: Effect of window size in median an
second line of test set Holy Bible (a) Original image (b) M““af‘
window size (d) Median with 7x7 window size (¢) Wiener with 3
size (g) Wiener with 7x7 window size
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Test Sets

Wi'}d‘“" ; Fiker Addis Zemen | Federal Negarit
Size Holy Bible Eskemekabir Gazette Gazette
MSE | PSNR | MSE | PSNR | MSE | PSNR | MSE | PSNR
3x3 | 88.7325 | 28.650 | 49.915 | 31.149 | 88.73 | 28.650 | 39.661 | 32.147
5x5 | 215.156 | 24.803 | 127.73 | 27.068 | 215.2 | 24.803 | 90.479 | 28.565
7x7___| 443.569 | 21.661 | 259.80 | 23.984 | 443.6 | 21.661 | 169.62 | 25.836
wiener |—3X3 | 24.051 | 34.320 | 26,022 | 33.977 | 47.81 | 31.335 | 17.627 | 35.669
vy 5x5__| 48.6397 | 31.261 | 33.557 | 32.673 | 68.69 | 29.762 | 22.041 | 34.698
7x7 | 88.7978 | 28.647 | 47.056 | 31.405 | 95.10 | 28.349 | 27.461 | 33.744

Median
Filter

Table 4-2: Results of image quality measures (MSE and PSNR) on test set document images

Image quality measures (like MSE and PSNR) are also used to select the best performing
algorithms. Thus, for this work they are used to compare Median filter with Wiener filter. As
it can be seen from the Table 4-2, for a window size of 3x3, Wiener filtering algorithm
resulted lower values for MSE and higher values for PSNR across all test sets than the 3x3
window sized Median filter algorithm. This means that the wiener filter is able to smooth out
noises creating relatively small disturbances than its counter median filter. Thus, for this
work, wiener filter is selected as noise removal algorithm. Therefore, all test set images that

are presented in Annex I1 are denoised using this algorithm using a window size of 3x3,

4.2.2 Thresholding Filtered Images
Thresholding (or binarization) is the process in which images in greyscale or color levels are
converted into a bi-level (black and white) image such that, objects (in this context

characters) that are found in images can be easily identified.

When a greyscale or colored image is binarized, a certain threshold value must be set so that
pixel intensity levels that are less than this value are assigned to black pixels and values
greater are assigned to white pixels. To determine this threshold value either global or local
approaches can be followed. When using the global approach we use a single threshold value
to binarize the whole image. While using local method, threshold values are calculated using

the neighboring pixels and its value is changed every time as it scans through the image.

In this work, the widely used algorithms: namely, Otsu global thresholding and Sauvola local
thresholding algorithms are tested from each group. For implementing those algorithms,
again, MATLAB® R2011b is used. The Otsu thresholding algorithm is found in Image

Processing Toolbox™ thus a function is created without difficulty. In order to calculate the

Otsu global threshold value graythresh(i) function is used. Once the threshold value for



image i is found using this function, it’s returned result will be given to im2bw(i,1) to
binarize the image where 1 is the returned result of graythresh(i)(See Annex 111: Otsu
Binarization for its implementation).

For implementing Sauvola algorithm, the researcher adopted a function developed by (Mot
2013). This is because it was not implemented in the MATLAB" Image Processing

Toolbox™ yet. For the implementation of the algorithm see Annex I11: Sauvola Binarization.

Sauvola local thresholding algorithm needs a window size as an argument. Thus, an
experiment is performed beforehand to select an optimal value. Through an iterative
experiment in test sets, it is discovered that a window size value greater than 10x10 works
well. When a value less than this window size is provided, the algorithm tends to convert the
black pixel to white pixels (see Figure 4.3). Thus, for this work, a 20x20 window size is

selected.
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Figure 4.3: Effect of window size in Sauvola local thresholding algorithm (a) Original image (b) Sauvola with
window size of 5x5 (b) Sauvola with window size of 10x10 (¢) Sauvola with window size of 20x20 () Sauvola
with window size of 30x30

To measure the effect these binarization algorithms produce in Amharic real-life documents,
the researcher used images produced by Wiener filtering algorithm that are produced from
the previous section. Each de-noised document image is then passed through these two
binarization algorithms. Also, as it was discussed in section 3.3, since binarization have the
ability to remove some of the noises that are found in real-life documents, the binarization

algorithms are applied in the test sets directly to see their corresponding results.

Since the previous image quality measures compare images from the same domain (such as

greyscale with greyscale), at this stage a subjective evaluation is conducted. From the overall

output it is noticed that Otsu and Sauvola algorithm
on images. But Otsu method found to create more clutter no
content which are usually larger than the text in binary images) and marginal
create dark shadows that appear in vertical or horizontal edges of an image) than its counter

s found to smooth out some of the noises
ises (unwanted foreground

noises (that

Sauvola,




Sauvola local thresholding algorithm, however, found 10 binarize images perfectly
eliminating clutter and marginal noises. The algorithm also got advantage over Otsu in
binarizing non-uniformly illuminated images, which is a common incident that occurs while
scanning real-life documents. Especially, when scanning thick books that got many pages,
some shadow is created at the center corner of the book on the image. This binarization
algorithm, however, found to remove those shadows as it uses local threshold values. Figure

4.4 depicts an instance of this scenario,
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Figure 4.4: Comparison of Otsu and Sauvola method in non-uniformly illuminated document image (a)
Original image (b) Otsu method (¢) Sauvola method
When applying these binarization techniques in Wiener filtered images, it is observed that

both algorithms erode some pixels off from the characters. However, a close inspection on

the images shows that Otsu applied images created wider disconnections than Sauvola

applied images. As it can be seen from Figure 4.5, for instance, the character “1." lower right

appendage is wider for Wiener-Otsu method than the Wiener-Sauvola applied method

(images (d) and (e)).
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Figure 4.5: Sample close up character image taken from the first line of the previous images (a) ( riginal image
(b) Otsu method (c) Sauvola method (d) Wiener followed by Otsu (¢) Wiener followed by Sauvols

Even though, Sauvola method alone smoothed out noises out of the images (image (c)), it
was seen creating several isolated black pixels particularly in areas that had folding’s and
high noises. In the contrary, it is seen that those pixels are removed while applying it in

Wiener filtered image.

However, still few isolated pixels are noticed in Wiener-Sauvola applied images. Those
isolated pixel should be removed so that the subsequent segmentation algorithm works
properly. In order to remove such isolated connected pixels, a matlab function
bwareaopen(i,p) is used where i is the image and p is the maximum count of pixels that the
isolated pixel will contain. According to Sertse (2011), a threshold value of 10 is found to be
optimal for removing such pixels in Amharic documents. Thus, this value is adopted in this

work to remove those isolated pixels.

Since the function bwareaopen(i,p) deletes white areas smaller than p pixels, another
MATLAB® function imcomplement(i) is used before and after the removal process.
imcomplement (i) receives an image and returns its complemented result. For a binary image,
it changes white pixels to black pixels and black pixels to white. The function for removing

out those isolated pixel points is presented in Annex I1I: Remove Isolated Pixels.

Therefore, along with bwareaopen() function, Wiener filtering algorithm together with
Sauvola local thresholding algorithm with window size of 20x20 is adopted. Thus, the test set
images that were produced from the previous sections are binarized using this method. Also,

the training 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 to the process of id
characters from a binarized image. Correct extraction of those objects from a
critical as the next consecutive recognition phases heavily depend on the output of this phase.

entifying lines, words and

n image is

n literatures, this work adopted the

Among the many segmentation algorithms found i
nt segmentation (Soujanya,

Projection profile method as it commonly used in printed docume
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et al. 2012). The method uses histogram projections to estimate the positions where
characters exist. To achieve this, it first calculates the sum of black pixels found in horizontal
axis to locate positions where text lines are found in the image. In places where text lines are
present, the sum score gives higher values; conversely it gives lower values for the gaps that
are found between character lines. This information is then used 1o extract lines from an
image. Similarly, to extract words and characters from a line, a vertical projection profile is

calculated by summing the vertical pixels for the width of the line image.

4.3.1 Line Segmentation

In this particular work, for the purpose of extracting lines from images, a Visual C# method is
developed. The function developed accepts image and threshold value as parameters and
returns a List<> type data structure containing the coordinate points for segmentation. The
function first iterate through the rows of the image for summing the frequency of black pixels
in a row (see Snippet 4-1). Once this is completed, successive indexes of sums that got higher
and lower values from the threshold are taken as segmentation points for a line (Annex 1V:

Line Segmentation).

for (int y = @; y < img.Height; y++)
{
for (int x = @; x < img.Width; x++)

{

//get the color value of the current pixel
pixelColor = img.GetPixel(x, ¥);

//check if the pixel is black
if (pixelColor.R == @ && pixelColor.G == @ && pixelColor.B == 8)

black_sum ++;

//add the sum of pixels in a row

row_sum. Enqueue(pixles);
//restart the sum of black pixels for the next row

black_sum = 8;

Snippet 4-1: Horizontal projection in an image

Through iterative experiment a threshold value of 7 is selected and used to segment training
and testing data sets. Using this threshold value for the number of black pixels, the developed

method is able to segment all of the lines. However, some errors were seen while it tries to

segment the character “fi” along with its variants in the training set. The algorithm segmented

the upper appendage and the body part as individual lines. Also, some black spots found in

the test sets are wrongly segmented as lines.



To address the latter issue, the researcher looked at the data set at hand and observed that
these foreign lines got a relatively small height compared to the actual text lines. By taking
the ratio of foreign line heights to the average of text line heights it is confirmed that these
lines got at least less than half of the average text line height. However, only taking this
relation for ignoring these foreign lines may pose a problem in discarding smaller text lines in
documents that contain different sized texts. To tackle such scenarios, the median height
value of text lines is taken instead of the average height. Thus, any lines that are below half of

the median height are considered as foreign lines.

To implement this concept, the above method is modified to include calculations of
respective height and validating task for deciding whether a line is foreign or not (see Snippet
4-2). Using this method, all foreign lines are removed from being considered as lines in all of
the test sets. Figure 4.6 shows before and after result on a sample image taken from first page

second paragraph of test set Fiker Eskemekabir.

Queue<int> temp_queue = new Queuecinty(vertical points);
List<int> line_height = new List<int>();

int p1 = @, p2 = 8;

while (temp_queue.Count > @)

{
pl = temp_queue.Dequeue();
line_height.Add(p2 - pl);
}

//sort the heights of the lines

line_height.Sort();

//take the middle value of the heights .
int height_threshold = (line_height [(1ine_height.Count / 2)])/2;

p2 = temp_queue.Dequeue(); .

Snippet 4-2: Median height calculation for estimating average line height
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Figure 4.6: Sample images showing line segmentation results (a) Before applying the modified algorithm (b)
After applying the modified algorithm

As it can be seen from the above figure the black spots found between the second and third
line and between the fifth and sixth line were discarded from being considered as lines in the

modified algorithm.

Thus, this algorithm is used for segmenting lines in training as well as test sets, While
applying the algorithm in training test sets, only the character “i™ along with its variants
failed to segment correctly in some of the training images. In the test sets, the algorithm

correctly segmented almost all of text lines found on the images (see Table 4-3 for results).

4.3.2 Underline Removal
The previous line segmentation stage has produced text lines that are found in document

images. But since underlines constitute the writing system, Some text lines are found to

contain underlines that are touched as well as untouched with their characters, It is also

observed that the modified line segmentation algorithm employed have discarded some of the

untouched underlines found on the images. However, in order to perform subsequent

segmentation operation without errors, it is important that underlines found in text lines

removed fully.

' . ved
As it was discussed in section 3.4, these touched and untouched underlines can be remo

3-4. In order to implement the algorithm, a Visual C#
ethod accepts a thresholded image and returns its
gion of interest (ROI) which at this work was

using the algorithm discussed in
program is developed. The developed m

processed form. At first the algorithm defines re

; iti ¢ rows of the
taken as half height of the image. Once this value is found it iterates through th s 0
: - ¢ pixels encountered
image for each of the remaining lower heights (0 Sum the number of black p .
. ; i hen compared with a
(horizontal projection). The sums found using this operation are ! P
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threshold value (70% of the image width) to mark the beginning of underline pixels (see
snippet 4-3). This marking point is then used as end of a cropping point where the
underneath part below it is casted off (see Annex IV: Underline Detection & Removal for

implementation).

for (int 1 = @; i < rowSum.Count; i++) |

if (rowSum[i] > img.Width * @,7)
break;
roi++;
}
// crop image if underline is detected
Rectangle cropRect = new Rectangle(®, @, bm.Width,
bm.Height - ((bm.Height )-(roi - 2)));

Snippet 4-3: Underline detection and removal

Via this method all text lines produced from the previous stages are processed. From the
results it is observed that lines that are extended for about 70% of the image were removed,
However, one text line is found unprocessed as it got part of its word underlined. This is
because the horizontal projection of the underline was not good enough to pass the threshold

value that subsequently described by the image width. Figure 4.7 show instances of both

scenarios,

Po79.071C h £
PoLYLATCT sv(')hc Nt 731

K20 A0Q:- Ae-bahg 07 (12006
AE0 A0Q:- Ade-bah® e 12006
(b)

d removal algorithm on a sample text line (a) Underlined text line

Figure 4.7: Effect of underline detection an
s word is underlined

and it’s removed form (b) Text line with part of it

433 Word Segmentation
Once the lines are identified from images, either word or character segmentation
sically use the same flow of algorithm. For

ixels are taken. These white

can be done.

One reason for this is both segmentation phases ba

a word to be identified from a line image, vertical sum of white p

i i i eptation.
Pixels are then compared with a certain threshold value for possible segment:

69



The approach used for word segmentation in this work, however, is slightly modified in
which instead of comparing vertical sum of white pixels sequenced count of column sized
white pixels is used. Thus, whenever a threshold value of t is given for segmenting out words,

the value is compared with the number of consecutive white columns.

In order to implement this approach, a Visual C# method is developed. The developed
function accepts text line image as inputs and returns list of points for word start and end. To
do this, the functions iterates through the width of the image twice 1o count the number of
consecutive white columns so as to mark the edges of words. The first pass counts
consecutive white columns from left to right. Whenever the consecutive count passes the
threshold value, the first next column with black pixel will be taken as a beginning of a word.
Similarly, the image is scanned from right to left so that whenever the consecutive count of
white columns pass the threshold value the first black pixel column found after that point is
marked as end of a word (see Annex IV: Word and Character Segmentation for its

implementation).

Unlike line segmentation algorithm, word segmentation algorithm does not accept threshold
values from the user. This is because, as Sertse (2011) stated, the threshold value for Amharic

words can be automatically calculated using the formula:

h
= (4-1)
t 6+1

Where t is the threshold value and h is the height of the text line image.

Using this technique for estimating threshold values, the training and test sets are segmented

for their corresponding words. When it is applied in the training set, since the training set
aced (see Annex I), the technique segmented all

plied in the test set, it segmented most of

contains characters that are sparsely pl
individual characters. And when the technique is ap
the words but with some errors (see Table 4-3).

Close investigation on the erred words, however, revels that such words came from texts that

does not have uniform spacing between their characters. For instance,
three words because of inconsistencies in space

found between “¢” and “1" and between “1”
ces found between the remaining

in Figure 4.8, the first

word was identified by the algorithm as
within its characters. The white spaces that are

and “6avf” are relatively wider than the white spa
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characters in the word. And since the other words in the text line relatively got the

spacing between their characters, the algorithm identified them as individual words.

p16NePt ARV P84S AR

Figure 4.8: A sample text line showing different character spacing between its characters

same

4.3.4 Character Segmentation

The last stage in text segmentations is identifying individual characters from segmented
words. To achieve this, the same method used by word segmentation is employed for
segmenting out characters images. The only change made on the method (function) is the

way threshold is calculated.

As it was stated in the previous section the word segmentation step produces word images
that relatively got similar spacing between their characters. Taking this into consideration, it
can be inferred that the vertical column of white pixels that are found in those segmented
word images are evenly distributed between the character spacing’s. Thus, taking the ratio of
the count of those vertical columns of white pixels to 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 mathematically stated as:

t =2 (4-2)

Where t, is the character segmentation threshold value for image . ¢k, Is the vertical count of white pixels for i,

and ny is the approximate number of characters found in the image.

Yet, major challenge to this approach is estimating the number characters that a word image

has. One approach to address this problem is to use the widths of characters. Once we got the

width of characters we can divide it to the number of black pixels the image has to get the

approximate number of characters an image have. But as different characters in Amharic
word have different widths (for example, “@hy”), we need to set an average width that

fepresents all characters.

Therefore, for this work, the researcher used the characters found in test sets to estimate the

k P : . ies by ir
average width of a character in Amharic script. Also, as width of character varies by the

i ne
font sizes, the ratio of width to height of character is calculated (0 ge( a B¢ |
his ratio for all characters in the script is

ric value among

different sizes of the same character. Once :
width for Ambaric
Produced their average value can be taken as a standard character
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alphabets. Thus, the approximate pixel widths of characters in image i with height h is given
by:

W, =c*h (43)

Where w; is the approximate pixel width of character in image i, c is the calculated ratio constant (Jor this case
it was calculated to 0.897976548 which was found by dividing width to height) and h is the height of the image

Once we got w; we can now estimate the number of characters found in word image using the

formula:

=%
ng = W (44)

Where ¢}, is the total count of black pixels in image i.

Taking equation 4-3 and 4-4 into equation 4-2 gives us a general formula for calculating the

approximate threshold value for character segmentation (equation 4-5).

ck + n' 0897977

: ( 4-5)
‘b

ti =
Where t, is the approximate threshold value for character segmentation, ¢k and ¢}, are the vertical count of

white and black pixels respectively, and h' is the height of the image i

Thus, whenever the sequence of vertical white pixels in word images passes this threshold

value t, the first next column with black pixel is marked as a beginning/ending of a character.

Using this approach the test sets are only segmented for their corresponding characters as the

training set characters are successfully segmented by the previous word segmentation

algorithm. From the result it is observed that characters which h
and adjacent pixels with neighboring characters are

ave discontinuity in their

body, over lapping pixels, touched pixels,
ed words and some words that relatively got

from the threshold) are found to

failed to segment successfully. Also, underlin

different spaces between their characters (-1 pixel variations

: . i incidents.
be unsegmented from their word images. Figure 4.9 shows instance of these inc

v oen B/ T A%0A00 "LLO

(

: " o oduced two individual
Figure 4.9: Sample segmentation errors observed () Bhesees ¥ :; Ch:::; ::'.“'I:'-‘ DI ChtoeCutYe
Characters (b) Overlapped characters considered as one cmwm"f (c) haj:( ters (f) Single pixel variation from
Characters (d) Touched pixels between characters (€) Underlined ¢

threshold value
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Document :;m Words' Characters
- : Exp. | Er, A Exp. | Er. A Exp. | Er. A
i Nyala (5copies) | 195 | 3 | 98.46% | - | - . 1605° | 0 | 100%
rai T : . . s
Set Visual (5 COpl;S) 195 | 2 |98.97% | - = " 1605 | 0 | 100%
_ um| 390 | 5 [98.72% | - | - = {3210 o | 100%
| Holy Bible 111 | 0 | 100% | 1060 | 34 | 96.79% | 2557 | 120 | 95.31%
' = Fiker Eskemekabir 89 3 96.63% | 1046 8 99.23% 2545 164 H{_r)r,ub
 Testing "Addis Zemen 107 | 0 | 100% [ 584 | 38 | 93.49% | 2494 | 42 | 98.32%
Set | Federal Negarit G. | 139 | 2 [ 98.56% | 469 | 32 | 93.18% | 2664 | 126 | 95.27%
[ Sum | 446 | 5 | 98.79% | 3159 | 112 | 95.67% | 10260 | 452 | 95.61%

Table 4-3: Table shows the accuracy rate (A) achieved by the segmentation algorithm for the training as well as

test sets. (Exp.) and (Er.) quantities show the expected and the erred segmented images respectively.

4.4 Normalization

Normalization helps OCR systems to better recognize different font sized characters that are

found in real-life documents by mapping them into a uniform pre-defined size. It is also

useful to make input feature vector to have a fixed size so that the classifier receives the same

number of input features. One important point at this stage is the selected mapping function

and dimensions need to preserve the original layout of the image and must capture all the

essential information the image has.

For this work, three common interpolation functions that are discussed under section 3.6 are

tested to observe their effect in normalizing segmented characters that are produced from the
previous stage. For implementing those algorithms, MATLAB" Image Processing Toolbox "™

is used as it got a function imresize() for implementin

g the algorithms. The function

receives an image and returns its resized form. Among the several overloads the function got,

this work adopted imresize(i,[h w],m) where i is the input image, h an

and the width of the new image, and m is the interpolation method in which for our case it

takes three values (‘nearest’, bilinear’,"bi-cubic’) (see Annex I11: Normalization).

d w are the height

To use the above function two parameters need to be set beforehand. For the first parameter,

l.e. height and width, various authors
they are addressing, such as hand written or
(He, et al. 2005), experiments done for han
normalization size 20x20 to bigger sizes impr

Accordingly, for this study a dimension of 50x50 is select

e —

|
: Punctuation marks and parts of the

“Beyond the 314 standard set shown in
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used different dimensions according to the problem
machine printed (see Table 2-2). According to
dwritten numeral recognition shown that a
oves recognition rate considerably.
od to normalize the characters. This



value is selected by using the heuristics that a lower value may not capture all the essential

information a character has and a higher value may strain execution time as their storage size

a 6} ‘!H} ‘lnl ij
@ ® © @

Figure 4.10: Effect of size on the character “an.” () 10x10 (b) 20x20 (¢) 30x30 (d) 40x40 (¢) 50%50

increases.

For selecting the second parameter, interpolation method, an experiment is conducted on the
segmented character sets for the three interpolation methods. To achieve this, the characters
are normalized into a size of 50x50 using these interpolation methods. A close observation on
the results reveals that nearest interpolation method created a stair-stepping of lines case on

the enlarged images while bilinear and bi-cubic methods produce relatively the same results,

6bb 6B 6h

(a) (b) ()
Figure 4.11: Interpolation methods applied to the character “a" (4) Nearest (b) Bilinear (¢) Bi-cubic

As it can be seen from Figure 4.11, bilinear and bi-cubic methods resulted almost the same
image. However, since bi-cubic interpolation method is used in almost any image size
normalization techniques, including MATLAB®, the current work selected to adopt this
algorithm. Thus, segmented characters from training as well as test sets are normalized with

this interpolation method to a size of 50x50.
Inspection on the normalized images revels that, the segmentation errors that are occurred in

the previous stages are propagated into this phase creating wrong individual i

H-—H fi

mages (see

Figure 4.12).

(b)

pagau»d to normalization stage (a) Character "IL” botlom

Figur : S i hat are pro
Bure 4.12: Sample segmentation errors 1 P Adjacently placed character pixels are normalized as one

fight appendage normalized as individual character (b)
Character
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4.5 Feature Vector Extraction

After all segmented characters are normalized into a pre-defined size; this phase tries to
extract useful discriminating characteristic from those images. To this end, the current study

applied the modified zoning technique described in section 3.7,

The technique first segments a character image into abstract zones according 1o the number of
dimensions (column and row) provided. This results a rectangular cell in the image which Is
created by the vertical and horizontal lines (see Figure 4.13). The algorithm then calculates
the average vector (coordinate) distance using equation 3-13 for a cell by taking the ratio of
black pixels to all pixels that the cell spans by considering the lower left comer as an absolute
origin (the black spots in Figure 4.13). This value is calculated for every cell that is created
by the horizontal and vertical lines for the image. The value we get from these cells are then
concatenated and consequently used as a feature vector representation for the character

image.

__cell &
e cll 7

b cell B

absolute origins

cell 9 ...

Figure 4.13: Rectangular cells created using the zoning technique (5x5 dimension) for the character “av”

To implement this feature extraction concept, a Visual C# program is developed. The

developed function accepts an image, vertical, and horizontal dimensions as inputs and

retums a comma separated value (CSV) for the image corresponding feature vector

representation. To achieve this, the program first calculates the number vertical and

ding the image dimensions with the provided

horizontal pixels a cell will have by divi
nd after the vertical and horizontal

dimensions. Once this information is found every point fou

i i el
count is considered as origins for cells (see Snippet 4-4). It is from these ce
See Annex IV: Feature Extraction for its

| origin points

that the vector distances of pixels are calculated (

implementation).



int vertical = Convert.ToInt32(img.width / coluan);

int horizontal = Convert.Tolnt32 Height :
//find the origins e e

for (int 1 = @; i < img.Width; { += vertical)
:or- (int j = horizontal; j <= img.Meight; ] += horizontal)
origin.Add(new Point(i, 1));

}
if (img.Height X row |« @)
origin.Add(new Point(i, img.Height));

Snippet 4-4: Identifying origins of an image using the provided vertical and horizontal dimensions

Once the function is developed, the normalized characters from the previous step are passed
through the method for their corresponding feature representations. But, as the function
expects vertical and horizontal dimensions as inputs, an iterative experiment is done on the
training set for choosing an optimal dimension. For the current work five dimensions are
selected to be experimented (3x3, 5x5, 7x7, 9x9, and 11x11).

In order to determine which dimension will discriminate the character images with a high
level, the concept of standard deviation is employed. Standard deviation Is a statistical
measure that tells you how variation (dispersion) from the mean value exists in a set of data
(Niles 2012). 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). For the problem at hand,

we need a high standard deviation values since we need our feature to be highly

discriminating across different characters for a cell.

Thus, features are extracted by using these five dimensions from one of the training set. The
extracted features for each of the dimensions are calculated for their cell wise standard
deviations values. The calculated cell wise standard deviations are then summarized by

taking their average to get a single representative number for the dimension (see Table 4-4).

Dimension | Average of Standard | Size of Feature
Deviation value Vector
3x3 0.221877823 9
5x5 0.300530531 25
7x7 0.311298873 49
9x9 0.335743938 81
11x11 0.381184816 121

Table 4-4: Average standard deviation values for different dimensions
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As it can be seen from Table 4-4, it is found that the higher the dimensions used the average
value increase which signifies the higher discriminating power. Yet, using higher dimensions
pose a challenge to a classifier as they produce long feature vectors which eventually cause
over-fitting to the data. Thus, by considering the trade-off’s, a dimension of 5x5 is selected
for this study. This is because the average values above this dimension tend to increase only
with two decimal places which are relatively small compared 1o the lower dimension which
increased by a decimal value. Also, this dimension fits the normalized characters well (which

are 50x50 pixels) by creating a cell of 10x10 pixel. Thus, using this dimension features are
extracted for training and test sets.

The training set and test sets contain a total of 3,210 and 10,260 character images
respectively. The feature extraction stage produced a respective number of wples for both
categories where each tuple represents a feature of a single character image (see Table 4-5 for

a sample).

Cell 0 Cell 1 Cell 2 Cell 3 Cell22 | Cell23 | Cell 24 |
v | 0.081142 | 0.693013 | 0.729171 | 0.914692 | ... 1 0.812405 | 0.086898
A | 0.074159 | 0.822662 | 0.809523 | 0.902498 | ... | 0.909679 0 0
4 | 0.266965 | 0.852107 | 0.155021 0 0 0 0,709354
@ | 0403311 | 0.777167 | 0.318316 0 . | 0353212 0 0

Table 4-5: Snapshot of feature extracted from trainiog data set using a 5x5 dimension

4.6 Feature Set Classification

The classification phase of OCR system performs two major tasks. The first task, training,
extracts patterns from features vectors to store them in some format (or model). The second
task, recognition (or testing), makes a decision based on a model bullt previously for

classifying new unseen patterns.

In this work, for performing the classification task multi-class SVM is employed. SVM is
\ i S ea
widely used in the field of character recognition for classifying different scripts. It is also

le i
known for its low generalization error and computationally inexpensive while training

datasets (Harrington 2012).

46.1 Training
; - ound in Ambaric script (see
This work uses 314 (plus 7 other punctuation marks) characters f

orming the mentioned
Annex 1) for training, Hence, it uses mult-class SVM for_pert
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classification tasks. In order first to produce a model, SVM’s must take a set of features, also
called examples, and need to associate the examples with their corresponding class labels
(which this work used the Unicode’s of the characters). To do this, SVM's looks for possible
matrix that minimizes the optimization objective, discussed in section 3.8. In cases where the
problem can not be classified linearly (or using a hyperplane), SVM employs kernel functions
to draw curved boundary shapes between different class sets. Once a model is produced in

this way, the testing phase tries to recognize characters using the model.

For this work, libsvm® is selected to perform classification task as it got a C# wrapper class
which can be easily integrated and used with the developed code for this work. libsvin s a
library for SVM classification, regression, and other learning tasks which have been on play
since 2000 (Chang and Lin 2013). The wrapper library class used for the current work is
SVM.net*. The library got simple to use call function to the different methods that are found
in libsvm which ease complexity of coding (See Annex IV: Train a Feature for its

implementation).

But before using the libsvm classification library, the feature vector needs to be converted
into a sparse data format as the library accepts such feature vectors only. A sparse data
format is the one that uses column index to identify a particular feature values (see Figure

4.14). And whenever the value for the feature is 0, the format leaves out the column in order

to save storage space. For instance, for a class label 1 if the feature vector is 1 0 2 0, then the

format represents the tuple as 1 1:1 3:2 where the first element is the class label. Thus, since,

the previous feature extraction stage produced a CSV's file for features, the researcher

developed a Visual C# program that converts those files to sparse data format (See Annex IV:
Change to Sparse format).

| 23:1 24:0.812405 25:0.08689
. 23:0.909879

4608 1:0.081142 2:0.693013 3:0.729171 4:0.914692 ..
4609 1:0.074159 2:0.822662 3:0.809523 4:0.902498 ..
4610 1:0.266965 2:0.852107 3:0.155021 ... 25:0.70935

4611 1:0.403311 2:0.777167 3:0.318316 ... 23:0.353212
f sample feature from Table 4-5 (note that the first column

tion of the characters in decimal value)

Once the sparse format for training as well as test set is produced using the developed
through the training method to produce a model. The

Figure 4.14: Sparse data format representation 0
represents the Unicode representa

function, the training sets are passed

e —

:.n"' package can be found at htt
The class can be found at http:/www.matthewa]

i linlibsvm
p:ﬂww.me.nn;;d&lr\::;i’m - a
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method that is developed receives a sparse vector file path, kemel type, and output file path
for saving the constructed model file (See Annex IV: Train a Feature).

For this study, linear SVM function is used to train the models since it produced better
representative model for the problem at hand. The individual sparse files produced (5 for
each font face) were concatenated to produce two model representations for each category of
font: i.e. for Nyala & Visual Geez Unicode. Also, their concatenated feature is used to build a
model with the aim of building a base model that can recognize mixed font documents. Thus,

using this approach a total of three models are produced.

To see whether the produced model can recognize the characters that are used for training,
features extracted from the five printout pages for each type of font (i.e. Nyala & Visual Geez
Unicode) are presented to the system. For this purpose, again, a method is developed using
Visual C# by using the libsvm library. The developed function accepts string paths for model,
test feature and output path for writing out predicted class labels (for this case the Unicode of
predicted characters). The function uses method that is found in SVM.net (See Annex 1V:

Test a Feature for its implementation)

The models produced (i.e. Nyala model, Visual Geez Unicode model, and Combined model)

are then tested to see their respective performances on the training set. Table 4-6 shows the

result that is obtained through this experiment.

Model Used |
l: Feature Set Nyala | Visual Geez Unicode Combined
Number of Characters 1605 1605 1605
Nyala Recognition Rate 99.56% 94,39% 9:381 3::
\F Substitution Error 0.44% 512{11 ;ﬁ 1.50;-
Visual Number of Characters 1605 )
Geez Recognition Rate 94.39% 99.94% 5:39;33:5
Unicode | Substitution Error 5.61% 0.06% 31% |
Total Characters 3210 321;0% 9:;:(:‘
Avg. Recognition 96.97% 927'-3‘% e
Avg. Substitution Er. 3.03%
Table 4-6: Performance of the models respect 10 training sets

i i i features are tested
As it can be seen from the result, maximum values were attained when

i ! ! del.
with their own font faces. Also, near to this value is achieved by usiog the combined mox

s A M AW "™ u&n. “ﬁ-‘— “-fl...
While using this model, Nyala feature set confused “A.">“A", "N .
".ﬁ'”H“TI,“ “?n”H“?\:’ “Z”H“i” . u*an"n’ uﬁﬂHu?tu. “"i"H“‘i". nh “h h . aﬂd
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«"¢>“%.”. Applying the same model for Visual Geez Unicode, “$+"¢»> “$* “3"¢»>*8". and

ws"e>i" were confused which all relatively got similar structures. The model, however, is

able to correctly classify labialization characters, punctuation marks and the Arabic numerals
(0-9) in both feature sets correctly.

4.6.2 Performance Evaluation

In order to see the generalization capability of the models for classifying new unseen
patterns, test sets that are prepared by taking real-life documents (found in Annex 1) are
presented to the system. The combined model, at this stage, is used to classify the feature set
as it gave better recognition rate in the previous experiment, Table 4-7 shows the results that

are obtained using the model in test sets.

Test Document g::::::e:: Recognition Rate Substitution Error
Holy Bible 2557 77% 23% =
Fiker Eskemekabir 2545 87.58% 1242%
Addis Zemen Gazette 2494 95.75% 4.25%
Federal Negarit Gazette 2664 93.17% 6.83%

Average (10260) 88.38% 11.62%

Table 4-7: Performance of the combined model with respect 1o test sefs

From the result it is seen that inaccuracy in the segmentation phase contributed 1o lower

recognition rate. This is apparent especially in Holy Bible, Fiker Eskemekabir and Federal

Negarit Gazette test sets. From the observed character segmentation errors that were

discussed in section 4.3.4, discontinuity in character body produced separate character images

which each of them are recognized as individual characters (especially observed in Holy

Bible test set). Similarly, over lapping pixel charact

adjacent pixels with neighboring characters (especially observed in Federal Negarit Gazette),

underlined words, and inconsistency of spaces between characters (especially observed in

Fiker Eskemekabir) produced one character representation for separate characters found in an

image (see Figure 4.15).

ers, touched pixels between characters,

Also beyond this commonly observed error for misclassification, the model found to confuse
s wA® oA " - o- -“-Hon_-' -‘o“’.‘-..

structurally similar characters such as “#°¢> e, e

RS S| RPRC RN PR R R e et eV, TN, Vo &, A" etc.




o)’ &

@) (b) (©)

Figure 4.15: Sample segmentation errors that lead to misclassification (a) The character “0 is divided at the
middle and recognized as “* ” and “P" (b) Adjacently placed characters recognized as “ar" (c) Touched

characters recognized as “¥r”
From the result it can be seen that the lowest recognition rate achieved for the model is for
Holy Bible test set (77%). Beyond the above stated common problems, the majority of the
errors for this test set comes from confusing the character “:* with “!I" or “ * " (single
quotation). The main rationale for this confusion is the character upper dot and lower dots are
found attached in some of the places which eventally create similar images with
exclamation and quotation mark (see Figure 4.16). Also, it is seen that the character "+ being
confused with variants of “¢”. These character confusions are also observed in Fiker
Eskemekabir where it uses the punctuation marks.

1 4

@ ()

Figure 4.16: Sample images for character " (a) Recognized as *!" (b) Recognized as ="~

Figure 4.17 shows a sample text taken from the first part of Addis Zemen test set. From the

result it can be observed that the underlined character in the sixth text line was considered as

one character and recognized as “ax”. For complete result found using the combined model

see Annex I1: Normal Result.

]~ |
W e-bhg® e :
haQ® LALeT e

ac aag M 5

}")"l" SNEON AEN

e - ARP-AADT® TP 12 00 6
O)LOAY Tedh

AEF 4053 PRI ARNT BT NUAT
Praaed ST 1 AN A L NAL

ML AN AE-EAS® IS N2006 '
(8} Gemi) paoPansg QLT DL T
PRI AR T A0 QA C (145
WL, OPTT 4 Wi !

’ (b)

(a)

Figure 4.17: Results found for Addis Zem

en test set using the combined model (a) original image (b)

recognized text
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4.7 Ceiling Analysis

Ceiling analysis is applied to pipeline systems (sequences of algorithms, see Figure 3.1)
which is used to evaluate each module in terms of its potential performance in improving the
entire recognition rate of the system. This analysis, thus, helps us to decide which module is

truly worthy to spend a large amount of time and which module is not worthy 1o spend a lot
of time (Ng 2012).

The analysis generally works by assuming a particular module in the pipeline produced a
100% accurate result. The 100% accurate result can be produced manually or
programmatically by human intervention. The accurate data produced is then fed to the next
module in the pipeline to see by how much the overall recognition rate was improved. This
gives us information about the module; such that, by how much rate does recognition will
increase by making that particular module fully accurate. This activity is done iteratively for
each module in the pipeline to see their corresponding effects in enhancing the overall
recognition rate of the system. The module that produced a higher recognition rate is then

selected as a module that needs special attention for further enhancement.

Using this concept, this work considered text segmentation along with underline removal as
we want to measure the noise removal algorithm and binarization algorithm along with the
representational capability of the feature extraction algorithm. Thus, the researcher inspected

all the test sets and manually corrected all segmentation €rors that are found on the images.

The corrected segmented characters found from this activity are then fed to the next module

: ] E gt
size normalization. After the characters are normalized (o & fixed size of 50x50 pixels, feature

file is produced. The produced file is then passed to the combined model to see its
corresponding result. Table 4-8, shows the results that are attained using the model.

mber of ition Substitution Error I
Test Document g:aractm s
Holy Bible 2557 B2.47% ];'22:6 o
Fiker Eskemekabir 2545 94.50% 89%
s 194 97.11% 2.89°
ddis Zemen Gazette B 9% 2.21%
Federal Negarit Gazette 2664 9;:95% 7:05%
Average (10260) 2 L

module using the combined model
Table 4-8: Result of celling analysis performed in segmentation e

by making the character segmentation Stage nearly

As it c Table 4-8,
an be seen from by 4.57% pushing up the

accurate, the recognition performance of the system is inct
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average recognition rate of the system into 92.95%. For complete result obtained using the
model see Annex II: Ceiling Result.

From this ceiling analysis test, it is observed that the feature extraction technique employed is
successful in finding discriminating features that most Amharic characters have. However, it
is not robust enough to discriminate characters that have high structural similarity, such as
o, WA, MO, MO, O, N, DD, 0, P
NN, NN, 0", "N, ‘NS, ‘elt, Wi, e, o,
eI, "> etc. and some of the 3" and 5" order variations of the same character such

as ..n.r|<_>.unll-' "‘"i."(—)"mﬁ", uﬂ‘anfLu’ "H."H“"I". aﬁuHuﬁu elC.

Also, the noise removal and binarization algorithms applied on the document images found o
erode some pixels from characters that eventually makes some characters to lose essential
information, consequently, recognized as wrong characters (see Figure 4.18). This eror is

manly observed in Holy Bible test set where the characters are small in size and not well

Ga i T

Figure 4.18: Sample original and eroded characters (a) The upper bar of “™ was eroded and recognized as “8"
(b) The middle connecting bar is eroded and recognized as “ " (double quotation) (¢) The body is eroded by the

binarization algorithm and recognized as the number “7"

imprinted.

The performance of the current system, however, is found to outperform the previous attempt

done towards recognizing the same types of document by Abay (2010). The average
recognition rate reported by Abay was 11.40% where the current work registered an average
study reached such accuracy rates by integrating
thm along with feature extraction algorithm.

recognition rate of 88.38%. The present
better noise filtering and thresholding algori
Particularly, the thresholding algorithm Sauvola is
(2010), in smoothing out some noises and binarizin
Also, the feature extraction algorithm employed in

dentifying basic structural similarities that are found in the scripts.

better than Otsu, which was used by Abay
g non-uniformly illuminated images.
this work proved to work well in
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CHAPTER FIVE
CONCLUSION AND RECOMMENDATION

In this study an attempt was made to recognize typical Amharic real-life documents such as
newsletters and books. For this purpose an application was developed to test the different
algorithms that OCR systems employ. The Amharic documents in this regard pose special
challenges as they contain different noises and structurally similar character sets. Thus, for
correctly  transcribing  such documents, various pre-processing algorithms  such  as
binarization, noise detection and removal, underline detection and removal, and
normalization techniques are used. Also, to tackle the structural similarity of characters a

novel zoning feature extraction scheme is adopted.

5.1 Summary and Conclusion
The main objective of this study is to explore the various character recognition techniques
available in the literature, with the aim of enhancing the performance of Ambaric OCR

system in recognizing real-life document images.

Towards achieving this aim, at the set off two noise filtering algorithms along with two
binarization algorithms are explored where the algorithms are tested to see their respective
performances. From the candidate noise filtering algorithm Wiener filtering algorithm with
window size of 3x3 is found to smooth out noise without creating enormous distortions on

the resulting images. Similarly, from the two binarization algorithms that are tested Sauvola

local thresholding algorithm with a window size of 20x20 is found to perform best by

binarizing non-uniformly illuminated images.

Following this, projection profiles are employed for segmenting out fext lines, words and
characters. Text lines identified using the modified text line segmentation worked better
(98.79%) by removing out unexpected foreign lines that are caused by blobs. Then, an
underline detection and removal algorithm is employed to remove out &ny underlines as they
are not part of the writing system. The employed scheme found to work well for text lines

ines.
that are fully underlined but failed to remove underlines that are parts of texts li
value that is automatically calculated by

ation
taking the height of the image into consideration which produced an .wmsf nsmrm
because of inconsistency in Spacing between

as it tries to segment those words which it

The word segmentation algorithm uses a threshold

dccuracy rate of 95.67% in the test Sets. But,

characters in some words, errors are observed
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wrongly segmented the characters instead. Similarly, a method is developed to automatically
calculate threshold values for segmenting out characters out of word images. The method
developed uses the count of white spaces found between characters of a word o estimate the
average spacing between them. The approach found to work well in segmenting most of the
characters but failed to segment characters that are discontinuous, overlapped, touched,
adjacently placed, underlined, and variously spaced. In the test sets, the technique segmented
95.61% of the characters correctly. The character images are then normalized to a fixed size

of 50x50 pixels using bi-cubic interpolation method.

Individual character images that are found using these techniques are passed through feature
extraction module where the feature extraction algorithm (modified Zoning) controls the
similarity of characters that are found in the script to a great extent. The produced features are
then tested by a model that is produced from a multi-class SVM using a linear kernel
function. For this purpose, three models are created where the first model is trained with
features that came from Nyala font, the second model is trained with features that came from

Visual Geez Unicode font and the third model is trained with the feature that is found by

concatenating these two features.

In order to determine the best performing model, the training feature sets are presented to the
three models where an average recognition rate of 96.97%, 97.16%, and 98.94% are achieved
for Nyala, Visual Geez Unicode, and Combined model respectively. At this stage, as the

combined model performed better than the other models, it is selected to classify the test sets.

it [ & 75
Applying this model in test sets gave an average recognition rate of 77%, 87.58%, 95.75%,

93.17% for Holy Bible, Fiker Eskemekabir, Addis Zemen and Federal Negarit Gazetie

respectively. The average recognition rate registered for the model on those test sets equates

to 88.38%.

In this study it is seen that the feature extraction technique employed along with the learing

algorithm used are good enough to correctly discriminate the basic similarities that are found

among the characters of the writing system. As it is shown by the ceiling analysis test, over
! tat

one third of the misclassification errors came from the challenges faced in segmentation

inarizati i ode some pixels
errors. Also, as the noise filtering and binarization algorithms found to er p

i ificati f structurally similar
from the characters bodies, it contributed t the misclassification 0 \

characters,
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5.2 Recommendation

The current work tried to enhance the recognition rate of the Amharic OCR system by
adopting different image pre-processing techniques along with feature extraction technique
Yet, to further improve performance of Amharic OCR system the following
recommendations are forwarded.

» The feature extraction technique employed did not recognized highly similar
characters. Thus, other feature extraction techniques must be explored to recognize
those similar characters.

* In this work it was seen that segmentation, especially the character segmentation
phase, constrained the recognition phase heavily. Thus, an advanced text
segmentation algorithms that adapts to the characteristics of Ambaric real-lite
documents need to be explored.

= Since the noise removal and thresholding algorithms adopted in this study erode some
pixels from character images, which eventually created gaps in some characters, the
segmentation as well as recognition phase was affected. Thus, morphological analysis
techniques have to be explored to reconstruct the missing pixels.

* Similarly, as underlines are parts of the writing system, it was found to constrain the
word and character segmentation phase as the current work employed a scheme that

only tries to remove fully underlined text lines, Thus, a more flexible underline

detection and removal algorithms are needed to be explored.

* In this study care was taken while scanning documents to avoid any skewness in the

resulting images. However, skewness in documents occurs in normal scenarios. Thus,
future works should investigate skew detection and correction algorithms.

s that appear and materialize during scanning process of

* The different types of noise
in future works along with their removal

real-life documents should be explored
algorithms.

* Since real-life documents contain images,
segmentation algorithms are needed to be explored.

* For training as well as testing purpose, until now, |
] } es needs o
the writing system. Thus, a benchmark test set for Amharic document imag

tables, bulleting, etc., automatic page

there is no benchmark test set for

be constructed.

K %
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Annex 111 - MATLAB® Functions

% MEDIAN NOISE FILTERING ALGORITHM

% File: medianFilter.m

% Author: Michael A.(abebaw.michael@gmail.com)

¥ Created: 3/4/2014

function [filteredImage] = medianFilter(image,row,column)
image = rgb2gray(image);
filteredImage = medfilt2(image, [row column]);

end

X%

% WIENER NOISE FILTERING ALGORITHM

% File: wienerFilter.m

% Author: Michael A.(abebaw.michael@gmail.com)

% Created: 3/4/2014

function [filteredImage] = wienerFilter(image,row,column)
image = rgh2gray(image);
filteredImage = wiener2(image, [row column]);

end

%X

% IMAGE QUALITY MEASURMENT(IQM) ALGORITHM

% File: igm.m

% Author: Michael A.(abebaw.michael@gmail.com)

X Created: 4/12/2014

function [psnr,mse] = igm(originalImage, compressedImage)
[psnr,mse] = measerr(originallmage, compressedImage);

end

b 4

% OTSU BINARIZATION ALGORITHM

% File: otsusThreshold.m

% Author: Michael A.(abebaw.michael@gmail.com)

% Created: 1/23/2014

function [outputImage] = otsusThreshold(inputImage)
level = graythresh(inputImage);
outputImage = im2bw( inputImage, level);

end

%

% SAUVOLA BINARIZATION ALGORITHM
X File: sauvola.m
% Author: Jan Motl (jan@motl.us)
X Created: 2013/03/09
function output=sauvola(img,varargin)
% change image to graylevel
image = rgb2gray(img);
% Initialization
numvarargs = length(varargin);
if numvarargs > 3 A
error( ' myfuns:somefun2Alt:TooManyInputs , «-- 'y
'Posiib{e parameters are: (image, [m n], threshold, padding)’);
end
optargs = {[3 3] 0.34 'replicate’}; % set defaults
ODtargs(l:iimvaiargs) = varargin; % use memorable variable names
[window, k, padding] = optargs{:};
if ndims(image) ~= 2
error('The input image must
end
% Convert to double
image = double(image);
% Mean value
Mean = averagefilter(image, window, padding);
% Standard deviation

be a two-dimensional array.’);
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% Sauvola :
R = max(deviation(
threshold = mean.

ad
“:
% REMOVE ISOLATED PIXELS
% File: removeFewerPix
% Author: Michael A.(abebaw.mi
% Created: 3/6/2014
function [cleanedImage] =
{ = imcomplement(ima
i = bwareaopen(i,10)
cleanedImage = imc
end
"

% NORMALIZATION

% File: normalize.m

% Author: Michael A.(abebaw.m

% Created: 1/27/2014

function [outputImage ]
outputImage = imresi




Annex IV - C# Methods

,t‘
LINE SEGMENTATION
// This method accepts a binary image and a threshold value to r
i i i et
// of vertical Y coordinate points for starting and end points of :::ti?jzzrlr

Author: Michael A.(abebaw.michael@gmail.com)
(reated: 1/28/2014
7
public static List<int> lineSegmentation(Bitmap img, int threshold)
{
//declarations
int black_sum = ©;
Color pixelColor;
Queue<int> row_sum = new Queue<int>();
Queue<int> vertical_points = new Queue<int>();
List<int> final_list = new List<int>();

//perform horizontal projection
for (int y = 0; y < img.Height; y++)
{
for (int x = @; x < img.Width; x++)
{
//get the color value of the current pixel
pixelColor = img.GetPixel(x, Y);
//check if the pixel is black
if (pixelColor.R == @ &&
pixelColor.G == @ &
pixelColor.B == @)
black_sum ++;

//add the sum of pixels in a row

row_sum.Enqueue(pixles);
//restart the sum of black pixels for the

black_sum = 8;

next row

}
//Tdentify individual line pixels positions

int index = 9;
//check if the list for horizontal sum is not empty
if (row_sum.Count == @)

return;
//start to compare threshold value agains
while (row_sum.Count > @)

{

t the sum of pixels

//start dequeuing the sum of pixels

black_sum = row_sum.Dequeue();

index++;

//check if the sum is greater than or equal to the threshold value

if (verticalPoints >= threshold)

{
//add the index value as a beginning of a line
vertical_points.Enqueue(index);
while (row_sum.Count > @)

{

black_sum = row_sun.oequeue();

index++; N
//check if a value the thre

if (black_sum <= thres

is less than
hold)

: //if found add the index velue'as end of a line
vertical_points.Enqueue(inde:).
break;
}
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}
)
/1=
//MODIFIED ALGORITHM FOR CALCULATING THRESHOLD VALUE OF LINE MEIGHT
/1=

//calculate the height of lines

Queuecint> temp_queue = new Queuecint>({vertical points);
List<int> line_height = new Listcinta();

int pl1 = @, p2 = 0,

while (temp_queue,Count » @)

{
pl = temp_queue,Dequeue();
p2 = temp_queue.Dequeue();
line_height . Add(p2 - pl);
}

//sort the heights of the lines

line_height.Sort();

//take the middle value of the heights

int height_threshold « (1ine_height [(line_height.Count / 2)])/2;

//calculate height and compare it against the threshold if so add it to //the final
1ist

while (vertical_points.Count > @)

{
pl = vertical_points,Dequeue();

p2 = vertical_points.Dequeue();
//check 1f difference of the two points 14 greater than threshold

if (p2 - p1 > height_threshold)

final_list.Add(p1);
final_list.Add(p2);

}

}
return final_list;

)
//end of line segmentation function
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/0
WORD AND CHARACTER SEGMENTATION
// This method accepts a binary image and a flag to return
an array

// of horizontal X coordinate points for start
77 characta ieione ing and end points of word or
Author: Michael A.(abebaw.michael@gmail,com
Created: 1/29/2014 :
of
public static List<int> lineSegmentation(Bitmap img, char ¢)
{

//declarations

int pixles = 8;

int count = @;

int threshold = 1;

Color pixelColor;

List<int> vrt = new Listcinta();

List<int> xpts = new Listeinta>();

//perform vertical projection
for (int x = 8; x < img.Width; x++)

{
for (int y = @; y < img.Melght; ye+)

pixelColor = img.GetPixel(x, y);
if (pixelColor.R == 255 &&
pixelColor.G == 255 &&
pixelColor.B == 255)
pixlests;

}
vrt.Add(pixles);
pixles = 0;

}

// AUTOMATICALLY CREATE THRESHOLD VALUES

/! calculate threshold for word segmentation
if( ¢ = 'w')

{

threshold = (img.Height / 6) + 1;
}
//calculate threshold for word segmentation

else if (¢ = "c' )

{
int blackcount = @;

//count the number of white and black pixel in image
for (int x = @; x < vrt.Count; xes)

if (vrt[x] == img.Height)
//count of white pixels

count++;
else
//count of black pixels
blackcountes;
}
if (count == B)
{
threshold = img.Width;
}
else

{
//calculate average character width for the image
double avgwidth = 0.897976548 * img.Height;
// estimate the number of characters that the black count will hold
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double avgCharwidth = (Math.Floor(blackcount / avgwidth) -

(blackcount / avgwidth)) >= 8.5 ? Math.Ceiling(blackcount / avgwidth)

: Math.Ceiling(blackcount / avgwidth);
avgCharwidth = (avgCharwidth <= @ ? 1 : avgCharwidth);

//calculate threshold
threshold = (Math.Floor(Convert.ToDecimal ( count/avgCharwidth))-1
<= @ ? 1: Math.Floor(Convert.ToDecimal( count/avgCharwidth))-1);

}
else
return null;

// mark starting points from left to right
count = @;
for(int x = 8; x < vrt.Count; X4+

if (vrt[x] == img.Height)

count++;
else
{
if (count »= threshold)
{
xpts.Add(x);
count = 8;
}
}
// mark ending points from right to left
count = @;

for (int x = vrt.Count -1 ; X »= 0; %x--)

1f (vrt[x] == img.Helght)

count++;
else
if (count >= threshold)
{
xpts,Add(x);
count = B;
}

}

return xpts.Sort();

}
//end of the function for word & character segmentation
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*
UNDERLINE DETECTION & REMOVAL ALGORITHM
// This method accepts a binary image and returns its processed format by removing
// underlines if it finds any
Author: Michael A.(abebaw.michael@gmail.com)
Created: 3/17/2014
*/

public static Bitmap removeUnderline(Bitmap bm)
{

//declarations

List<int> rowSum = new List<int>();

int count = @;

int roi = bm.Height / 2;

Color pixelColor;

// perform horizontal projections for points below roi
for (int y = roi; y < bm.Height; y++)

{
for (int x = @; X < bm.Width; x++)

pixelColor = bm.GetPixel(x, ¥);
if (pixelColor.R == @ &&
pixelColor.G == @ &&
pixelColor.B == @)
count++;

rowSum.Add(count);
count = @;

}

// check if the sums are greater than 70% of the image width
for (int i = @; i < rowSum.Count; i++)

{
if (rowSum[i] > bm.Width * 0.7)

break;
roi++;

}

// return if no underline are detected
if (roi == bm.Height)
return bm;

/] crop image if underline are detected
Rectangle cropRect = new Rectangle(@, @, bm.Width, bm.Height -
((bm.Height )-(roi - 2)));
// return if the processed image
if (cropRect.Height ==@ && cropRect.Y == @)
return bm;

bm = bm.Clone(cropRect, bm.PixelFormat);
return bm;

//end of underline detection and removal function

126



FEATURE EXTRACTION

// This method accepts a binary image, a column and a row number to return
// the feature representation of the image using a comma separated value
Author: Michael A.(abebaw.michael@gmail.com)

Created: 1/31/2014

i

?ublic static string feature modifiedZoning(Bitmap img, int column, int row)
// declarations
List<Point> origin = new List<Point>();
List<Point> blackpts = new List<Point>();
List<double> extractedfeaturesforCell « new Listedoubles();
string extractedFeaturesForwholeChar = String.Empty;
double sumVector = @.0;
double sumAllvector = 0.0;

//finding vertical and horizontal points for the given image
int vertical = Convert.ToInt32(img.width / column);
int horizontal = Convert.ToInt32(img.Height / row);

//find the origins
for (int 1 = @; i < img.Width; i += vertical)

{
for (int § = horizontal; J <= img.Height; § o= horizontal)
origin.Add(new Point(i, 1));
}
if (img.Height % numericUpDowny . Value |= @)
origin.Add(new point(i, img.Meight));
}

//1dentify black points for the image
for (int y = 8, ¥ < img.Height; yee)

; for (int x = @; X < img. Width; xes)
if (img.GetPixel(x, y).R == @)
blackpts.Add(new Point(x, 20 H
} }
}

//calculate feature for each identified origin
foreach (Point o in origin)

¢ //get the vector distance of black points in a cell

foreach (Point b in plackpts)
{

{f (0.X == @ B& 0.Y == horizontal)

{
{f (0.X ¢= b.X B4 b.X ¢ o.X + vertical &8

0.Y - horizontal ¢= b.¥Y 84 b.Y ¢« 0.Y)

{ susVector += Math.Sqrt(Math, Pow(b.X - o.X, 2) *
Math.Pow(b.¥Y - 0.Y, 1))
}
}
else if (0.X == @)
{ if (0.X ¢= b.X B8 b.X ¢ 0.X # vertical &4
< 0.Y)

0:,Y - horizontal <= b.Y b.Y
{
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sumVector += Math.Sgrt(Math.Pow(b.X - 0.X, 2) +
: Math.Pow(b.Y - 0.Y, 2));

}
else if (0.Y == horizontal)

if (0.X <= b.X && b.X < 0.X + vertical &&
0.Y - horizontal <= b.Y && b.Y < 0.Y)

{
sumVector += Math.Sqrt(Math.Pow(b.X - 0.X, 2) +
Math.Pow(b.¥Y - 0.Y, 2));
}
}
else
if (0.X <= b.X && b.X < 0. X + vertical &&
0.Y - horizontal ¢= b.Y && b.Y < 0.Y)
{
sumvector += Math.Sqrt(Math.Pow(b.X - 0.X, 2) ¢+
Math.Pow(b.Y - 0.Y, 2));
)
}
}
1

//Get the vector distance of each point in a cell
if (0.X == 0 && 0.Y == horizontal)

for (int y = 0.Y - 1j y o= 0.Y - horizontal; y-+)

{
for (int x = 0.X; x € 0.X ¢ vertical; xes)
{
cumAllvector += Math.Sqrt(Math.Pow(x - 0.X, 2) ¢
Math.Pow(y - 0.Y, 2));
}
)
}
else if (0.X == 8)
{
for (Int y = 0.Y = 1; y »= 0.Y - horizontal; y--)
{
for (int x = 0.X; x € 0.X ¢ vertical; x+¢)
{
sumAllvector e= Math.Sqrt(Math.Pow(x - 0.X, 2) »
Math.Pow(y - 0.Y, 2));
}
}
}
else 1f (0.Y == horizontal)
{
for (int y = 0.Y = 15 y »= 0.Y - horizontal; y--)
{
for (int x = 0.X; X ¢ 0.X ¢ vertical; xes)
sumAllvector += Math.Sqrt(Math.Pow(x - 0.X, 2) ¢
Math.Powly - 0.Y, 2))i
)
}
)
else

for (Int y = 0.Y = 1 y > 0.¥V - horizontal} y--)
{

for (int x = 0.X; x ¢ 0.X & vertical; x++)
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sumAllvector += Math,Sqrt(Math.Pow(x - 0.X, 2) +

Math.Pow(y - 0.Y, 2));

}
/1

// add to list the ratio of black pixels to all pixel for a cell
extractedFeaturesForCell.Add(sumvector / sumAllvector);

}

// create a CSV
foreach (string s in extractedfeaturesforCell)

extractedFeaturesfForWholeChar += s + "]

return extractedfeaturesForwholeChar;

//end of feature extraction function

/l

CHANGE TO SPARSE FORMAT
// This method accepts a directory path for a CSV file to return an its

// corresponding sparse data format

Author: Michael A.(abebaw.michael@gmail.com)
Created: 2/5/2014

o

public static string getSparse(string path)

{

string final_string = Sstring.Empty;

// read all line in the file
string[] line = Systen.Io.Filo.ntadlllLlncs(puth);

int count = 8, m = 8;

foreach (string 1n in 1ine)

{
string 1 = 1n.Remove(ln.Length - 1, 1);

// read all values that are separated by a comma
string[] num = 1.Split(new char[] { 2" )

// start to bulld indexed column

foreach (string n in num)

{
if (count == @)
final_string ¢=n ¢ ° 7
else
( -
1 (n == 0" || n=="")
{
countses;
continue;
}
final_string += count ¢ ot Sl B ) ottt
}
countss;
count = @;
final_string += Environment NewlLine;
mes;

return final_string;

//end of sparse function function
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/
TRAIN A FEATURE
// This method accepts a directory path for input feature and output to return a

// model trained with the selected kernel type
/] The function uses classes found in library SvM.net which can be found at
1 [http://uww.matthewajohnson.org/downloads/softwarelsvm.zip]

Author: Michael A.(abebaw.michael@gmail.com)
Created: 2/5/2014

public static void TrainsvM(string featurePath, string k, string outPath)
{
// create model
parameter parameters = new parameter();
PublicParameter.cﬂparameter.Svaype = SvmType.C_SVC;
// check kernel type
if ( k == “linear™)
PublicParameter.c“parameter.KernelType = KernelType.LINEAR;
else if ( k == "polynomial™ )
PublicParameter.c_parameter.KernelType = KernelType.POLY;
else if ( k == "RBF" )
PublicParameter.c_parameter.KernelType = KernelType.RBF;
else if ( k == "sigmoid")
PublicParameter.cﬂparameter.KernelType = KernelType.SIGMOID;
else
return;

//read feature file
Problem train = Problem.Read(featurePath);

//create model for the feature file after training with the selected kernel
Model model = Training.Train(train, PublicParameter.c_parameter);

//Save model
Model .Write(outPath, model) ;

//end of training function

{i
TEST A FEATURE
// This method accepts a directory path for model, feature file and output writing path

// The function uses classes found in library SVM.net which can be found at
/f [http:/!www.matthewajohnson.org/downloads/softwarelsvm.zip]

Author: Michael A.(abebau.michaelﬁgmail.com)

Created: 2/6/2014

i

public static void TestSVM(string modelPath, string featurePath, string outPath)

// read a feature file and write the result in a result.txt
Predict1on.Predict(Prob1em.Read(featurepath), outPath + "\result.txt”,
Model .Read(modelPath), false);

}
//end of testing function
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