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ABSTRACT

A huge amount of paper based documents with valuable information is available in churches,
libraries, caves, governmental and private institutions in a printed, typewritten and handwritten
format. To enable those documents accessible and searchable, Optical Character Recognition
(OCR) systems play a vital role by converting them into their digital format. Some researchers
attempted to develop Amharic OCR systems. However, OCR systems are not yet applicable for
real life document images that contain column blocks, graphics, tables, lines, logos and other
shapes. Moreover, the effectiveness of the system is highly dependent on the text segmentation
output. This study attempts to explore an effective page and text segmentation method to

improve the applicability and performance of Amharic OCR for real life documents.

Accordingly, a skew correction and page segmentation algorithms based on Hough Transform,
Morphological Dilation, and Connected Component (CC) Analysis are tested, and 90.47%,
92.31%, 96.67% and 71.43% accuracy is obtained for detecting tables, graphics, column blocks
and titles individually. Three noise filtering and two binarization techniques are tested and
wiener coupled sauvola found to perform best. Text segmentation methods based on projection
profile, morphological dilation and CC Analysis are experimented on four noise levels (i.e. low,
medium, high and very-high) documents. Projection profile coupled vertical dilation performs
best by scoring 100% accuracy to segment text lines in low and medium noise levels. An image
smoothing based method is proposed and 99.18% accuracy is registered to extract lines from ink-
bleeded documents. Vertical projection profile method is applied to extract words and 99.23%,

96.26%, 87.12% and 54.80% accuracy is registered for each noise levels respectively.

A new method based on CC Analysis is introduced to segment overlapping characters, and
besides to detect and split connected characters. An accuracy of 87.61% and 82.29% is obtained
for low and medium noise levels and 50.64% for high and very high noise levels. By integrating
it with the Amharic OCR system, recognition accuracy rate of 79.13% and 59.07% are registered
for the proposed and vertical projection profile method respectively, which is a promising result.
However, since the developed character segmentation technique fails to segment characters with
discontinuity, and detects long characters as connected character for real life documents, there is

a need to explore noise tolerant segmentation methods.
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CHAPTER ONE
INTRODUCTION

1.1 Background

The development of powerful computers that can process large amount of data speedily as well
as the invention of internet resulted rapid growth of digital technologies. Accordingly every
activity of humans nowadays becomes very intertwined and suffused with them due to their out
of imagination performance [17] [33]. In the ancient periods, communication and codification of
information and knowledge were performed by writing, speaking, drawing, gesture, signs and
symbols. The modern ways of codification includes recording information in different
multimedia formats such as text, image, audio, video and animation. Over centuries, paper
documents have been a principal instrument to make the progress of the humankind permanent

and most information is still recorded, stored and distributed in a paper format [13].

We humans learn reading and writing skills through education and our ability grows to read most
texts such as those printed in various fonts and styles, handwritten neatly or sloppily, characters
with missing parts and misspelled words as the learning time increases [17]. This recognition
process occurs thousands of times in a day using our capturing mechanism of an eye and
interpreting or recognizing characters using our brain’s experience. In computer world, this

process is stimulated to Optical Character Recognition [35] [38] [43].

Optical Character Recognition (OCR) is a process that allows printed, typewritten and also
handwritten text to be recognized optically and converted into machine readable code so that it
can be accepted by a computer for further processing [27]. OCR is a field of research in pattern
recognition, artificial intelligence and computer vision that includes hardware like optical
scanner for converting documents to image, which are going to be an input to some processes in
order to be converted to digital form [16] [22].

OCR is comparatively old in the field of pattern recognition and many studies were made since
1929. Tausheck is the first to get his patent of OCR in Germany and Handel did the same in US
by 1933 [1]. It has been a dream that machines could read characters and numerals until the age

of computer in the 1950’s [50]. Eikvil [23] presented the generations of OCR into four based on
1



the versatility, robustness and efficiency of the system. The first is between 1870, where Carey
invented a retina scanner to the 1950. The second is from 1965 to 1975, machine printed and
hand-written characters were recognized and began to be used in letter sorting on postal services.
The third is from 1975 to 1985 where people try to apply OCR in poor quality documents as well
as in unconstrained handwritten character sets and making them less expensive and more
efficient. The current generation is characterized by recognizing complex documents that
contains mixed texts, graphics, and mathematical symbols in low-quality noisy documents [17]
[23] [50].

OCR systems are categorized as either online or offline recognition systems based on their
method of data acquisition. Online recognition systems use digitizers for direct capture of data
through writing with order of strokes, pen up and down information whereas the offline

recognition systems takes input from optical scanners or digital cameras [45].

OCR includes some basic steps which are classified in different ways on various literatures to
perform the recognition process. Some of these steps are document digitization, preprocessing of
the digitized document images by applying techniques such as binarization, noise removal,
thinning, underline detection and removal and others, segmentation, feature extraction,

classification and post-processing tasks in a ranked order [35] [43].

Digitization is the process of producing document images by converting paper based documents
into digital form through scanning, using camera or by on-screen pen up and pen down
information. For scanning, most OCR systems use a resolution that range between 300 dpi to
1000 dpi for better accuracy in text extraction. Use of high resolution while scanning real world
historic documents that are very noisy or degraded is necessary. It is the first phase in document

image recognition systems [6] [21] [67].

Preprocessing is the most important and critical step which is very helpful to enhance the
performance of recognition. It mainly focuses on correcting the deficiencies found on document
image that might be introduced due to reasons such as data acquisition process, problem on

capturing device, and age of document. It prepares data for the next subsequent activities [6].

Noises are defined as “the random variation of brightness or color information in images

produced by the sensor and circuitry of scanner or digital camera and anything that is irrelevant

2



in digital images is considered as a noise “[13]. The preprocessing stage of recognition system is
very helpful to make the pattern recognition problem simple through reduction of such noises,
degradations and inconsistencies over document images without the loss of vital information.
Some of the techniques employed under preprocessing include noise filtering (reduction),
binarization, skew detection and correction, underline detection and removal, size normalization,
thinning, etc. [6] [67].

After preprocessing, the document images need to be segmented to separate a set of figures,
tables and other lines, text lines, words and characters from document image through a process
of separation of an image into regions that contain pixel groups that are similar in value [66]. It
occurs at two levels; the first level performs text/graphics separation and the second level

performs segmentation of text lines, words and characters of the document image [45].

The next step is extracting features that can uniquely represent one character from another by a
process known as feature extraction. It is responsible for extracting each of these features from
the matrices of digitized characters so that the characters can easily be recognized by the
classifier [17] [18] [63].

Classification is the decision part of the OCR systems that receive input from the output feature
extraction phase which are the features extracted to produce the predicted ASCII representation
of the input character. This module mainly performs two main tasks of learning and testing
phases. Learning phase builds the classifier by analyzing or “learning from” a training set made
up of database tuples and their associated class labels. The classifier then creates a model based
on the training data so that it will be used in testing and recognition process for the given input

feature vectors to predict the ASCII representations [34].

After the classification task is performed and recognition is done, this phase will take the results
as an input to further process to check and maintain errors. This is due to classification
algorithms that are not perfect and always make mistakes because they are making predictions.
Especially for the degraded documents and for alphabets that are very similar, misclassification
of characters is always there. According to Eikvil [23], the use of spell or error checkers on the
result of OCR systems can enhance the performance of recognition process by correcting errors

made by classification stage [23].



Nowadays, the application of OCR becomes more important in various business and
governmental areas such as library and office automation, bank check processing, as a reader for
the visually impaired people, data entry from passport, postal automation and so many other
applications [45]. It is common to find PC-based OCR systems that are commercially available
for most languages in the world, and they become less expensive, faster and more reliable due to
less expensive electronic components [67]. They can also be applied for the purpose of
recognition based document image retrieval. However, the performance of the system relies
heavily on the quality of the scanned images [13].

Most OCR systems are developed to work with Latin-based scripts and they are now used for
practical problem solving activities nevertheless few papers are available on the indigenous

scripts of African languages [45].
1.2 Statement of the Problem and Justification

Ethiopia is a country at the Horn of Africa that has its own writing system and calendar. There
are about 100 languages that can be classified into four groups namely; Semitic, Cushitic,
Omotic, and Nilotic. Among those various languages, Amharic is one of the Semitic languages
that use Ethiopic scripts for writing purpose. It is the most dominant language in Ethiopia spoken
by roughly 30% of the population as a mother tongue and also additionally 20% use it as a
second language and totally, half of the population uses Amharic language which makes it an
official language of the country and medium of communication and working language in most of
the regional states [13] [78].

Ambharic is one of the languages in Africa having its own indigenous scripts and writing systems.
It was spoken since 13" century and started to use for writing purpose in 19" century. Due to the
long history of Amharic writing system, huge amount of information is available inside
churches, caves, governmental and private institutions including information centers, libraries,
museums, etc. in printed, typewritten and hand-written format [67]. Therefore, there is a need to
bridge the gap that exists between the rich information formats but yet inaccessible, not easily
reachable and non-searchable ones into their corresponding computer representation with high

accuracy.



The studies of Amharic OCR have been made starting from the first attempt made by Worku
[66]. He investigated the application of OCR techniques for Amharic text. After that Ermias [24]
further worked on recognition of formatted printed Amharic texts. Dereje [21] studied
typewritten Amharic documents recognition. On the same year, recognition of printed characters
using Artificial Neural Network (ANN) as feature extractor and classifier was studied by
Berhanu [11]. Million [44] studied to generalize previously adopted algorithms for printed
characters with different fonts and sizes. Yaregal [67], Yaregal and Bigun [68]-[79] also
conducted studies on Amharic recognition for printed and handwritten characters of Ethiopic
scripts by extracting structural/topological patterns of characters (primitives). Further, Million

and Jawahar [46] [48], Abay [1] and Michael [43] worked on recognition of real-life documents.

On the recent experiment made by Michael [43], he faced erroneous segmentation of characters
which has a direct impact on the effectiveness of recognition. He applied vertical projection
profile to segment words and characters. However, characters with discontinuity in their body,
overlapping pixels, touched pixels, and adjacent pixels with neighboring characters are failed to
segment successfully. Figure 1.1 shows segmentation errors observed in previous investigation
of Michael [43].

v &0 8/ F¢ A20A00 "TLL0

(a) (b) (c) (d) (e) (D)

Figure 1.1: Sample segmentation errors observed during previous investigation of Michael [43]

(a) Discontinuity in character “t?” produced two individual characters, (b) Overlapped characters
considered as one character , (c) adjacent black pixels between consecutive characters, (d) Touched pixels
between characters, (e) Underlined characters, (f) Single pixel variation from threshold value
Yaregal [70] studied Multifont size-resilient recognition system for Ethiopic script by extracting
structural building blocks (primitives) of each character. He suggested the recognition accuracy

can still be improved by dedicating more efforts on character segmentation [70].

According to Million [45], one of the difficulties in Amharic document image recognition and
retrieval is degradation. It is a reason for the failure of segmentation and subsequent phases of
OCR. Denoising is often necessary and first step to be taken before the document image passes
through the next stages. Even though, a number of attempts were made before, it is still an active

5



research area because observed results show that there is a loss of vital information from those

document images.

Previous studies were tested on a dataset from real life Amharic documents such as bible,
newspaper, regulation and fictions with a different level of degradations such as dusty noise,
large ink-blobs, vertical cuts and ink from facing pages. Degradations can be caused by scanning
devices and transmission media errors, aging, photocopying, faxed documents, problems in data
acquisition, and inferring natural phenomena [45]. Figure 1.2 shows an example of real life
Ambharic document image that contain ink-bleeding noise.

Figure 1.2: Sample Document Image Taken From Biniyam [13] with Ink-Bleeding Noise

As compared to Latin scripts, upper-case and lower-case letters are absent in Amharic writing
system. On the other hand, like English, the writing mode is from left to right and top-to-bottom.
Words are separated with blank space nowadays but historic documents of Ethiopic scripts has
used two-dots to separate words and sentences end with four-dots and paragraphs with
recognized horizontal space [47]. Figure 1.3 presents one of the reasons (i.e. two-dots) that make

segmentation difficult for historic documents.

NAL4ANI:AVAN TR ST
Figure 1.3: Two dots that are used to separate words in historic documents

Gedion [26] conducted a study of page segmentation method to segment tables, graphics or
pictures, text lines and words from the document image collections for DIR system using
different techniques. The study of page segmentation is crucial because real-life document
images usually contain both text and non-text elements. However, the problem faced by Gedion
includes; some parts of a text were considered as a table or line and vise-versa, and also some

parts of the graphics were considered as a text.



Previous studies were tested on limited datasets. However, the main concern of this study is to

explore better page and text segmentation techniques for improving the performance of Amharic

OCR as well as adopting better preprocessing methods that can work well on different levels of

degradations and which can also work better with the selected segmentation techniques.

To fill the above mentioned gaps, this study attempts to answer the following research questions:

1.3

What are the special features of real-life Amharic document images and what kind of
degradations are observed on such documents?

What suitable page segmentation technique can be applied for successfully segmenting
table and other lines, text/graphics, column blocks, titles and other shapes found on real
life document images?

What suitable image processing techniques such as noise detection and removal need to
be integrated to improve text segmentation?

What suitable text segmentation techniques need to be integrated to improve the
performance of Amharic document image recognition?

How much improvement is registered on the performance of Amharic OCR system?

Objectives of the Study

1.3.1 General Objective

The main objective of this research is to integrate effective page and text segmentation

techniques for improving the effectiveness of Amharic OCR on real-life document images.

1.3.2 Specific Objective

To meet the general objectives, the following specific objectives are drawn.

To review different international and local researches, on document image recognition for
real life documents for understanding of the area, approaches, algorithms and to know
what was done before for non-Latin script recognition and understand the challenges.

To study the unique characteristics of degraded Amharic document images.

To collect training and test datasets from real-life historic documents of Amharic

language that contains different level of degradations.
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e To explore better page segmentation technique that can separate the text area from the
graphics, tables and also to identify column blocks and titles.

e To adopt best preprocessing techniques that can help to improve text segmentation.

e To study suitable text segmentation techniques that can extract text lines, words and
characters from real-life documents and integrate it with the previously developed
Ambharic OCR system.

e To evaluate the performance of the recognition system.
1.4 Scope of the study

By aiming the improvement of the performance of Amharic OCR systems for real-life
documents developed so far by previous researchers, this research experiments some available
preprocessing and segmentation techniques. Among many available algorithms, selected
techniques are studied and tested on collected real-life document images with different level of
degradations; experimenting and integrating the selected preprocessing and segmentation
techniques to the Amharic recognition system is the main focus of the study. The test datasets are
originally collected by previous researcher Biniyam [13] who made his study on the document
image retrieval system and also some new real life document images that contain graphics,
pictures, tables, columns are collected and merged with the dataset to experiment page
segmentation methods. All the documents are taken from sample printed historic documents such
as old books, newspapers, bible, and magazines with different level of noises.

However, this study is a continuation of previous work and it doesn’t include the segmentation of
handwritten and typewritten document images. Also due to time limitations, the study mainly

focuses on the page and text segmentation techniques for Amharic OCR system.
1.5 Methodology of the Study

This research follows an experimental research; it is also named as empirical research that relies
on experience or observation alone, often without due regard for system development and theory.
It is data-based research, coming up with conclusions which are capable of being verified by

observation or experiment [39]. It involves data preparation, system development and evaluation.



Therefore the following methods and techniques are used to undertake the research work for the

achievement of specified objectives and to answer the research questions of the study.

1.5.1 Literature review

In order to have a deep understanding about the OCR system techniques, related literatures from
different sources such as books, journal articles, conference papers and internet sources such as
educational websites are reviewed. Also both past and recent studies of works on Amharic and
other similar non-Latin languages are reviewed to have a better background on the better
performing algorithms and techniques. Since this research is supposed to be a continuation of the
previous studies of Amharic OCR and need to be integrated with them; local researches are

given more emphasis.

1.5.2 Dataset Collection

For the purpose of training and testing, the datasets collected and organized by previous studies
are collected and digitized. Mainly Amharic document images with different level of
degradations that are collected by Biniyam [13] from previous study of Document Image
Retrieval (DIR) for Amharic document images are used and some additional real life document
images that contain graphics, pictures, tables, columns are collected and merged with the dataset
to experiment page segmentation methods. The datasets are from various sources of newspapers,
magazines, old books, and other historic documents. 26 of the document images are from
Biniyam’s dataset and 33 document images are the newly added document images; totally, 59

document images are gathered.

1.5.3 Implementation tools

Most previous studies use MATLAB® Image Processing ToolboxTM, due to availability of its
rich libraries for image processing. One of the recent research made by Michael [43] also used
MATLAB® Image Processing ToolboxTM and visual C# libraries. And also some other studies

used Visual C++ and as well as WEKA machine learning tool.

Visual C# libraries and MATLAB® Image Processing ToolboxTM are integrated and used in
this research because the researcher is familiar with this language and MATLAB is better for

image processing and also for easy integration with the previous study.
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1.5.4 Performance Evaluation

To measure the performance of noise removal and other preprocessing techniques, Mean
Squared Error (MSE) and Peak Signal to noise ratio (PSNR) are used. MSE is a measure of an
average of the squares of the errors, which is the difference between the estimator and what is
estimated. It is a risk function corresponding to the expected value of the squared error loss.
PSNR is the ratio between the maximum possible power of a signal and the power of corrupting
noise that affects the fidelity of its representation. Because many signals have a very wide
dynamic range, PSNR is usually expressed in terms of the logarithmic decibel scale [64].

For measuring the performance of both page and text segmentation algorithms, there are various
techniques available. For this study, the performance is measured using the manual counting of
the expected correct and wrong segmentation to calculate the accuracy percentage as used in
Michael’s [43] study.

After the integration of recognition algorithm with the proposed techniques, the accuracy of the
OCR system are measured by a common and widely used methods such as recognition rate, error
rate and rejection rate of test results from both testing and training sets. Eikvil [23] discussed that
recognition rate measures the proportion of correctly classified characters from the total
characters and conversely, error rate measures the proportion of characters erroneously
classified. Rejection rate measures the proportion of characters which the system was unable to
recognize. Michael [43] used recognition rate and error rate and this study also uses the same to

evaluate the performance of the system.
1.6 Significance of the research

Large amount of documents articulated and printed in Amharic scripts are available in
information centers, libraries, museums and government and private institutes [48]. There is bulk
of historical printed, typewritten, and handwritten documents available that needs to be digitized
and accessible via the Internet and digital libraries [45]. Manual conversion process of these
documents which is by typing; is tedious, error prone and time taking. OCR systems can provide

an automatic transformation into computer representation of these documents.
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Libraries, museums, churches and other information centers can benefit by using the system to
share documents to many users easily and simultaneously. Governmental and non-governmental
institutions can also make information on printed documents effortlessly accessible. Researchers
on different disciplines such as: history, religion and sociology, politics, etc. are other
beneficiaries of the system. Therefore, developing Amharic OCR system has several benefits for

different parties.
Further than the above major contributions, OCR systems play bigger roles such as:

e To help us to make the computer representation (digital format) of physically available
printed, typewritten or handwritten real life documents. This makes the valuable
documents electronically available for future references.

e To facilitate quick digital search in contents.

e To save storage space.

e To allow document modification if necessary.

e To assist visually impaired people as a reading tool for scanned documents by combining
it with other systems such as speech synthesizers.

e To enhances document accessibility, availability and portability in various devices such

as smart phones.
1.7 Organization of the study

This thesis is organized into five chapters. The first chapter discusses the background of the
study, statement of the problem, the general and specific objectives, methodologies used, and

scope of the research.

In chapter two, literature review on the overview of OCR system and phases conducted under
OCR systems specially those focusing on preprocessing and segmentation methods are reviewed.
Moreover, a brief review of the history, development and characteristics of the Amharic writing
system and different types of documents, local related works on document image recognition and
the challenges in building Amharic OCR are reviewed.
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In chapter three, the proposed architecture of Amharic OCR system, the selected image
preprocessing and segmentation techniques are concisely explained. The evaluation measures

that are used for measuring the performance of each algorithm are also discussed.

Chapter four emphasizes the experimentation of selected preprocessing and segmentation
techniques, and experimental results used to confirm the validity of the proposed techniques are

presented and integration to recognition phase and its results are also presented.

Finally, based on the findings of the study, conclusion and recommendations of the research are

presented in chapter five.
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CHAPTER TWO
LITERATURE REVIEW

The development of Optical Character Recognition (OCR) is motivated by the need to cope with
the available massive flood of documents in real life such as books, newspapers, bank checks,
commercial forms, government records, posted letters, credit card imprints and also other
historic documents in churches, museums and various institutions. OCR is automatic reading of
optically sensed document texts of human readable characters to machine readable codes such as
ASCII or Unicode [67]. To perform the recognition process, OCR systems involve major steps

classified in various ways on different literatures and examining them is critical for the research.

2.1 Overview of OCR System

One of the emerging applications due to the accelerated advancement in pattern recognition that
are not only challenging but also computationally demanding applications are OCR systems. The
main objective of OCR system is to recognize characters that are found on optically sensed
human readable document images that contains handwritten, typewritten or printed text and
convert them into machine readable codes and enable document images to be accessible and
editable. It can be described as a mechanical or electronic conversion of scanned document
images to their digital format. It is very important for various purposes such as indexing,

searching, editing and reduction of storage size [16] [57].

OCR became an active field of research since mid-1950’s. Today, it is one of the most successful
applications of automatic pattern recognition and it plays an important role in this modern world
where there are heterogeneous representation of text based information. Accordingly it has
immense potential in future where we want to track and locate every piece of information being
exchanged [22] [61].

Based on the type of data acquisition method they use, OCR systems are broadly categorized into
online and offline OCR systems. Online recognition systems use digitizers for direct capture of
data through writing with order of strokes, pen up and down information whereas the offline
recognition systems takes input data from optical scanners or digital cameras in the form of

document images. However, some researchers argue that OCR is only instance of offline
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character recognition, where the system recognizes the fixed static shape of a character and

should not be confused with on-line character recognition [1] [61].

OCR systems nowadays became an integral part of document scanners and many other
applications such as postal processing, banking security, script recognition, passport
authentication and language identification [57].

To perform the recognition process, OCR systems involves basic steps which are classified in
different ways on various literatures. However, Million [45] mentioned that most of the designs
of OCR systems follow a modification of the common architecture. The framework of OCR
systems that categorizes some of the basic steps undertaken into three general basic phases as
Document Scanning Phase, Recognition Phase and Verifying Phase as presented in figure 2.1
[57].
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Figure 2.1 General Framework of OCR System as Adopted From [57]
2.1.1 Document Scanning (Digitization) Phase

It is described that OCR is a process of converting scanned images of documents with printed,
typewritten or handwritten texts into computer editable format and this phase is the first phase
that any OCR process starts and in some literatures it is termed as digitalization or image

acquisition. It is responsible to produce document images by making conversion of paper based
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documents into digital form by scanning, capturing using camera or through on-screen pen up

and pen down information [1] [6] [67].

This phase is the stage where scanning device is used to scan the handwritten or printed
documents in order to find the digitized form and the acquired images can be captured in
different formats such as JPG, BMP, PNG, TIFF, etc. that range from a true color intake to
binary form by adjusting the varying resolution of an image to make it in a way that a computer
understands them as a matrix of pixels [1] [43]. The most common and dominantly used format
for the case of OCR is bit map (.BMP).

One of the major concerns that must be dealt during this phase is the resolution of the scanned
image measured in terms of Dots-Per-Inch (DPI) because it has a huge and direct impact on the
performance of overall recognition process of OCR systems. DPI is a measure of spatial printing
or video dot density; in particular the number of individual dots that can be placed in a line
within a span of 1 inch (2.54 cm) in digital image [32]. It is a number of pixels the image spans
in an inch of measure and higher resolution is preferred or needed for OCR systems because of
the produced image must be better images in quality. Lower resolution tends to break thin lines,

fill gaps that exist in characters, and also may cause noises on the document images.

A scanner's optical resolution is determined by how many pixels it can actually see. For example,
a typical flatbed scanner will use a scanning head with 300 sensors per inch, so it can sample 300
dots per inch (dpi) in one direction. To scan in the other direction, it will move the scanning head
along the page, stopping 300 times per inch, so it can scan 300 dpi in the other direction as well.
This scanner would have an optical resolution of 300 x 300 dpi. Some manufacturers stop the
scanning head more frequently as it moves down the page, so their machines have resolutions of
300 x 600 dpi or 300x1200 dpi [32].

However, using high scanning resolution also makes the produced image bigger in size which
causes the wastage of disk space and slows down the scanning process and also other remaining
processes in OCR system. The recent advances in scanner technology have made available
resolution in the range of 600 DPI to more than 1200 DPI [1].
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One of the online sources from ABBY'Y Technologies (https://www.abbyy-developers.eu) which

are the known providers of OCR system recommends a resolution rate according to the font size

of text document that is going to be scanned as follows.

“For regular texts written in English scripts using font sizes of 8 to 10 points, it is
recommended to use 300 dpi resolutions and if the scans have a smaller resolution, for
example 200 dpi, then the 10 point font will be too small and will contain broken pixels
or “missing pixels” in the document image. Therefore for the smaller font text sizes

(below 8 points), using 400-600 dpi resolution is recommended [2] .

Therefore, we must note here that as a scanner resolution increases, the quality of document

image also increases.

Dereje [21] explained most OCR systems use a resolution between 300 dpi and 1000 dpi to get
better accuracy in text extraction and recognition. Studies show that using high resolution is

necessary while scanning real world historic documents which are very noisy and degraded.

2.1.2 Recognition Phase

After the scanning of document images, the next basic and major step of OCR systems is
recognition phase. It is the difficult phase which employs several sub-phases that are vital for the
recognition or conversion of document images into their ASCII or UNICODE representation of
characters. The sub-phases involved in recognition phase are Pre-Processing, Segmentation,

Feature extraction, Classification and Post Processing Techniques [23].

2.1.2.1 Pre-Processing techniques

Scanned document often contain noises that mainly arises from printer, scanner, paper quality,
age of document or due to other reasons [48]. The images collected by different type of sensors
are generally contaminated by different types of noises and paper documents are very sensitive to
degradation of integrity. Therefore, before manipulating the information in the image,

preprocessing tasks must be conducted on the scanned image to improve its quality [13].

The main goal of this phase is to enhance the performance of recognition process through
increasing the accuracy and performance of next steps such as segmentation of pages, text lines,

words or characters through performing a serious of operations during preprocessing stages to
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organize the information and correct deficiencies in document images. The operations includes
processes such as detecting skew angle and correct it, detecting text area, fixing some of the

noises and degradations of an image, and some other activities are performed [6] [53] [56].

Preprocessing tasks aims that making the pattern recognition problem simple. Million [48] noted
that because of the level of degradations in digitized real life document images such as
magazines, books and newspaper, there is a need to apply noise filters so as to reduce the effect
of degradation during the recognition process [48]. So, it is helpful to reduce noises, degradation

and inconsistencies over the document image without the loss of vital information.

Algorithmic steps involved in preprocessing phase are divided into two based on their necessities
in every OCR systems as mandatory and optional steps. Mandatory steps are the one that are
very important and every OCR system should incorporate them. For example, binarization could
be one of them. On the other hand, the optional steps can be taken or left based on the type of
document or problem domain they are applied. One example of these steps include noise
detection and removal, underline detection & removal, size normalization, skew detection, slant

removal, thinning, filtering, contour smoothing, document restoration etc. [55] as cited by [43].

Real life document images are not free from degradations of different types and levels, therefore
it is very important to include optional steps like noise detection and removal. According to
Million [45], degradation of printed texts in documents images may come from different sources
and he mentioned that it mostly occur due to the quality of paper used and/or ink drops from
printers, photocopy or fax machines, and scanner quality. Generally he identified and categorizes
noises in the document images into four groups as salt and pepper, cuts, blobs and erosion.

Figure 2.2 presents these noise types in Amharic document images [45].

e Salt and Pepper Noise: This type of Noise is caused by errors in data transmission and
scanning of documents. It is a common form of noise observed in real life document images
and it is distributed all over the image flipping white pixels to black (i.e. pepper) if it is black
background and black pixels into white (i.e. salt) if it is a foreground.

e Cuts and Breaks: such type of degradation occurs due to the paper quality, folding of paper
and print font quality. It corrupts the part of document image by reversing black pixels into
white and it creates the problem like breaking the continuity on the shape of characters.
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e Blobs: occurs due to large ink drops within the document image during printing, faxing or
photocopying process. It is a flipping of pixel values into black and the existence of this
noise merge or separate character components.

e Erosion of Boundary Pixels: Such kinds of degradations are caused by the erosion of
boundary pixels that can affect the image through changing either black pixel to white or vice
versa. It is mostly happened by the imperfections in document scanning and mostly it is

observed at the boundary of the image.
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Figure 2.2: Sample Amharic word images with Salt-and-Pepper, Cuts and Breaks, Blobs and Erosion of

boundary pixels (shown from top to bottom)

Moreover, based on the classification presented in [13], image noises are classified as the
physical noise, digitization noise, filtering noise and storage or transmission noise. Physical
noises are noises that are related with the physical readability or integrity of original information
in the document and it is classified as internal noise that includes paper aging, paper texture,
carbon copy effect, scratches, cracks and inadequate printing whereas external noises including
folding marks, filing and staple punching, stain, thorn-off regions, worm holes, readers
annotations, and highlighting, physical blur and sun burn. Digitization noises are introduced by
the digitization process. Filtering noises are suitable manipulation of the digital file may degrade
the information that exists in the digital format of the document instead of increasing it.
Storage/Transmission noises are occurred due to the error or inefficiency in storage algorithms

or from the network transmission errors [13].
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Such types of noises are one of the factors that affect the accuracy of other stages of recognition
which have a huge impact on the result text recognized [50]. Once the image is scanned and we
identified the noise, noise removal or filtering (denoising) algorithms need to be applied on it in
order to remove noises detected on the document image without losing vital information because
the noisy images are obscured and the image details are lost. Specially to provide public access
to historical and ancient document image collections, they must be preprocessed first to remove

background noises and become more legible [13].

Noise removal is the process of removing noise from a signal or image which is always present
in digital images. It can be created at the same time when image is captured and it is a part of
image data recorded by the imaging device. The most important reason for noise reduction is to
obtain easy way of recognition where extraneous features will otherwise cause subsequent errors

in recognition [13].

There are several noise removal algorithms available for filtering noises on document images.
Motwani [51] presented classification of image denoising methods (figure 2.3) and generally, he
classified them as Spatial Domain Filtering and Transform Domain Filtering. Spatial domain
filtering is also classified into Linear and Non-linear methods. Linear methods contain Mean and
Weiner Filters whereas non-linear methods contain Median and Weighted Median Filters. On the
other hand transform domain filtering is classified as Data Adaptive Transform and Non-Data
Adaptive Transform and several algorithms are available under those methods which can be
further referred from Motwani [51] and the following figure show the classification of noise

removal methods that has been discussed so far [51].

19



Noise Removal Methods

Spatial Domain Transform Domain
I l
| | | |
Linear _\.ull-Ll!Iear Non-Data Adaptive Data Adaptive Transform
- Mean - Median Transform ICA
- Weiner - Weighted Median | '
| 1
Wavelat Spatial Frefquenq-‘
Domain Demain
| I
. . Jav Non-Orthogonal Wavelet
; P Non-Linear Wavelet
Line ar‘F.ll ering Threshold Coefficient Model Transform
- Weiner Filterin I - LDWT
g | | - SIWPD
Deterministic Statistical - Multiwavelets
- Tree Approximation |
Non-Adaptive Adaptive
- VISUShrink - SUREShrink |
- BayesShrink Marginal Joint
- Cross Validation - GMM - RMF
-GGD - HMM

Figure 2.3: Classification of Noise removal methods as presented by Motwani [51]

In preprocessing task, there are also other operations that must be done based on the problem
domain on hand. For example, if we need to detect and remove the underlines in our document
image, we have to apply underline detection and removal algorithms to the preprocessed image

because it will cause an error on other steps of recognition [24].

Another concept that is discussed by Dereje [21] is about image restoration techniques. He noted
that, the first step in a preprocessing stage of the OCR system is the reduction of noises to enable
other stages of OCR system performs well. During such process, there is a drawback to the
document image which is a loss of vital information from the character image. So there are
different image restoration techniques that we can apply to enhance or fix the corrupted or lost
data due to the degradation of document image. This will help to enhance the performance of

OCR system on recognition [21].

There are also other preprocessing tasks like skew detection and correction, thinning, size and
normalization methods that are performed on the preprocessing stages of OCR system and for

further reading about these and many other tasks of preprocessing refer [6] and [67].
20



2.1.2.2 Segmentation

Segmentation is a process of separation of an image into regions that contain pixel groups that
are similar in value [15] [66]. It is also explained as symbolization or extraction of characters
from pixel array [44]. It is considered as the most important part of recognition system because
of the direct dependency of correct recognition on correct segmentation of characters. It is
applied after the image filtering and other preprocessing tasks are done. Million [45] explained
that segmentation occurs at two levels. On the first level; text/graphics, columns, tables and other
parts are separated named as page segmentation and on the second level; text lines, words and

characters in the image are located known as text segmentation.

Gedion [26] discussed that application of page segmentation algorithms to document images to
separate text and non-text components is essential preprocessing step before other OCR
operations including text segmentation. He also noted that there are limited numbers of shapes of
text characters but the shapes of non-text elements are unlimited. Therefore OCR engines treat
both text and non-text components differently, such that they only recognize text components
and then arrange recognized text and also the graphics of non-text components in an output

document using layout information [26].

After the text/graphics segmentation of document image is performed, the next stage is
extraction of lines, words and characters from the document image known as text segmentation.
OCR systems can jumps to any of the three parts of text segmentation but for proper organization
of recognized text, it is important to segment lines, words and characters respectively [53]. The

correctness in each stage of text segmentation assures the efficiency on the result of recognition.

Various literatures categorize image segmentation techniques in different ways. Text image
segmentation algorithms are categorized in different ways by different scholars and traditionally,

they are divided into three main group as top-down, bottom-up and hybrid approaches [25].

Top-down approaches perform segmentation on the document image starting from the entire
image to smaller regions recursively. Most of well-known top-down methods are Projection
Profile Methods, Histogram Analysis and Space Transforms (Fourier Transform, Hough

Transform, etc.) and the methods are explained in detail in [25].
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Bottom-up approaches are the reverse of top-down method where they start segmentation with
the smallest element of document image that are pixels and merge them recursively in connected
regions or components and then in larger structures. Some of the methods used here are
Connected Component (CC) Analysis, Region-Growing Methods, Run Length Smoothing, Neural

Networks and Active Contours.

Hybrid approaches are methods that combine and make use of both bottom-up and top-down
approaches; For example, connected component analysis for shape information and block
separation for background block map. They work very well for major text/graphic segmentation
in real life documents but not for a very fine level segmentation of words and their individual
characters in historical books [26]. Many other categorizations and algorithms are presented by

various scholars and [36] can be referred for further reading.

According to Dereje [21], segmenting a character from a degraded real life document image is a
trouble for OCR systems. The major problems faced errors on text segmentation were; the
overlapping features of Amharic scripts, broken characters due to the degradation of printed real
life documents; adjacent black pixels between consecutive characters and single pixel variation
causes different characters segmented as one; inefficiency on underline detection and removal
and also other preprocessing techniques and connected characters produced some difficulties on

the result of character segmentation [43] [54].

2.1.2.3 Feature extraction

Feature extraction is the process of extracting relevant features from the segmented character
images to form a feature vectors. The result of feature extraction is a unique representation of
characters that can be used by classifiers to recognize the input unit with target output unit [43].
Therefore efficient extraction of unique features character images makes the classifier works
efficiently since it makes easier to classify different classes by comparing these features. Image

features are meaningful and detectable parts of the image [1].

According to Mesay [42], the definition of feature extraction is noted as “extracting the raw data
or information which is most relevant for the classification purpose, in the sense of minimizing

the within class pattern variability while enhancing the between class pattern variability” [42]. It
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has an impact on recognition error rate and studies must give more attention to it in order to

apply OCR systems for real life document image.

Feature extraction for character recognition is broadly classified as Structural/Topological
features and Global/Statistical features. Structural/topological feature is concerned with
geometrical and topological properties of the character that includes examining features such as
strokes either concave or convex, end points, branches, junctions, connectivity and holes etc. that
exist in the character whereas global/statistical features are obtained from the arrangement of
points constituting the character matrix. Some of the common techniques for statistical feature
extraction include Zoning, Moments, Projection Histograms, N-tuples, Crossings and distances

[63] and further discussions are made on Michael [43].

2.1.2.4 Classification

After the extraction of unique features that represent a character image, the next step is the
classification stage which is the decision making stage using the extracted feature vectors. It is
defined in [37] as a process of assigning the sensed data to their corresponding class with respect
to groups with homogenous characteristics, with the aim of discriminating multiple objects from

each other.

Classification generally performs two tasks: Training and Testing. Training is a process of
extracting certain patterns from training datasets to store them in certain format called model and
testing task is about using the designed model for future predictions or decisions made by the
OCR system to predict a feature vector’s ASCII or UNICODE representation [49].

Machine learning is a natural outgrowth of the intersection of Computer Science and Statistics. It
is one type of Artificial Intelligence (Al) that provides computers with the ability to learn
without being explicitly programmed [49]. It focuses on the development of computer programs
that can teach themselves to grow and change when exposed to new data, they are able to predict
on the unseen examples. In order to perform this, the learner has to build a general model using

classification methods to be used later to provide new predictions.

Yaregal [67] discussed in detail about the pattern recognition techniques. The aim of pattern

recognition is classification and they are expected to perform either supervised or unsupervised

classification. Supervised classification, where a given pattern has to be identified as a member
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of already known or predefined class and classes are defined by the system designer whereas
unsupervised classification, where a pattern needs to be assigned to a so far unknown class of

patterns and classes are learned based on the similarity of patterns [67].

A variety of techniques have been implemented by scholars from the worldwide [67]. Verma and
Ali [63] categorized that most commonly used classification techniques into Statistical methods,
Syntactic/Structural methods, Template matching, Artificial Neural Networks (ANN), Kernel

methods.

Statistical methods are automatically trainable algorithms and they use a set of characteristic
measurements usually called global features extracted from characters by partitioning the feature
space. The purpose of statistical methods is to determine to which category a given pattern
belongs by making observations and measurement process to prepare a set of numbers that is
used to prepare a measurement vector. Some of the examples of techniques under this category
are; K-NN, Bayesian classifier, Quadratic Discriminant Function (QDF), Linear Discriminant
Function (LDF), Euclidean distance, cross correlation, Regularized Discriminant Analysis
(RDA) [63]

Syntactic/Structural methods classify input patterns on the basis of components of the characters
and the relationships among these components. Yaregal [67] and also his other studies with Josef
Bigun [68]-[79] applied this method to develop Amharic recognition system for both printed and
handwritten texts. This method 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. Verma and Ali [63] noted that a character is represented as a production of rules
structure whose left-hand side represents character labels and whose right-hand side represents

string of primitives. They noted that the method is good for recognition of handwritten texts [63].

Template matching is one of the simplest and common approaches of pattern recognition generic
operation which is used to determine the similarity between two entities. In this approach, the
prototype of the pattern that is to be recognized is available and a given pattern is compared with

the stored ones to be recognized [63].

Avrtificial Neural Networks (ANN) is a method that simulates the way that human neural system

works. It samples the pixels in each image and matches them to a known index of character pixel
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pattern. Neural networks are ideal for specific types of problems, such as processing stock
market data or finding trends in graphical patterns. Common types of ANN are feed-forward
network, Convolutional Neural Network, Vector Quantization (VQ) Network, Auto-association
Network, Learning Vector Quantization (LVQ) [55].

Kernel methods are the most important and powerful classification methods that include Support
Vector Machines (SVM), Kernel Principal Component Analysis (KPCA), Kernel Fisher
Discriminant Analysis (KFDA), etc. They are in a group of supervised learning methods that can
be applied to classification to produce a model which predicts the target values of test data.
Different types of kernel functions of SVM are Linear, Kernel, Gaussian Radial Basis Function
(RBF) and Sigmoid [43] [63].

2.1.2.5 Post Processing Techniques

This phase in OCR system is performed after the result of the classification process to check
errors that may have occurred due to the imperfections of classification algorithms. There can be
many reasons for misclassification of characters. One example is structural similarity of
characters and such errors are usually gone unseen unless additional post processing techniques
as spell checker, dictionaries or error checker methods are applied. It can be done automatically

or with the help of the user to identify misclassified characters and correct them [23].

Million [44] stated, “To enable the Amharic OCR system search for obvious errors and locate
possible alternatives for unrecognized words, there is a need to develop post processing
techniques such as spell checker, thesaurus, grammar, etc.”. Verma and Ali [63] discussed that
post processing step as the grouping of the symbols. They explained it as a process of performing
the association of symbols into strings called grouping. Therefore this stage is very helpful for

the improvement on the performance of recognition system.
2.1.3 Verification Phase

When OCR systems are dealing with noisy and poor quality documents, the result shows
rejection of some characters that may go unseen. They are usually flagged by OCR systems for

possible human intervention. Therefore, there is a need for human proofreading in order to
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correct those errors. Also, after the recognition is done, inspection must be done to check the

correctness of transcription done by the system [43].
2.2 Writing system

Understanding the attribute of each character and the allowed combinations between them to
make up words, phrases and sentences is helpful to extract features as well as fix a set of rules
such as dictionary specific to a given language. OCR systems heavily depends on the writing
system of the language due to the essential elements of recognition systems such as character
positioning, text orientation, word and character segmentation, and character forms that rely on

understanding the language in question and its writing systems [1].

Humans started expressing thoughts through writing or symbol about 5,000 year’s ego [21]. The
first symbols they used were simple pictures of objects. Egyptians, for instance, used picture
writing on monuments to convey information [21]. Language is the capacity for acquiring and
using complex systems of communication [1]. 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 [10] presented the types of writing systems into three

as logographic, syllabic and alphabetic.

The logographic system was used first around 5000 years ago and place of origin is in the areas
of Palestine and Syria. In this system, one symbol represents one word. For example a language
of 100,000 words could have symbols as many as 50,000 - 60,000 and one example can be the

old Chinese writing system [10].

The syllabic system represents a phoneme using a symbol. Phoneme is a combination of a vowel
and a consonant. In this system, the numbers of symbols needed for a given language is
determined by the number of basic sounds used. For example, if a language has 25 consonants
and 5 vowels, the total number of phonemes is 125 (25x5). One example of this writing system is

the Amharic writing system [10].

The third and last one is alphabetic system, which is originated from the syllabic systems used in
the Semitic languages of the Middle East. It is also called Greek Alphabet because its origin is
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tied to Greek and lately adopted by Romans and introduces it to their colonies which enable the
wide use of the Latin language. Nowadays, it is used in western world and most parts of Europe,

and also many African countries use it [10].

There is no exact estimate of on the number of human languages available in the world.
However, estimates vary between 6,000 and 7,000 languages in number [30]. In Africa, more
than 2,500 languages including regional dialects are spoken and most of the writing systems use

a modification of Latin and Arabic scripts [48].

2.3 Ambharic Writing system

Ethiopia is one of the countries in east Africa with a mosaic of ethnicities and many indigenous
languages. There are more than 70 languages that are spoken and most of them belong to the
Semitic and Cushitic branches of Afro-Asiatic family [26]. From those many set of languages
spoken in Ethiopia, Amharic is the most dominant since 5™ Century. It belongs to the Semitic
group and it is one of the languages in Africa which have its own indigenous scripts and begun to
be used for the writing purposes since 19th century. Nowadays, it is the second most spoken
Semitic language in the world after Arabic and also both the official and working language of

Ethiopia. It is the most commonly learnt language next to English throughout the country [48].

Semitic Sabean peoples of southern Arabia are the first to introduce syllabic writing system for
Ambharic language to the northern part of Ethiopia 2,500 years ago. As a result, the version of the
script is known as Sabean script which is written from right-to-left. The system was used for a
long time in the northern part of Ethiopia until the Axumite time whence it gave way to Geez
[10].

Geez, the language of the Ethiopian Orthodox Tewahedo Church throughout medieval and
modern times, gave rise to the Semitic cluster of languages [26]. It became a written language
only after it took 24 of the 29 Sabean characters and modified 16 of them into a different look. It
also took 2 additional characters from the Greek script, namely, P and PP (“&” and “4”). The
style of writing was also restricted and modified to left to right. Geez used such a script and
writing system between the 4th and 7th century [4]. The following figure 2.4 shows the change
in the form of the 16 characters [43]. Geez also adopted a number of different vowels instead of

the one used by Sabean [10].
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Figure 2.4: Evolution of Sabean to Geez Michael [43]

Baye [10] also discussed that Amharic also took the Geez scripts and became a written language
just like Geez took and modified the Sabean scripts to become full-fledged written language. On
top of the 26 characters, Amharic also needed 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 “4”, “F”, “€”, “a”, “B” and “H”) that were inherited from Geez [10].

Ambharic is written in the unique and ancient Ethiopic script (inherited from Geez, a Semitic
language). Nowadays, its complete set (see Annex I) is now effectively a syllabary requiring

over 300 glyph shapes including characters, punctuations and numbers [48].

2.3.1 Ambharic Characters

Ambharic writing system has 33 basic characters. There are other 6 orders derived from the basic
forms and represent syllable combination consisting of a consonant and vowel except the 6th
order, which may represent either the consonant alone or the consonant followed by a vowel.
Totally, they become 7 orders, as shown in Table 2.1 [26] [67].

™order 2" order 3“order 4" order 5" order 6" order 7" order

) U (A 7 % v 14
Ha Hu Hi Ha He H Ho
A (3 AL A 0 A\ (v
La Lu Li La Le L Lo

Table 2.1: The seven order of Amharic writing system

As Table 2.2, besides the basic characters, there are series of derived characters to represent
labialized velar consonants. For example, these are velar sounds like /k/, /g/, g/, and /h/ that are
pronounced with the lips rounded regardless of the vowel [26]. These are called the modified
version of characters (labialization characters) such as “4.”, “a9.”, “&>, “4”, “0.”, “&” etc. which
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are 44 in number. But, according to Million [44] among those labialized characters, only 20
(such as “92”, “&”, “a”, “x”, “t” etc.) of them are common and usually listed as an appendix to

the main list [19] (see Annex | for the complete list).

¢ € & P & P & B P 2 & P

n + o a a6 N1 Q0 q,
hn - nn O h h b b % O

Table 2.2: Sample of characters representing Labialized Velar Consonants

Ambharic characters use more than one orthographic representation for the same sounds which
are taken as a problem in the writing system and most of the scholars suggest that eliminating
such repetitive characters for better computer representation [26] [43]. Some of the examples of

such letters are “U 1 h T 417, “a T w”, “2 107, “A 10”.
2.3.2 Amharic Numeration Systems

Amharic numeration system (see Table 2.3) consists of basic single symbols for one to ten, for
multiple of ten (twenty to ninety), hundred and thousand and they are presented in figure 2.6.
These numerals are derived from the Greek numerals with some modifications and each of the
symbols has horizontal strokes below and above [10]. There is no representation of zero in

Amharic number system and using this system of arithmetic purpose is very difficult.

x1 & g Lo & :t LI &L U

x10 1T A a % i x & Mo i
x100 ¢
x 10.000 ¢

Table 2.3: Amharic Numeration System
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2.3.3 Ambharic Punctuation Marks

Million [44] noted that Amharic writing system uses eight punctuation marks for different
purposes and some of them are structurally similar with Latin languages and used for same

context [44]. Some of the commonly used punctuation marks are:

-0t 110 (2) - word separator

v
v' ket 1 (5:) - sentence separator (equivalent of the full stop)
v 1imA wZ (3) - equivalent for comma

v

£C wi (2) - equivalent of semi-colon

Word delimiter (v-a-t 170) is most commonly used in historic documents but the modern writing
styles commonly use space as a word separator. Some of the borrowed symbols are question
mark (°?”), exclamation mark (°!”), arithmetic operators such as ‘“+°,’-¢,“*“ ¢/, brackets (‘(,*)°),

quotation marks (“,”), etc.).

2.3.4 Features of Amharic Writing System

The basic characteristics of Amharic writing system are quite similar as English language. They

are summarized at [43] as follows;

It is written in a horizontal direction and from top to bottom.
White spaces are used as separation of words.
There is proportional spacing between characters.

Characters are written in a disconnected manner (e.g. “A00”).

AN N NN

Most of upper strokes are attached to main character (e.g. “6”,“n”) but for some characters
(e.g. “0”), numbers “g, g, F, ...” and punctuation marks “ =, :, ¥ 7, there is disconnection
between strokes

v' It has no lower and upper cases.

<

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

v Questions end by using symbol, question mark “?”.
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2.3.5 Real Life Amharic Documents

There is a huge amount of Amharic documents such as letters, newspapers, magazines, historic
and modern books, pamphlets, etc. are available in government and private offices, libraries and
museums having different writing styles and formats. So, enabling such rich information items to
their digital format for effective access, reliable storage, computability and long term
preservation is very important. These real life documents can be categorized into printed,

typewritten and handwritten [26] [48].

2.3.5.1 Printed documents

A number of different types of Amharic fonts for printed documents are available these days and
commonly 'Power Geez', 'Visual Geez', and ‘Nyala’ are used [13]. The following Table 2.4
presents Amharic characters written in different fonts to clearly understand the features of

printed Amharic text.

AR e Nyala
ntek e Power Geez Unicodel
iTeR e Power Geez Unicode2
trrie Power Geez Unicode3
A% e Visual Geez Unicode

Table 2.4: Commonly used Amharic Fonts

We can observe from the above example that words belonging to the same class but printed
using different typefaces varies both in shape, width, line thickness, etc. and also there are many
possible representation of the same letter among various fonts that produce a character big in
shape or small size [13]. Those printing variations become a challenge for the development of

recognition systems.

2.3.5.2 Type written documents

According to Dereje [21], who conduct his study on recognition for typewritten documents, the
first type writer is called Olivetti Lexicon 80 was made in 1950 and a number of documents are
available in the form of books, magazines, letters, etc. He clearly described the characteristics of

typewritten Amharic text and noted that the height and width of individual characters in a
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typewritten document are not constant. However, the space between each character is

proportional [21].

Biniyam [13] finally mentioned the main challenge of using Amharic typewriter is due to the
dust filled print heads and other scrapes of ink from the ribbon, loop appendages of some
characters and words appear as solid black circular image in most typewritten documents [13].
As a results there exist connected characters in typewritten documents when two consecutive

characters (especially the second, third and fourth forms) take up all the space in between.

2.3.5.3 Handwritten documents

Handwriting is the most dominant means of written communication. It also brings difficulty to
automation of handwritten documents [65]. According to Dereje [21], it has started in the form
of Egyptian pictorial writing (hieroglyphics) that finally gave birth to most of the Middle Eastern

scripts and continued as means of communication and recording information in daily life.

In Ethiopia, handwriting is broadly used among the society, public institutions and public
officials for many purposes. There is no clear rule that abandons cursive handwriting; however,

people often write in a disconnected, but non-uniform manner [43].
2.3.6 Degradation levels in real life documents

There are a number of paper based historic and other documents in real life which are poor in
quality due to many reasons. As we have discussed in the preprocessing section 2.1.2.1, most of
the noises appear on real life documents wear salt and pepper, cuts and breaks, blobs and Erosion

of Boundary Pixels based on the degradation modeling discussed by Million [45].

Biniyam [13] classified these noises on real life documents based the noise prevalent in the
document images and the pixel intensity, he classified them into low level, medium level, high

level and very high level using the following criteria [13].

v Criteria 1: If a document image has less intensity and a little background noise behind
words, then it is low level.
v Criteria 2: If a document image is affected by blob noise that connects different words

together, blurring and higher background noise than low levels, it class is medium level.
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v Criteria 3: If a document image characterized by considerable background and show-
through noise from the back of the paper, it is classified as high noise level.

v' Criteria 4: If a document image is plagued by blurring, aging and much more
background and show-through noise, and blob noise than all other levels of noise, then it

is very high level noisy document image.

This study uses those datasets prepared by Biniyam [13] for experimenting the Amharic

document image retrieval system.

Noowid: htekf (PUNA av&t) hhChRh ALT
N&t N2800 oot U AIRINGTS NARNS UICTs®
THOP NIRML Feh SNLRA: LUI® ool avEonle AL
«FH» &4 29 £%tb» (hhChRh ART N&T h500
- 1000) Neea Lo PINL NPT PHoThAD- NLM1
ACTES MN91T T2 MC: PS PS Poven, 398
PCFF© OCPT ACT PHPT TCHT TCH 0MIS Povoy
Poog® IN4.::

(b)

(d)

Figure 2.5: Datasets based on the level of degradations as presented by Biniyam [13]:

(a) low level noisy document (b) medium level noisy document (c) high level document and (d) very high
level document

From the above categorization of degradation levels as collected by Biniyam [13], it is visible

that there is an ink-bleeding noise for the document images above medium level degradation.

And applying noise removal techniques that work for other noise types are not effective on those

documents. Such types of noises are one of the difficulties for document image segmentation,

especially segmentation of lines, words and characters is very challenging and have a great

impact on recognition result.
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2.4 Challenges in Building Amharic OCR

As | have mentioned in the previous sections, developing OCR system for Amharic real life
documents is not a recent focus. Some studies have been made and progress is shown in every
study. The area is still an active research area due to the following challenges that are still faced

by researchers [45].

e Large number of characters in scripts: there are more than 300 characters which becomes
a challenge to develop Amharic OCR because of the memory and computational
requirements are very intensive. We need to design a mechanism to compress the dimension
of character representation and select suitable classifier for better performance in recognition.

e Printing variations: the font faces combined with different font styles and sizes creates a
challenge in study of developing an OCR system. The texts produced on such combination
produce different versions of the same text which confuses the brain part of recognition, the
classification stage. In order to solve such problems we need to look a way to normalize
these variations into common.

e Similarity of characters: the main difficulty on the Amharic document image recognition is
the similarity of characters that are even difficult to be differentiated for humans. He finally
suggested that further studies must be made on exploring better feature extraction techniques
for identifying unique features that represent the characters.

e Degradation of documents: scanned document images from a real life such as books,
magazines and newspapers are always full of noises and low quality. Million [45] noted that
the popular artifacts are excessive dusty noises, large ink-blobs, vertical cuts, low paper
quality, low ink quality and also floating ink from facing pages. This is not only a problem of
Ambharic scripts, other non-Latin scripts even face this problems so we need to study

carefully for appropriate design that can reduce such challenges.

2.5 Related Studies on Amharic OCR Systems

There are some investigations that are conducted by different researchers to contribute for the
development of better performing Amharic OCR systems for real life document images with

different writing style. In this section, the summary of some of the local researches conducted on
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printed, real life, typewritten and handwritten OCR systems and future research directions are

presented.

2.5.1 OCR Systems for Printed Documents

The first attempt to build Amharic OCR system was made by Worku [66] for printed documents
with WashRa font and font size of 12pt by studying the features of Amharic Characters. He
investigated to test the OCR algorithms that can work with other scripts for Amharic characters
recognition by adopting stage by stage segmentation algorithm proposed by Pal and Chaudhuri
[16]. He adopted the recognition algorithm on 33 base characters and their six forms of the
Ambharic characters. Stage by stage segmentation algorithm operates in three successive steps to

detect lines, words and characters from the document image respectively [66].

In Worku’s study, no image preprocessing or enhancement algorithms were used. He tested two
algorithms and selected contour analysis to extract feature from the global and local aspect of the
character. For recognition, he applied binary tree classifier and better performance was observed
with 97.31% accuracy on his test set. However, the major failures of his study were on
segmentation of connected and formatted characters of italic and underlined characters which
results on his test on other Amharic real life document images from magazines, newspapers and
books a very low performance and also for the italicized document images 0% were achieved

and he finally recommended them as future research directions [66].

Ermias [24] conducted a study to incorporate preprocessing techniques to the adopted algorithm
on formatted Ambharic texts. Some of the processing steps he introduces include underline
detection and removal algorithm used in Bangla script OCR study [16] by modifying a threshold
value, thinning and StretchBIt() function of Turbo C++ for size normalization algorithm which
causes an error of disconnection of characters and introduction of some noises to the character

image [24].

For recognition purpose, Ermias adopted Worku’s binary tree classifier algorithm to test the
performance of the system. However, the result of the study was poor and he mentioned that
such performance was achieved due to the width of characters are changed by adopted thinning
algorithm and he finally recommended other methods of sizing bitmaps and recognizing

superscript and subscripts for further investigation.
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Berhanu [11] conducted a study on Amharic character recognition for printed documents which
have the same font face (ALTEthiopian font) and size of 16pt. For the segmentation purpose, he
adopted Worku’s algorithm which is stage by stage for segmenting line and for character
segmentation, he used MATLAB bounding box projection algorithm which considers every
character as a connected points. Feed forward ANN with back propagation algorithm are both
uses as a feature extractor and classifier and also image size normalization for feeding the ANN
because of it only accepts a fixed number of inputs. The study shows poor recognition
performance and he mentioned that further studies must be made on segmentation, image

thresholding and noise removal algorithms must be made [11].

Million [44] conducted a study and made an attempt to come up with a generalized approach that
enable previously adopted algorithms recognize Amharic text with a different font styles and
faces. He tested two thinning algorithms before segmenting character and compared them by
weather the result shows connectivity loss and reasonable processing time. He combined the two
algorithms and come up with the hybrid algorithm which shows a remarkable result. For
segmentation purpose, stage by stage segmentation is used and developed Visual C++ program
to extract features and develop feature database using binary tree that is also used as a classifier.
The result of his study was promising but poor performance was registered and he recommended

that a generalized and more flexible recognition algorithm must be developed [44].

Yaregal [67] also tried to come up with an algorithm which is independent of font sizes. He
applied stage by stage segmentation algorithm by modifying it to accommodate various font
sizes. For feature representation, he used primitive structures that are found in Ambharic
characters by first developing a method that can identify boundary of characters. Then he came
up with a tree that can hold pattern of these primitives and ANN were used as a classifier. He
finally recommended that algorithms for primitive identification, extraction, and connection
relationship should be developed and also segmentation algorithms should be studied due to the

approach used were failed to segment italicized characters [67].

Yaregal and Bigun [69] also made an effort to develop automatic recognition of Ethiopic script
by applying structural and syntactic techniques. The recognition system is developed by
extracting primitive structural features and their spatial relationships. A special tree structure to

represent the spatial relationship of primitive structures was used and for each character, a
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unique string pattern is generated from the tree and recognition is achieved by matching the
string against a stored knowledge base of the alphabet. Direction field tensor algorithm was

applied and the structural features with their spatial relationships were extracted [69].

Direction field tensor is an ordinary way of estimating the local direction of pixels in an image
neighborhood to compute the gradient field. It suppresses image intensity differences that do not
fit to a line in a local neighborhood and amplifies those that fit to a line. Yaregal and Bigun [69]
tested the performance of the character segmentation, primitive extraction and character
recognition and scored 98%, 96% and 92% on clean printed documents and 93%, 94% and 86%
for the newspaper and book document images respectively. Finally, they suggested that the
percentage of accuracy can still be improved to higher level by working more on direction tensor

and pattern matching algorithms.

2.5.2 OCR Systems for Typewritten Documents

Dereje [21] tested Worku’s algorithm on a typewritten document which were from four different
types of typewriters and poor performance was observed by scoring maximum result of 8.26%
and he mentioned some justifications for the scored poor result such as sensitivity of recognition
algorithm to the character features that is because the features and shape of typewritten
characters vary from printed characters, low quality of the typewritten documents and their

degradation, and also typewritten characters were not considered during Worku’s study.

Dereje studied that most typewritten characters are connected which results misclassification.
For example, in his study form his test set 20.06 % were connected characters. He applied two
image restoration techniques to enhance image fixing noises appears on document image; the
mathematical morphology algorithm for salt and pepper noise and binary morphological
algorithm for subtractive and additive noise. He found binary morphological algorithm works
better than the mathematical morphology algorithm but he mentioned that it was very slow.

For the segmentation of lines, words and characters, he tried to study the recursive segmentation
algorithm. Recursive segmentation algorithm works by combining the segmentation and
recognition algorithm together in a recursive manner and as a character is segmented; each of
them is submitted to recognition algorithm. The characters are recognized in one step if it is

segmented correctly and if connected characters are segmented, the recognition algorithm rejects
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it. The size of the rejected character image is reduced from right and again submitted to the

recognition algorithm until the character is recognized.

However, due to time limitation, he modified stage by stage segmentation algorithm which was
originally suggested by Pal and Chaudhuri [16] to segment connected characters and 5%

performance increase were observed due to this segmentation algorithm.

For feature extraction, he used contour analysis and they are used to create binary tree. He also
included binary morphological filtering algorithm to remove noises in the image. The study
shows an improvement of recognition performance. He recommended 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 [21].

2.5.3 OCR systems for Handwritten Documents

Nigussie [52] made the first study among the recognition of Amharic handwritten characters on
bank check amounts. He applied underline removal, slant normalization and character size
normalization without applying noise removal methods. He adopts a stage by stage segmentation
algorithm which was used by previous studies of Amharic OCR and originally suggested by Pal
and Chaudhuri [16] and feeds the segmented and normalized character for ANN to extract the
unique features as well as classify characters. However, the result obtained from his study was

unsatisfactory [52].

Mesay [42] also made an attempt to recognize handwritten characters present in postal address
labels. Line fitting algorithm is used by applying a simple geometric calculation to determine
features which could represent and describe the character as uniquely and precisely as possible.
He normalized characters using 32x32 pixels which are divided into 16 smaller squares of 8x8
pixels. Then the least square technique was applied to fit a linear model to the distribution of
foreground pixels and three features were extracted from each smaller square. For training and
classification purpose, he used ANN using back propagation algorithm through cross validation
technique and reported a recognition rate rages between 2.3% - 34.9% in test sets. As a future

research direction, he suggests studies on recognition of noisy images [42].
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The other attempt made by Wondwossen [65] that use ANN classifiers to recognize a specialized
type of handwriting “Yekum Tsifet” achieved recognition accuracy between 16.18% - 31.53%
on test sets. He didn’t use pre-processing techniques that he finally suggested thinning, noise

removal and slant correction to be considered in order to enhance recognition performance.

Some other studies were made on recognition of handwritten such as; Yaregal and Bigun [78]
studies on the recognition of Amharic word in unconstrained handwritten text using HMMs and
they obtained promising results and also another study of Yaregal and Bigun [74] on writer

independent offline recognition of handwritten Ethiopic characters.

2.5.4 OCR systems for Real Life Documents

Million and Jawahar [46] tried to study the recognition of real life Amharic documents such as
newspaper, magazine and books; and to recognize printing font variations. They have used
binarization, noise removal and skew correction techniques. Projection profile technique is used
for correcting the skewness of the document image and they applied horizontal and vertical
projection profiles method for segmentation after document preprocessing is done [46].

Principal component analysis (PCA) for dimensionality reduction and linear discriminant
analysis (LDA) were consecutively used to extract features and the results are fed into multi-
class Support Vector Machine (SVM) for training and classification. High recognition rate was
achieved for both printed and real-life documents but they faced misclassification of characters
due to the artifacts such as large ink-blobs joining disjoint characters or components, and cuts of
characters at arbitrary direction due to paper quality or foreign material [46].

Abay [1] also tried recently the recognition of real life documents by taking his data from holy
bible, popular old Ethiopian fiction ‘Fiker Eskemekabir’, ‘Addis Zemen’ newspaper and ‘Federal
Negarit Gazette’. He had tested three (linear, median and adaptive) filtering algorithms and
adaptive works well for the real life Amharic documents. Stage by stage segmentation which
failed to segment Amharic characters having disconnected strokes and also normalization and
thinning techniques are used. Finally, ANN is used as both feature extractor and classifier. Abay
reported poor recognition rate for the degraded real life documents for the holy bible, newspaper
and ‘Federal Negarit Gazette’. He recommended further studies must be made on feature

extraction and noise removal algorithms [1].
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Recently, Michael [43] developed recognition of real life documents by applying different
preprocessing techniques. He tested Median and Weiner filtering algorithm and he selected
Weiner algorithm because it performs better. Also for image thresholding, he tested Otsu and
Sauvola algorithms and Sauvola performed better. For segmenting lines, words and characters,
he developed a visual C# program which modified projection profile that works by calculating
the sum of black pixels in horizontal axis for line and vertical for segmenting words and
characters. From the result it is observed that characters which have discontinuity in their body,
over lapping pixels, touched pixels, and adjacent pixels with neighboring characters are failed to

segment successfully.

Michael also applied the underline removal and normalization methods. Modified zoning
technique is employed for feature extraction which first segments a character image into abstract
zones according to the number of dimensions and calculates the average vector distance for
every cell by taking the ratio of black pixels to all pixels that the cell spans by considering the
lower left corner as an absolute origin. For classification purpose, multiclass SVM is employed
and he stated that it is low generalization error and computationally inexpensive. Better results
were achieved and he recommended that better feature extraction techniques must be studied to
deal with the characters similarity and also better segmentation algorithm should be explored in
order to increase the recognition rate. He also mentioned that better noise and underlines
detection and removal, thresholding, skew detection and correction, and automatic page

segmentation algorithms should be explored in future studies [43].

Based on the result and recommendation of the recent study made by Michael [43], there was
segmentation errors that decreases the performance of the recognition. He recommended the
need to explore better segmentation algorithm for the enhancement of Amharic document image
recognition. Yaregal [43] and Yaregal and Bigun [68]-[79] also suggests the need for future
investigation on exploring effective preprocessing, segmentation and primitive extraction
technique on real life documents with different levels of degradations for the improvement of the

effectiveness of recognition systems.
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2.5.5 Word level Page Segmentation

Gedion [26] studied a word level page segmentation technique on real life Amharic document
image collections for his study of Document Image Retrieval System (DIRS) without
recognition. He explored various page segmentation techniques and tested them to segment the
text area from the graphic section of document image and he successfully separated the text area

from figures and tables [26].

Based on his discussion, there are limited numbers of shapes of text characters but the shapes of
non-text elements are unlimited. Therefore OCR engines treat both text and non-text components
differently, such that they only recognize text components and then arrange recognized text and

also the graphics of non-text components in an output document using layout information.

Gedion used MATLAB built in functions such as Watershed, connected component (cc)
analysis, Horizontal Run Length Smoothing (HRLS), Hough Transform, Dilation and Bounding
Box Approach to separate the text/graphic area and also individual word images from the
document. He finally proposed a good combination of cc, HRLS, Hough Transform and Dilation
for successful word level page segmentation and he get a remarkable result. However, he
observed the proposed system it removes text with larger font sizes and also recognizes some

text parts as a line and tackling those problems are forwarded as a future research directions.

Based on the above literature review, we can note that the major challenges in Amharic OCR
development are degradation of real life documents and detection of different layouts from
documents such as column blocks, graphics, logos, table lines and other shapes. Hence, the
current work tries to explore an effective page and text segmentation that can detect column
block, table lines, graphics and text at character level. By doing so, the work tries to add
knowledge in the area of Amharic OCR by experimenting techniques that can improve the
applicability of Amharic OCR for real life documents by testing image preprocessing techniques
such as skew detection, noise removal, binarization, page and text segmentation algorithms and
select the best combination to be integrated with previously developed recognition system. Also,
exploring an effective character segmentation technique that can detect and split connected
characters is the main focus of the study.
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CHAPTER THREE
IMAGE PREPROCESSING AND SEGMENTATION
TECHNIQUES

From the various challenges and problems confronted in the development of OCR systems, the
major one is the degradation and poor quality of document images. Most of real life document
images contain different level of degradations that makes preprocessing phase one of the main
tasks applied on a document image for the purpose of efficient recognition. To fix various
deficiencies and degradations of document images, several processes such as correcting skew
angle, detecting image layout and text area, detecting underline and removing it, noise removal,
thresholding and some other processes are suggested [13]. The type of preprocessing that is
going to be applied in OCR systems may vary due to the type of script, degradation level and

type, and also the nature of deficiencies found on it [43].

The other image processing techniques that is applied before the feature extraction and
classification stages of OCR system is known as segmentation. It is grouped into two levels as
text/graphic segmentation and text segmentation. Text/graphic segmentation is a process of
dividing the document image into homogeneous zones, each consisting of only one physical
layout structure (text, tables, pictures, etc.) and most of the times it is applied before even
preprocessing techniques takes place whereas text segmentation techniques help to segment the

text part of the image to lines, words and characters [26].

This study focuses on integration of better preprocessing and segmentation algorithms to the
recognition techniques developed so far in order to enhance the accuracy of Amharic character
recognition for real life documents with varying noise levels. This chapter explores image
preprocessing and segmentation techniques that are going to be applied before the recognition

process is performed.

3.1 Architecture of the Amharic OCR

Every OCR system passes through some processes before fully recognizing the text on document

image and the general architecture of the proposed OCR System for Amharic language is
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presented in figure 3.1. It starts by scanning the physical document to a digital format known as
image acquisition and the document image passes through some preprocessing steps to improve
its appearance and quality by removing and/or minimizing degradations occurred from scanning,
printers, document age, etc. Some of the operations involved here are skew detection and

correction, page segmentation, noise removal and binarization.

Page segmentation is applied in order to identify tables and other lines, graphics/text, and
columns whereas text segmentation is performed in order to segment text lines, words and
characters in the document image. The segmented characters are normalized in order to have
common size and they are fed into feature extraction phase to extract unique features of character
images in the form of vector. Then the classification stage trains the classifier for enabling it to
predict the future Unicode/ASCII values of characters. The prediction for unseen features is
made by consulting the model that is prepared during the training part of classification and the
final result is constructed into structured text and displayed to end users using word processing

applications [58].
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Figure 3.1 Architecture of the proposed Amharic OCR System
Rectangles in bolded line represent the focus of the present work.
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The effectiveness and accuracy of previously developed Amharic OCR systems by Abay [1],
Michael [43], Yaregal [69] and most previous studies were affected by the degradations that

occur in real life documents.
3.2 Preprocessing Techniques

Preprocessing is an essential stage prior to segmentation and other remaining phases of OCR
systems. It has a direct impact on the accuracy of the successive stages for recognition process.
The stages in pattern recognition system are like a pipeline; meaning that each stage depends on
the success of the previous stage in order to produce optimal/valid results [6] [7].

Real life document images have a number of limitations such as geometrical distortions, low
resolution, various types and levels of degradations, and some other deficiencies [12].
Preprocessing describes any type of processing performed on raw data to prepare it for another
phase. It is the maiden and key step in image processing for the enhancement of those mentioned
limitations on real life document images. The preprocessing steps used in this study are

discussed below.

3.2.1 Skew Detection and Correction

Text line is a group of adjacent characters, symbols and words in document images in such a way
that horizontal straight line can be drawn [13]. The deviation of the baseline of the text from
horizontal direction is called skew and the dominant orientation of the text lines in a document
page determines the skew angle of that page. An example of skewed document image is

displayed in figure 3.2 below.
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Figure 3.2: Skewed real life Amharic document image
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Skewed document images must be preprocessed on the stage called skew detection and
correction. It is an important image preprocessing steps that must be performed always before
other stages of OCR system because of the possibility of rotation of the scanned document image
(e.g. figure 3.2) and dependency of other phases on the rotation angle of the image. Therefore,

document skew angle should be detected and corrected first before other preprocessing task.

According to the study made by Alginahi [6], skew detection techniques can be roughly
classified as analysis of projection profile, Hough transform, connected components, Clustering
and Correlation between lines techniques. He also stated that there are more than twenty five
different methods of skew detection/correction techniques [6] [51]. Those various techniques
perform two stage processes; the first is determining rotation angle e and the second is rotating

image by the angle -e.

In this study, the adopted skew checker class implements document skew checking algorithm
which is based on Hough line transformation. The algorithm is based on searching for text base
black lines of text bottoms followed by white line below on the gray scale document image input
which supposes that a white-background document is provided with black letters on a text
document images. This technique effectively detects the skew angle caused due to some errors
made in the process of document image acquisition or scanning or may be by other reasons and

make corrections [31]. The Hough Transform algorithm is presented in section 3.2.4.

3.2.2 Noise Removal

Real life document images are composed of various type and level of noises due to many
reasons. Noises can be introduced by optical scanning device resolution quality, paper quality,
fax, photocopying, and the lack of efficiency in writing or printing instrument. The age of
document can be another reason for the degradations due to the fact that historic documents face

more dusts, cuts and breaks.

Noises can occur either or both in the foreground or background of document image. Therefore,
the noisy dataset collection of Amharic document images used in OCR studies needs to be
refined or preprocessed before text segmentation and other stages of OCR system are performed.
Because noises/degradations found on those document images can cause disconnected lines,

connected characters, large gaps between the lines, background may considered as foreground,
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loss of information from the document, etc. So it is very essential to remove all of those noises
and enhance the document image in order to improve the performance of recognition result for
real life documents [13] [66].

The datasets used in this study are taken from real life Amharic document images with four
levels and types of noises: Low Level, Medium Level, High Level and Very High Level Noises as
collected and presented by Biniyam [13]. Because of the presence of degradations in these
digitized documents from magazines, books, newspaper, bible, etc., there is a need to apply noise

filters so as to reduce the effect of degradation before other recognition process are applied [48].

Million [45] categorizes degradations that are commonly observed in printed real life documents
as salt and pepper, cuts, blobs and erosion of boundary pixels. Salt and pepper noise are the most
prevalent one that is found on the Amharic real life document images [45]. Most of the natural
images are assumed to have additive random noise which is modeled as a Gaussian [51]. Image
denoising becomes a challenge for researchers because noise removal itself introduces some

artifacts and blurring that can causes a loss of vital information from the document image.

Various noise detection and removal techniques are available and this study tests some linear and
non-linear image denoising methods to see their effect on the degraded real life document images

and also to find out the best combinations.
3.2.2.1 Mean Filtering

Mean (Average) filtering is a method of smoothing images by reducing the amount of intensity
variation between neighboring pixels. It is the most popular and simple low pass filter that
improves noisy images, flattens local differences and reduces sharpness by replacing any pixel

value by the democratic vote of its mxn rectangular neighborhood [62].

Mean filter is the simplest linear filter implemented by local averaging operation (see equation
3.1) where the value of each pixel is replaced by the average of all the values in the local

neighborhood:

f(xy) = ~Tapeng (st (3.1)

Where, M is the total number of pixels in neighborhood (N) [13].
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There are four algorithms available; arithmetic, geometric, harmonic and contra harmonic mean
filter. Arithmetic mean filter is the simplest mean filter. From equation 3.2, Sy represents the set
of coordinates in a rectangular sub image window of size m x n centered at point (X, y). The
mean filtering process computes the average value of the corrupted image g(X, y) in the area
defined by S,y. The value of the restored image f at any point (X, y) is simply the arithmetic mean

computed using the pixels in the region defined by Sy, Mean filter simply smooth local

variations in an image and noise is reduced as a result of blurring [28].

A 1
f(X' Y) = EZ(s,t) € Sxy g (S, t) (32)

Biniyam [13] noted that arithmetic and geometric mean filters are well suited for random noise

like Gaussian and uniform noise whereas salt noises.
3.2.2.2 Median Filtering

For the elimination of the imperfections available on document images, median filter is efficient
as compared to other non-linear filters. It is commonly used non-linear operator with a special
type of low-pass filter which is able to remove noise and replace the bad pixels with reasonable
values by substituting the image pixel values with the median of gray values in the local
neighborhood of that pixel [13] [43].

For the pixel value (x, y) in an image and a given window size of (mxn), the algorithm sorts the
intensity values of pixels surrounding that pixel according to the window size. Once their values
are sorted in increasing order by their values, the algorithm takes the median value as a new
value for pixel (x, y). If the number of pixels is even, the algorithm takes the two middle values
to compute arithmetic mean of them and if the number of pixels is odd, the algorithm simply

selects the mid value as a new value [6] [43].

The definition of median filter on [4] and [14] is presented for the image {1 (X, y)} and the mean
value m (k, I) with the point with coordinates (x, y) in the window size of (mxn). If we assume
that m and n to be odd, and if u (n) denotes the sorted sequence (u (n) > u (n-1)) obtained from an
array {I (x,y)} wherex€ {(k—(m-1)/2),... k+(m-1)} andy€ {1-(n-1)/2),...,1+ (n-
1)}, we have:
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MkD)=u(mn+1)/2)pk (3.3)

In median filtering, the input pixel is replaced by the median of the pixels contained in the
neighborhood [62]. This is presented as equation 3.4 where W is a suitably chosen

neighborhood:

u (m, n) =median {y (m-k), (n-1), (k-1) € W} (34

Generally, median filter is a nonlinear filter that is useful in removing isolated lines or pixels
while preserving spatial resolution. It is found that median filter works well on binary noise but
not so well when the noise is Gaussian. Moreover, its performance is poor when the number of

noisy pixels is greater than or equal to half the number of pixels in the neighborhood [4].

As it is presented in algorithm 3.1, median filtering is done by replacing the value of each
element by the median found in a window around the element. Thus, the median will in

general replace a noisy value with one closer to its surroundings [13].

123 ) 127 | 150 | 120 | 100

119 | 115 | 134 | 121 | 120
111 | 120 | 122 | 125 | 180 121
111 | 119 | 145 | 100 | 200
110 | 120 | 120 | 130 | 150

Figure 3.3 lllustration of median filter (a) Input image (b) Filtered image using median filter showing

only the center pixel

The sorted pixel values of the shaded area are: (100, 115, 119, 120, 121, 122, 125, 134 and 145),

providing a median value of 121 in the output image.
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Algorithm 3.1: Median Filter algorithm

INPUT: Pixel for gray scale image with a window size (mxn)
OUTPUT: a real number value for gray scale level
STEPS:
1. Get value for pixel (X, y) and neighbor pixels by mxn window size
2. Sort the luminance values of the pixels in ascending order
3. Count the number of pixels
4. IF count% 2 ==
THEN
take the middle values for arithmetic mean
ELSE
take the middle value

5. Return the modified pixel value

3.2.2.3 Weiner Filtering

Weiner filter has a long history that goes back to the Wiener-Hopf equations derived by Norbert
Weiner and Eberhard Hopf in 1930’s. It is a powerful linear filtering algorithm to remove salt-
and-pepper and also other types of noises form the document images. The technique is also used
for removal of blur type of noises in images. For example, noises caused by linear motion or

unfocused optics [19].

The main goal of wiener filtering method is to design an input for some noisy data and minimize
the effect of noise at the output of next phases according to some statistical data. The effect of
noise is measured using the MSE and PSNR. A useful approach is then to minimize the MSE
which is defined as the difference between the desired response and the actual filter output. It
results a simple local smoothing whenever the variance in an image is large and it gives an
improved local smoothing when the variance is small. Due to its selectiveness in preserving
edges and other high frequency parts of an image wiener filtering method produces better results

than previous linear filtering methods [13] [41] [43].
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From Motwani’s [51] discussion:

“Wiener filter is a filter used to produce an estimate of a desired or target random
process by linear time-invariant filtering of noises by minimizing the mean square
error (MSE) between the estimated random process and the desired process. The
algorithm requires the information about the spectra of the noise and the original
signal. It implements spatial smoothing and its model complexity control
corresponds to choosing the window size. This method works well only if the

underlying signal is smooth”.

The wiener filtering starts by calculating the mean (equation 3.5) and variance (equation 3.6) of
neighboring pixels specified by window size of mxn. The algorithm also expects the variance for
noise in order to estimate the desired response. In cases where it is impossible to determine the
noise variance, it uses the average of all the local estimated variances. Once these values are

identified, pixel wise Wiener filter using these estimates is calculated (equation 3.7).

b= Sy el V) (35)
02 = —— Voyenl?(x y) — 12 (3.6)
, 62+ v2

I (X! Y) = p+ 2 (I(X! Y) - P—) (37)

o

Where m and n are local neighborhood of each pixel in an image |, and v?are the noise variance [41].

To get the restored version R of a given degraded image /’ of some original image I, the output R
must be close as possible to the "correct™ image, | in order measure the restoration and to decide

if it was a good job or not [13].

3.2.3 Binarization (Thresholding)

This is one of the mandatory steps in an OCR system that is responsible for the conversion of

grayscale document image into bi-level (black and white) representation. It is very important to

separate the foreground characters from their background. Applying binarization in document

image removes some of its noises but it will depend on the level of degradations that an image

contains and there is a need to apply noise filters beforehand to reduce their corresponding
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effects in subsequent recognition processes [46]. Because of other subsequent algorithms such as
underline detection and removal, segmentation, and feature extraction algorithms takes a bi-level

input, binarization function needs to be effective.

The group of pixels representing objects of interest is called foreground pixels and the rest are
called background pixels. Therefore the objective of binarization (thresholding) is to
automatically choose a threshold that separates the foreground region with a single intensity
(ON) and background region with a different intensity (OFF). After that, it reduces a gray-scale
or color image to binary image, i.e., 1(ON) and O(OFF) [5]. The algorithm is performed by
selecting optimal threshold value on a grayscale image. Any pixel having intensity value less
than the threshold is assigned to black (0) and above assigned to white (255) [13]. The concept of
binarization can be applied using the algorithm 3.2 [13].

Algorithm 3.2: Binarization (Thresholding) algorithm

INPUT: Filtered gray scale image
OUTPUT: Binarized image(0 and 1)
STEPS:

Ifafm,n] <T
a [m, n] = Object(Foreground) =0
Else

a [m, n] = background =1

In order to select a threshold value T, there is no universal rule but some techniques have been
proposed by various scholars and they are categorized in to two groups such as global and local

thresholding techniques.

Global thresholding methods computes a single threshold value for binarizing the whole image
and each pixel is going to be compared to this value for the decision making of background and
foreground. However, they give better result for the documents that have uniform illumination
documents and poor results are achieved for degraded documents. From this group, the better

performing algorithm is Otsu’s thresholding [13].
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Local thresholding methods, also named as adaptive thresholding, compute a threshold value for
each pixel individually using the information from neighborhood pixels. This works better than
the global thresholding for the degraded real life documents with varying illumination across the
document. Sauvola's binarization method is the best performing than other member of this class
[13] [43].

3.2.3.1 Otsu’s Thresholding Method

Otsu’s thresholding method is one of the earliest and famous global thresholding methods
suggested by Nobuyuki Otsu. It is based on the idea that involves evaluating the threshold which
minimizes the weighted variance within a class and maximization of the variance between
classes. It works directly on the grey level plot of histogram, so the method evaluates faster once
the histogram is computed. It assumes the input image contains two types of pixels (i.e.
foreground and background) and evaluates the optimal threshold distinguishing those two classes
[60].

The algorithm uses a single threshold value for all the image pixels and it performs better when
there is a consistency in luminance over the entire image. However, for degraded document
images, adaptive thresholding which uses different threshold values for different local neighbors

gives better result.

The following algorithm 3.3 shows the general step by step procedure that Otsu’s method
follows [43].

Algorithm 3.3: Otsu’s Thresholding Method

INPUT: Gray scale image (Filtered Image)
OUTPUT: Threshold /T/ (Real Number Value)
PROCESS:
1. Compute the histogram and probabilities of each intensity level
2. Initialize weight and mean
3. Step through all threshold values T=1,... to maximum intensity level
e Update weight and mean
e Compute the maximum class variance (corresponds to the desired threshold)
4. ReturnT
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3.2.3.2 Sauvola’s Thresholding Method

Sauvola’s thresholding method is a commonly used local thresholding method that consults
neighboring pixels to decide the threshold value for a given pixel. It gives improved performance
on documents in which the background contains light texture, big variations and uneven
illumination. The algorithm computes a threshold value of a pixel using mean and standard

deviation of pixels for a given window size [60].

The following algorithm 3.4 shows the general step of sauvola’s method [43].

Algorithm 3.4: Sauvola’s Thresholding Method

INPUT: A pixel of gray scale image (Filtered Image), and window size of mxn
OUTPUT: Threshold /T/ (Real Number Value)
PROCESS:

1. Get the illumination of pixel (X, y)

2. Calculate mean and standard deviation

3. Calculate the threshold using the mean and standard deviation

4. ReturnT

The above algorithm will be executed for each of the pixels found in the grayscale image and 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.
3.2.4 Underline Detection and Removal

Just like other writing systems, Amharic also uses underlines usually for the identification of
main ideas, topics and other ideas that we want to note. They are drawn horizontally below the
specific text. Document images also contain lines other than underlines like over line, vertical

line and some other different lines that are used for different purpose.

Underlines in document images can occur untouched with the text line they are emphasizing or
touched with the lower parts of some characters in the text lines. They can also be found

fragmented (or disconnected) and slightly curved [43].
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Ermias [24] is the first to apply underline detection and removal from Amharic document images
and he discussed underlines as they do not belong to the original image. This is due to the
observed effect of underlines on other steps of OCR systems e.g. on Michael [43] investigation,
where the result shows segmentation errors due to the existence of underline on the image.
Therefore, underlines on Amharic document images needed be considered as noise and discarded

from a document image [24].

Ermias [24] and Michael [43] adopted the algorithm suggested by Pal and Chaudhuri [16] for the
removal of the top line from the Bangla script by modifying the algorithm to remove the
underline from the Amharic 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 [24] [43].

In this study, another method is introduced and applied that is based on Hough Transform and
the algorithm is modified to detect, plot and remove underlines and also other possible lines from

the document images.

The Hough Transform method was introduced, in its most elementary form, by P.V.C. Hough in
1962, in the form of a patent. It is a technique which can be used to isolate features of a
particular shape within an image. Its intended application was in particle physics, for detection of
lines and arcs in photographs obtained at cloud chambers. Many elaborations and refinements of

this method have been investigated [8].

Hough transform is a transform used to detect straight lines. To apply the transform, first some
preprocessing including edge detection is desirable [29]. It is very helpful to detect not only the
underlines, but also every line in the document image weather it is on the underline or over line,

tables and frame borders can be removed using this method.

In Hough transform, a line in the image space can be expressed with two variables. For example:
Cartesian coordinate system, parameters: (m, b) and Polar coordinate system: parameters: (r, o)

are considered as a line as shown in figure 3.4. [29].
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(7

Figure 3.4 Polar coordinate System

For Hough Transforms, we will express lines in the Polar system. Hence, a line equation can be
written as [29]:

y=(-5)x+ () @9

By arranging the terms it gives: 7 = x cos e + y sin e and generally [64]:

For each point(X,,V,), we can define the family of lines that goes through that point as:
I, = X,.C0s 6 + ysine and it means that each pair (r,, ©) represents each line that passes
by (Xo,¥,)- The other point here is for a given line(x,, y,), we plot the family of lines that goes
through it, and we get a sinusoid. For instance, for x, = 8 and y, = 6, we will get the

following plot of a (6 —r) plane [29].
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Figure 3.5a (e —r) plane
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We can do the same operation above for all the points in an image. If the curves of different
points intersect in the plane (e —r) that means that both points belong to a same line. The
following plotting example shows the plot for two more points. The a line can be detected by
finding the number of intersections between curves and when more curves intersects, that means
the line represented by that intersection have more points and we can define a threshold of the

minimum number of intersections needed to detect a line [29].

15 T T T T T

10 i -
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Figure 3.6 a (e —r) plane with more than one point and the intersections represent the line

This is what the Hough Line Transform does. It keeps track of the intersection between curves of
every point in the image. If the number of intersections is above some threshold, then it declares
it as a line [29].

3.3 Segmentation Techniques

Document images from real life contains different components such as text, graphics, tables,
logos, columns, etc. To recognize these document images, there is a need to detect and segment
text/graphics, columns, tables, lines, word and characters accurately to identify components that
potentially represents the document image to make a recognition performance better [26].

Segmentation is the inherent part of an OCR system which is all about segmenting the
text/graphic, tables, column regions, text lines, words and ultimately the characters in document
images properly for better recognition performance because the performance of remaining other
steps of OCR systems relies on this stage [59]. The objective of segmentation is to identify the
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meaningful constituent regions which can be a text, graphic, halftone or continuous pictures, etc.
[20] [60].

There are a lot of problems faced among the studies of Amharic OCR systems. The major
problems for low in accuracy of text segmentation techniques as mentioned by different
researchers can be language dependence or vice versa. For example; the overlapping nature of
Ambharic scripts, broken characters due to the degradation of printed real-life documents,
connected characters, different noises such as ink-bleeding and erroneous results of
preprocessing methods can also create those difficulties, for example the error in underline
detection and removal can also cause segmentation error [26] [43] [45].

As it has been discussed so far, segmentation of document image occurs at two levels. On the
first level, text blocks, columns, pictures, tables, logo and other parts are separated which is
named as page segmentation and the second level involves text lines, words and characters
segmentation or extraction from the segmented text block is performed which is named as text
segmentation. One of the benefits of applying page segmentation on document image is the
preservation of small parts of documents so that we can produce smaller blocks of documents
without horizontal scrolling. Further, this small block can be sent for further processing instead
of the whole document [36].

The task of page segmentation is to divide the document image into homogenous zones, each
consisting of the only one physical layout structure (text, graphics, pictures, tables, etc).
Therefore, the performance of OCR systems depends heavily on the page segmentation
techniques used. To this end, several algorithms have been proposed [36].

The segmentation techniques that are explored and tested for the purpose of both page and text
segmentation are Hough transform, connected component labeling or analysis, projection
profile, Morphological dilation and they all are experimented in different combinations on real

life document images.
3.3.1 Hough Transform

In digital image processing for OCR, one of the major problems is detecting the simple shapes

like straight line, circle or ellipse. Most of the previous studies used edge detection for the
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detection algorithm to detect graphical items considering noises and shapes are less strong than
that of individual scripts or text symbols. However, there are limitations on the edge detection

methods that cause isolation or disjoint pixels on the desired curves of the ideal shapes [25].

Therefore, Hough transform i.e. presented in section 3.2.4; address such kinds of problem by
making it possible to perform groupings of edge points into object candidates by performing an

explicit voting procedure over a set of parameterized image objects [8].

In previous section 3.2.4, Hough transform algorithm has been discussed in detail for the purpose
of detecting continuous black pixels on a binarized image and removing them for the effective
removal of underlines form the document images. The same algorithm is modified and applied

here to detect table lines and other possible lines in the document image.

3.3.2 Connected Component Analysis

Another very important technique for document image segmentation is connected component
analysis. It is applied in document images with high dimensionality to detect connected regions
in binary images [41]. Connected component labeling that is alternatively named as connected
component analysis, blob extraction, region labeling or extraction; is an algorithmic application
of graph theory, where subsets of connected components are uniquely labeled based on a given
heuristic [30].

Connected components labeling scans all the pixels of document image and groups them into
components based on pixel connectivity, i.e. all pixels in the connected component shares
similar pixel intensity values and are in some way connected with each other. Once all groups
have been determined, each pixel is labeled with a gray-level or color labeling according to the
component it was assigned to. Extracting and labeling of various disjoint and connected
components in an image is central to many automated image analysis applications such as OCR

systems [30].

There are two types of connected component labeling; one pass and two pass. The one pass
version goes through each pixel only once and for each pixel in an image, all the neighbor pixels
are tested for connectivity to label connected components and the two pass scans the image two
times. The first pass goes through each pixel and checks each pixel and using these pixel labels,
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it assigns a label to the current pixel and the second pass cleans up any mess it might have

created. One pass labeling takes high processing time and memory space than two pass [26].

After scanning the image pixel by pixel, in order to identify connected pixels which share similar
set of intensity values V (i.e. V = {1} for binary images and range of values for gray level
images, for example: V = {51, 52, 53, ..., 77, 78, 79, 80}.); the labeling operator scans the image
by moving along a row until it comes to a point p (where p denotes the pixel to be labeled at any
stage in the scanning process) for which V={1}. When this is true, it examines the four neighbors
of p which have already been encountered in the scan (i.e. the neighbors to the left of p, above it,

and the two upper diagonal terms) [30].

The algorithm below (Algorithm 3.5.) presents the one pass connected component labeling
algorithm [64].

Algorithm 3.5: One Pass Connected Component Labeling

INPUT: Binary or Gray Scale Document Image
OUTPUT: Labeled Connected Component
PROCESS:
1. Labeling operator scans the image until it comes to point p and If V = {1}, label p
2. If pixel p is labeled; four neighborhoods will be examined
3. If all four neighbors are 0, assign a new label to p,
else
4. If only one neighbor has V={1}, assign its label to p,
else
5. If more than one of the neighbors have V = {1}, assign one of the labels to p and make a

note of the equivalences.
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Two pass labeling scans the image two times as it has been mentioned earlier and algorithm 3.6

presents the two pass connected component labeling algorithm [64].

Algorithm 3.6: Two Pass Connected Component Labeling

INPUT: Binary or Gray Scale Document Image
OUTPUT: Labeled Connected Component
PROCESS:
First Pass:
= Scan the image pixel by pixel
= If the pixel is not a background
v Check neighbors
+ If neighbors already labeled
o Assign neighbors parent label to the main label

% If None of neighbors labeled

o Assign new label to the pixel

Second Pass:
= Scan the image pixel by pixel
= |f the pixel labeled
v' Get labels parent
¢ If parent pixel is in patterns list
o Add to existing list
% Else
o Add to new list
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The following figure 3.7 presents an example of the connected component labeling applied on

binary image.

1j1jo1p1)1(1j0(1 1j1jof1)1(1|0]|2
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1j1jop1jo0(0j0(1 a a0 3|0|0(0)2
1j1rjop1jo011(1(1 a a0 3|02 22
a) binary image b) connected components labeling

c] binary image and labeling, expanded for viewing

Figure 3.7: A binary image with five connected components of value v = {1} [30]
3.3.3 Morphological Dilation

Morphology is a broad set of image processing operations that process images based on shapes.
Morphological operations apply a structuring element to an input image, creating an output
image of the same size. In a morphological operation, the value of each pixel in the output image
is based on a comparison of the corresponding pixel in the input image with its neighbors. By
choosing the size and shape of the neighborhood, you can construct a morphological operation

that is sensitive to specific shapes in the input image [41].

One of the most basic morphological operations is Dilation; which adds pixels to the boundaries
of objects in an image, while the opposite process Erosion removes pixels on object boundaries.
The number of pixels added or removed from the objects in an image depends on the size and
shape of the structuring element used to process the image. In the morphological dilation

operation, the state of any given pixel in the output image is determined by applying a rule to the
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corresponding pixel and its neighbors in the input image. The dilation rule used to process the
pixels is; the value of output pixel is the maximum value of all pixels in the input pixel's
neighborhood. In a binary image, if any of the pixels is set to the value 1, the output pixel is set
to 1 [41].

Figure 3.8 gives an example on how the dilation algorithm works in binary image. Note how the
structuring element defines the neighborhood of the pixel of interest, which is circled. The
dilation function applies the appropriate rule to the pixels in the neighborhood and assigns a
value to the corresponding pixel in the output image. In the figure, the morphological dilation
function sets the value of the output pixel to 1 because one of the elements in the neighborhood
defined by the structuring element is on. Structuring element is an essential part of the dilation
operation which is used to probe the input image. A structuring element is a matrix consisting of
only 0's and 1's that can have any arbitrary shape and size. The pixels with values of 1 define the

neighborhood.

Structuring element

—

Binary Input Image Dilated Output Image

Figure 3.8: Morphological Dilation of a Binary Image
3.3.4 Text Segmentation
For the segmentation of text lines, words and characters form the document image that is the

most critical component and an input to the next phases of OCR system, different types of
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methods have been used so far by various scholars. Text segmentation extracts lines, words and

finally into characters from the text document images [20].

Most of the Amharic OCR studies including Worku [66], Dereje [21], Million [44] and Michael
[43] applied stage by stage segmentation technique which uses projection profile to isolate lines,
words and characters from the document image. Text line segmentation is an essential stage

because inaccurate segmentation will cause errors in recognition stage.

Projection profile method applies projected histograms drawn according to the frequency (count)
of black pixels in the document image. It operates by summing the pixel values along the
horizontal and vertical direction of the document in which gaps between the text lines and text
scripts are analyzed through searching the projection valleys [9].

There are two main advantages for this approach in context of historical document. First it
doesn’t require binarization of image which makes it directly applicable on the gray scale images
and the second is it is very robust to noise and other degradations. However, it is very sensitive
to line skewness. Hence skew correction must be performed as a preprocessing stage before line

segmentation [9].

3.3.4.1 Line Segmentation

Line detection operation on the detected text block can be performed using the horizontal
projection which counts and sum horizontal black pixels. When the frequency of black pixels in
a row reaches maximum, the projection histogram creates peaks in the histogram. On the other
hand, when their count is low a valley will be created which denotes a boundary between two
consecutive lines (See figure 3.9) [20].
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Figure 3.9: Example of Horizontal projection profile on a sample text image
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Another method that is tested in this study is morphological dilation in horizontal direction for
the segmentation of text lines. As discussed in section 3.3.3, dilation performs connection of

black pixels in a direction based on the window size provided.

3.3.4.2 Word and Character Segmentation

Vertical projection profile method is applied after the horizontal projection result that is
segmented text line. Each line will be vertically projection profiled to spot the space between
individual characters or words [20] [40]. Another modified version of this technique is recursive

projection profiling [40]. The following figure 3.10 presents an example of vertical projection.
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Figure 3.10: Example of Vertical projection profile on a sample text line taken from [43]

After the counting result of vertical and horizontal projection, the white space analysis must be
made to decide text line position and vertical projection performs space analysis to detect words
and characters from the detected line. The biggest task is deciding a threshold value to white

spaces [40].

For the segmentation of word images, another method that is tested in this study is
morphological dilation as discussed in section 3.3.3 by connecting black pixels in a direction
based on the threshold provided and CC analysis finds the connected sections to determine

words. It only differs with the line segmentation application of dilation by its threshold value.
3.4 Performance Evaluation

The performance of noise removal techniques is measured using Mean Squared Error (MSE) and
Peak Signal to noise ratio (PSNR). MSE is a measure of an average of the squares of the errors,
which is the difference between the estimator and what is estimated. PSNR is the ratio between
the maximum possible power of a signal and the power of corrupting noise that affects the

fidelity of its representation [64].
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For measuring the performance of segmentation techniques, various techniques are available. For
this study, the performance is measured by manually counting the expected correct segmentation

and also the erred to calculate the Accuracy percentage; as used by Michael [43].

The accuracy of the OCR system is measured by common and widely used methods such as
recognition rate, error rate and rejection rate of test results from both testing and training sets.
Recognition rate measures the proportion of correctly classified characters from the total
characters and conversely, error rate measures the proportion of characters erroneously
classified. Rejection rate measures the proportion of characters which the system was unable to

recognize [23].
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CHAPTER FOUR
EXPIRMENTATION

The main aim of this study is to experiment different image preprocessing, page and text
segmentation techniques on real life Amharic document images with different levels of
degradation. The selected techniques are finally integrated with previously developed Amharic

OCR system to evaluate the change in performance.

For the experimentation purpose, TOSHIBA Intel(R) Core(TM) i3 CPU M380 @ 2.53GHz (2
CPUs), 4GB RAM and Windows 7 Ultimate operating system were used. MATLAB™ image
processing toolbox R2013 and C# programming language using Microsoft Visual Studio 2013

tool are used for developing prototype and integration.
4.1 Dataset Collection and Image Acquisition

The goal of this research is to explore better image preprocessing and page segmentation
techniques for real life Amharic document images to segment the tables, columns, graphics,
logos, and text areas from those document images. The segmented text area are preprocessed and
fed into the text segmentation method for the extraction of text lines, words and characters that
can be input for the remaining stages of the OCR system. Therefore, Amharic document images
with different level of degradation, containing graphics, pictures, tables, columns are collected
and merged with the dataset prepared by Biniyam [13]. This stage is the first stage in OCR
systems concerned with the preparation of sample training and testing in real life documents.

The dataset collected by Biniyam [13] contains real life document images with different levels of
noises from sources such as newspapers, magazines, historic documents and religious books. It
enables to evaluate if the proposed preprocessing and segmentation techniques are insensitive to
noise and the variety of writing styles, sizes and fonts which is important for the problem
domain. These documents are also believed to have real-life features that occur in most Amharic
documents. The dataset doesn’t contain handwritten and typewritten document images; rather it
only contains printed documents. The following Table 4.1 summarizes document image

collections used in this study.
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Documents ;
Type and size of documents
Collected By
. Pages
Noise Level Document Type
Extracted
Magazine 2
Low i _ i
Qidassie Mariam 5
] Book 3
o Medium _
Biniyam [13] Qidassie Yohannes 2
) Book 5
High
Newspaper 1
) Book 6
Very High _
Qidassie Yohannes 2
Sum 26
Documents Pages
) Document Type
Contain Extracted
Tables Newspaper 7
New added by | Pictures Newspaper 6
the researcher | Columns Newspaper 10
Titles Newspaper 5
Skewed Fiction 10
Sum 33
Total 59

Table 4.1: Summary of datasets used in the study

For the conversion of the newly collected manual documents into their digital format, flatbed
scanner i.e. HP Scanjet G4050 device with windows 7 Fax and Scanning software is used. The
documents are scanned in grayscale level with zero brightness and contrast levels having a
resolution of 300 dpi. This resolution is selected because such value is optimal for keeping text
textures of font sizes. The scanned images are stored as BMP image format (See Annex Il for

sample scanned document images).
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4.2 Preprocessing

Preprocessing is a vital stage in OCR systems which have a direct impact on the accuracy of the
remaining successive stages of recognition process. Many individual preprocessing algorithms
are available and they are applied based on the problem at hand. For this study, the preprocessing
steps such as skew detection and correction, page segmentation, noise detection, binarization and

underline removal are explored to see their effect on real-life Amharic documents.

4.2.1 Skew Detection and Correction

Skew angle of document image is deviation of the baseline of text line from horizontal direction.
The dominant orientation of the text lines in a document page determines the skew angle of that
page. In document images, a horizontal straight line can be drawn through a group of characters,
symbols and words that are adjacent and relatively close to each other. Skew detection and
correction is an important image preprocessing steps in character recognition that must be
performed before other stages of OCR system because rotation of document images had an

impact on remaining phases.

In this work, the skew checker class that implements document skew checking based on Hough
line transformation by searching for text base black lines of text bottoms followed by white line
below on the gray scale document image input is adopted. The algorithm supposes that a white-

background document is provided with black letters on a text document images.

To implement the algorithm Microsoft Visual Studio 2013 tool is used by applying Visual C#
programming language. The AForge.Imaging and AForge.Imaging.Filters super class
of DocumentSkewChecker() class is imported to apply GetSkewAngle() for the detection
of rotation angle e. And if the angle is below 90°, it will correct it by rotating it by -e using
RotateBilinear() class. The code used to implement skew detection and correction is

given in Snippet 4.1.
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mippet 4.1: Implementation DocumentSkewChecker and RotateBilinear\

// Detect image the skew angle

DocumentSkewChecker skewChecker = new DocumentSkewChecker();

double angle = skewChecker.GetSkewAngle(imageData);

RotateBilinear rotationFilter =

rotationFilter.FillColor =

\\\ifage.UnlockBits(imageData);

// create rotation filter and rotate image

new RotateBilinear(-angle);

Color.White;

J

The proposed skew detection and correction algortihm first converts the image to 2D color space

that is grayscale. The aim of this technique is to correct rotation occurred during image

acquisition process and due to this fact, skew angle cannot be greater than 90°.

Using this method, all the documents that are scanned are processed and checked. From the

result, document images that are correctly scanned are returened as they are 0° skewed and the

proposed technige return the image itself. For skewed images, it perfectly returned the corrected

document image. Figure 4.1, shows the result of DocumentSkewChecker class.
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Figure 4.1: Result of DocumentSkewChecker

(a) Skewed original document image
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The algorithm works well in correcting the skew angles of document images with a white
background. However, the result shows that there are some limitations on correctly detecting the

skew angle of document images with a colored background.
4.2.2 Automatic Page Segmentation

In this study, before applying denoising, binarization and other processing methods over the
whole image, page segmentation techniques are applied. This is due to the success of OCR and
other systems that needs document image analysis depends on the proper segmentation of texts,

graphics, headings, tables, columns and text area.

Page segmentation is performed first to detect text region from non-text region so that the
subsequent image processing are only applied over the text area. This will help other remaining
stages of OCR systems in several ways such as removing noises from the border of text images

by excluding the non text area.

Some MATLAB Built-in methods are integrated with Visual C# classes and libraries to develop
an algorithm using various techniques such as Hough transform, morphological dilation,
connected component (CC) analysis and CC width, height and analysis. The developed page
segmentation techniques are used for segmenting tables, lines, graphics, text areas, column

blocks, and titles from the document images.

4.2.2.1 Table Segmentation

A MATLAB function that uses Hough transform method is developed and integrated with visual
C# for the detection and removal of table lines from the given document image. Table
segmentation is essential because it has a direct impact on the results of an OCR systems.

Hough transform is also used for the detection and removal of underlines, overlines or any other
possible lines. This is because the main concern of recognition is on the text regions rather than
non text regions of the image. Therefore, we need to identify the table, label the table lines and

remove them so that the document contains only text.

Table line detection is performed by the following MATLAB function and the sample code is

given in Snippet 4.2 (see Annex I11).
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Snippet 4.2: Implementation Hough Transform for Table and Lines
Segmentation

function [ image ] = tablelLines(image, cutoff, line thresh)
%% receive and image, binerize it and Transform
Binary image = ~im2bw (image) ;
BW = imcomplement (Binary image);
[H, T,R] = hough (BW) ;
xlabel ("\theta'), ylabel('\rho');
%% setting a peak value for lines

houghpeaks (H, 100, "threshold',ceil (0.3*max (H(:))));

av)
Il

= T(P(:,2)); v = R(P(:,1));

X

%% set lines by filling little gaps
lines = houghlines(BW,T,R,P,'FillGap',1l, '"MinLength',cutoff);

end

The developed MATLAB function “tablelines(image, cutoff, line thresh)”
receives the rgb or grayscale image to convert it into the binary image using the function
hough(). The function is used to detect line objects found on the binary image by testing
diverse peak (P) values. In previous study made by Gedion [26], some text parts with condensed

foreground pixels were considered and detected as a horizontal line (see figure 4.3).

This problem is enhanced by modifying the algorithm by adding two additional properties of
houghlines();the 'FillGap' and 'MinLength'. The 'MinLength' property
enables the algorithm to set the minimum gap between broken lines and through expirment the
‘Cutt off’ value is decided through the iterative expirment and 35 is identified as a better
threshold. The 'Fi11Gap' property checks the the gap between characters and fills those gaps
using the threshold that is 1 pixel based on the expirment. Also better results were registered by

adjusting peak value to exclude the text parts from being considered as lines. However, it missed
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some lines from the document image. Figure 4.2 presents results of expirmentation of Hough

transform on noisy images that contain tables and other lines.
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Figure 4.2: Implementation of Hough transform on images with different types of noises

blurred noise

(b) Detected table and
other lines of image (a)

(c) Original image with
Gaussian Noise
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For comparing the previous algorithm used by Gedion [26] to detect tables and lines in his study
on Amharic DIR system, the following result were obtained (see figure 4.3). The expirment
shows; his algorithm detects the part of the text as a line and also when the threshold is fixed it

missed some of the lines.
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Figure 4.3 — Gedion’s [26] result on the implementation of Hough Transform with Different Thresholds

to detect and delete lines from image:

(a) Original image, (b) Identify some part of (c) Some text parts are (d) Detect all lines and
tables only, detected as lines some more text areas as
lines
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The proposed method registered better performance. However, some of the lines with shorter
length and broken lines are missed by the algortihm. Therefore, it needs further investigation to
detect all the lines of those types. The experimental result for the same document image used by

Gedion [26] is presented in the following figure 4.4.
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Figure 4.4 — Implementation of Proposed Table Line Segmentation on Gedion’s [26] document image
(a) Original image that contains table (b) Result of table and other possible lines detection

4.2.2.2 Text/Graphic Segmentation

After table segmentation stage is done, the next page segmentation technique is Text/Graphic
Segmentation. It is another essential procedure that must be applied over the image before other
stages of OCR system [45]. Text and graphics are the major constituents of any document image.
Segmentation of graphics is essential for better OCR performance and it is particularly difficult
in the context of graphics made of small components (dashed or dotted lines etc.) having features
similar to texts. This study proposes a robust technique for segmenting graphics from Amharic

document images.

The text/graphics segmentation algorithm is developed by applying Morphological Dilation and
Connected Component (CC) analysis technique for the separation of text and non-text
components. The algorithm takes advantage of the fact that characters have limited numbers and

sizes whereas the shapes of non-text elements are unlimited.
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CC labeling or analysis is done by the MATLAB built-in function or method named as
bwconncomp ()that is used to identify the connected regions or components in a binary input
image. Snippet 4.3 presents the MATLAB code used for CC labeling. Moreover, bwlabel() is

used to label the connected components of the given binary image.

/ Snippet 4.3: Implementation of Connected Component Labeling \

function [cc,num] = ConnectedComp (binary image)

o

cc = bwconncomp (binary image,4); % cc using 4 connectivity

Q

num=cc.NumObjects; % number of connected components

end

- /

Both of the bwconncomp() and bwlabel() extract the connected components from binary

image regions and assign it to the cc variable and the number of detected connected
components on the image is assigned to num variable. On this study, both 4 and 8 connectivity of

pixels are used in order to find the CC of the given image depending on its purpose.

The difference between 4 and 8 CC connectivity labeling is how the algorithm defines connected
pixels. For example, for the pixel P, 4 connectivity only checks the four neighbors, called direct-
neighbors i.e. NORTH, SOUTH, EAST and WEST neighbors of P whereas 8 connectivity is
known as indirect-neighbors checks all the surrounding pixels around P including diagonal
pixels and figure 4.5 demonstrates their effect on a given binary pixels. The labeled pixels

represent pixels that are considered as connected to the central pixel in both approaches.

4-Connectivity B-Conenctivity

Figure 4.5 — Checking mechanism of 4 and 8 CC Connectivity Labeling
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The proposed Text/graphic segmentation technique is based on the CC analysis with a few

amount of dilation (both in a vertical and all directional); are used for connecting the broken

pixels of the components of the document image. Figure 4.6 shows the result of CC labeling on

the document image that contains both text and graphics.
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Figure 4.6 — The result of CC labeling on

(b) Result of CC labeling on image (a)

As we can see from the above CC labeling result, all of the components in the document images

are labeled. Dilation (see figure 4.6 (b)) connects the characters and it forms words and other tiny

and large objects of the graphics. The next step performed on CC labeled document image is

height, width and area analysis of component to decide threshold value. The threshold is used to

separate the text or graphics or other non-text elements of the image such as tables, lines and so
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on. However, the experimental threshold decided is based on the aim of segmenting texts from

graphics.

In order to decide whether the component is the tiny or large object, CC height and width
analysis is used. In this study, dilation connects the characters and disconnected sections of the
graphics and the values of the area is computed for each component and saved using an array
‘size info [height, width, area]’. The average area of every component is also
computed to decide the threshold. 5000 is found to be a better threshold based on the experiment
conducted. The following Snippet 4.4 shows the MATLAB code for thresholding and labeling

technique to separate a text from the image sections.

Snippet 4.4: Implementation Text\Graphics CC Labeling

% storing height, width and area of each component label on array

and labeling the

size info = [];

cc = 1;

for cnt = 1l:num
x = TIbox(:,cnt);
size info (cc,1l) = x(3,:,1);
size info (cc,2) = x(4,:,1);

size info (cc,3) x(3,:,1) * x(4,:,1);
cc = cc + 1;
if (size info(cnt,3) > 5000)

rectangle('position', Ibox(:,cnt), 'edgecolor','z");
end

end

However, characters with larger font sizes such as drop caps and smaller graphics having smaller
sizes are considered as graphics. It needs further investigation on the area to solve such
problems. The result of the experiment on a sample images from the dataset is presented on
figure 4.7 (i) and (ii).
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Figure 4.7 (ii) — Experimental result of the CC Labeling and Thresholding

(a) CC Labeled Image,
Thresholding

(b) Image after CC Label

(c) Segmented Text area
of the image

(d) Segmented Graphics
from the image
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4.2.2.3 Column Block and Title Segmentation

The previous text/graphics segmentation has produced two types of document images; text area
and graphics image. However, for the document images that might contain multi columns such
as newspapers, books, etc.; it is essential to detect and segment those regions for benefits such as
layout formation for the final output formatting and for removing noises that occurs in the

borders of real life document images.

As it was discussed in section 3.3.3, this study developed a technique based on morphological
dilation and CC analysis to identify columned blocks from text document images. Both dilating

image in all direction (multi-directional) and also in a vertical direction is tested.

The implementation of multi-directional dilation is performed by the following MATLAB

function given in Snippet 4.5.

4 )

Snippet 4.5: Implementation of Dilation (multi-directional)

function [dilatedImage] = dialate(binary image, dilation_ thresh)
dilatedImage = bwdist (~binary image) >= dilation thresh;

end

- J

The function accepts two parametrs from the visual C# functions; the binary columned image
and the decided threshold value. It returns the dilated binary image based on the input provided.
The result shows connected pixels due to the dilation algorithm that connects characters, words,
text lines, figures, etc. The algorithm is helpful to separate page headings, columns, and other
parts of the image using white space analysis and connected component height, width and area
analysis. Figure 4.8 presents the result of dilation in all direction and connected component

labeing on the segmentation of columns in columned text images.
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Figure 4.8 — The Experimental Result of Multi-Directional Dilation on Columned Document Image with
Medium Font Size.

(a) Original binarized image, (b) Multi-directional dilation using threshold value
of 8

As we can see from the above sample expirment, the pixels of text lines are successfully
connected by dilation using the threshold value of 8 in all directions. However, for the
columened documents that has smaller font size, the above algorithm connects all the pixels
including the white spaces between the columns. Figure 4.9. shows the result of the multi-

directional dilation over smaller font sized textul images.
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(a) result of multi-directional dilation over the small font sized image
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(b) result of multi-directional dilation over the original image (a)

Figure 4.9 — The Experimental Result Multi-Directional Dilation Over Columned Document Image with

Smaller Font Size.

The red ellipse in the above figure 4.9 (a) presents the unnecessary connections made by multi-
directional dilation which causes a problem of connecting the two columns. For solving such
issues; this study applied a vertical dilation technique that is used to connect the space between
characters, words, text lines, grapics, and other elements that are found in the document image in

a vertical direction with a few amount of multi-directional dilation at threshold 1. It is the same
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as multi-directional dilation except it is only increasing pixel values in a vertical direction. Based
on an iterative expirment, 4x16 window size is selected for dialating the document image
vertically. The MATLAB function that is used for the implementation of vertical dilation is
given in Snippet 4.6

/ Snippet 4.6: Implementation of Vertical Dilation \
function [dilatedImage] = dialateVertically(binary image)
se=[0110; 0110; 0110; 011 0;
0110, 0110, 01160; 0110;
0110, 01 10; 0110; 011 0;
0110, 0110, 0110; 0110];
dilatedImage = imdilate (~binary image, se);

\ /

The above function recives a single binary image parameter and returns vertically dilated image.

Expirmental result of the algorithm over the original image of figure 4.9 is presented in figure
4.10.
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Figure 4.10 — The Experimental Result of Vertical Dilation Over Columned Document Image with
Smaller Font Size.
From the above expirment, the proposed dilation gives better result by keeping the space

between column blocks. The next step after dilation is performed over the above image inorder

83



to find the connected components. The height, width and area analysis is made for deciding the

thresholding for column block identification using the code shown in Snippet 4.7.

Snippet 4.7: Implementation of Automatic Thresholding for Column

Block Identification
size info = [];
sumArea = 0;
for cnt = 1l:num
component area = component width * component height;
size info (cnt,1l) = component width;
size info (cnt,2) = component height;
size info (cnt,3) = component area;
sumArea = sumArea + component area;
end
maxArea = max(size info);
for cnt = 1l:num
x = Ibox(:,cnt);
if (size info (cnt,2) > maxArea(l,2)/4 &&
size info (cnt,1l) > maxArea(l,1)/4)
rectangle('position',Ibox(:,cnt), 'edgecolor','r");
end
end

Based on the above automatic thresholding calculation, the area of each connected components is
computed and stored in the array with the width and height of the component. The algorithm

select the maximum area by assuming the tallest and widest components are column blocks. It is
assumed that the shortest height and width of the column block is one-fourth (1/4) of the

maximum height and width. The experimental results of column block detection is presented in
figure 4.11(i) and (ii).
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(a) Result of automatic thresholding over the CC labeled dilated image
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(b) Result of application of automatic thresholding over the original image

Figure 4.11 (i) — The Experimental Result of the Proposed Column Block Segmentation Algorithm For

Two Columned Document Image
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CcC original image
Figure 4.11 (ii) — The Experimental Result of the Proposed Column Block Segmentation Algorithm For Three

Columned Document Image
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As we can see from the above results, the height and width of component is important to decide
weather the component is a column, header/title. Noises and other tiny components are are

successfully removed and only the text area is segmented. Figure 4.12 presents the result of
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Figure 4.12 — Implementation of Dilation and CC analysis over columned images with titled image

(a) Original binarized
image,

(b) Result of dilation
of the input image

(c) CC labeling result

of dilated image

(d) Application of CC
labeling over the
original image

The assumption made in this study is, the title’s used in real life documents especially on
newspapers, books and magazines are bolder than other parts of the text and their positions are
assumed to be the top of the text page. The thresholding that is used for separating the heading
section is computed by taking the minimum area of the title as 1000 and the remaining as a
noise. However, the proposed algorithm has a limitation of identifying titles in the middle of the

text, and titles that have the same font size with the text block.
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4.2.2.4 The Proposed Automatic Page Segmentation Technique

After all the above implementations and test results, the researcher proposed an automatic page
segmentation method that integrates some MATLAB and Visual C# functions which are based
on Hough Transform, Multi-directional and Vertical dilation, CC Labeling, and CC height, width
and area analysis algorithms. The procedure of the proposed techniques is presented in figure
4.13.

As it have been discussed in section 4.2.1, the first processing that must be performed over the
document images before any other stages of the OCR system is skew detection and correction
due to the dependency of the next stages on the correct skewness of the document image. The
next stage is named as automatic page segmentation that performs a separation of text area from
the graphical regions, column blocks, tables and other objects. It removes all noises found on the
border and provides an advantage for other stages to be applied only over the text image.

The input for the proposed automatic segmentation technique is the de-skewed document images
that can be in a gray scale/RGB/Binary format. The proposed combined page segmentation
technique first applies Hough Transform to label each table and other possible lines over the

image.

The next stage applies dilation over the image to connect the words and gaps that exists between
graphics and CC is applied over the dilated image. The analysis of height, width and area
analysis is done to set a threshold for separating texts from graphics.

After the text/graphics segmentation is performed, the algorithm searches for column blocks and
headers by applying a vertical dilation and connecting pixels vertically without losing the space
between columns. CC labeling is performed next over the dilated image to label the connected
components. Calculating the threshold using the height, width and area analysis is the last stage

that automatically segments columns block and page headings or titles.
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Apply dilation to connect characters and
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text and graphics sizes; and segment the
input image.
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To label all the connected components
over the dilated image.
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columns block and page headings or
titles segmentation.

Output

Figure 4.13 — The proposed Automatic Page Segmentation Technique
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4.2.2.5 Performance Result

The researcher tested the proposed page segmentation techniques over the datasets that are
collected from real life documents presented in section 4.1. For making the decision of whether
the proposed techniques perform better on the document image collections and also to select
better combination of algorithms to form best performing automatic page segmentation,
experiments are conducted on Amharic document images that contain tables, lines, pictures,

columns and headers.
Experimental Results:

For measuring the performance of page segmentation techniques used this study uses the
counting of the expected correct segmentation, the erred segmentation made and calculating the
segmentation Accuracy percentage. The expected correct segmentation represents the expected
number of lines, pictures, column blocks and title characters for each page segmentation methods

(i.e. table, text/graphics, column block and title) individually.

Experiment Result of Page Segmentation
Document Type Expected | Correctly | Erroneously | Accuracy
Result Segmented Segmented (%)
. D ining Tables,
0 _ocuments containing Tables 84 76 3 90.47 %
Lines, etc.
(i) Documents co_ntammg 13 12 1 92.31 %
Images/Graphics
Documents containing Column
(iii) g 30 29 1 96.67 %
Blocks
(iv) | Documents containing Titles 7 5 2 71.43 %

Table 4.2: Experimentation result that shows the performance of the proposed page segmentation
techniques
The result indicates that the proposed page segmentation technique that is based on the Hough
transform, dilation, CC labeling and CC height, width and area analysis works better on real life
document images with different noises. Nevertheless, the proposed technique for detecting title is
tested over the document images that contain titles in the middle of text that are common on

document images from newspapers. These titles cannot be detected and they can also be the
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reason for poor segmentation of column blocks if they cover the white space that separate

column blocks.

4.2.3 Noise Removal

In real life document images, noises can occur either in the foreground or background of
document image. Therefore, noise removal is necessary to clean noisy dataset collections of
Ambharic document images specially the ones which are used in OCR studies. This is because
noises can be the reason for disconnected lines, connected characters, large gaps between the
lines, loss of information, etc. Therefore, removing errors and enhancing the document image is

crucial to improve the performance of recognition result.

After skew detection and correction, and Automatic Page Segmentation are done; the
forthcoming techniques are applied only the text area of document image. As it has been
discussed on section 4.2.2.3, one of the advantage of page segmentation technique i.e. column
block segmentation is; noises that exist outside the text area are removed successfully. Figure
4.14 shows an example of document image that contain border noises and the result of column

segmentation.
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Figure 4.13 — The removal of border noises after column block segmentation
In this work, three noise filtering algorithms (Average/Mean, Median and Wiener) are tested to
clean the text area of document image. Mean (Average) filtering is a method of smoothing images

by reducing the amount of intensity variation between neighboring pixels. It is the most popular
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and simple low pass filter that improves noisy images. Median filter is the simplest and efficient as
compared to other non-linear filters. It is a commonly used special type of low-pass filter which is
able to remove noise and replace the bad pixels with reasonable values by substituting the image
pixel values with the median of gray values in the local neighborhood of that pixel. Weiner
filtering is a powerful linear filtering algorithm to remove salt-and-pepper and also other types of
noises form the document images. The technique is also the most important technique for removal
of blur type of noises in images. Image denoising algorithms are implemented using MATLAB
R2013a Image processing toolbox and Microsoft Visual C#.

To experiment the average filtering, a MATLAB function is developed to calculate the mean
values of each pixels and compute and set the average pixel values of neighbors based on the
window size mxn. The built-in functions of MATLAB medfilt2 (image, [m n]) and
wiener2 (image, [mn]) are used for the application of median and wiener filtering in image
using window size of mxn. The functions will accept its two parameters from Visual C# function;
the first is the two-dimensional (2D) input image. Three dimensional input images must be
converted into gray scale image using rgb2gray () function of MATLAB and the second

parameter is the window size (mxn) in the form of array i.e. [m n].

As it was discussed in section 3.4, the experimented three denoising methods are integrated with
Visual C# interface and MSE and PSNR are used to measure their performance by computing the

amount of disturbance that a filtering algorithm introduces into the image.

As it has been discussed, one of the arguments needed to perform those denoising algorithms is
window size. All the filtering algorithms are tested through different window sizes to compare
their performance. From the experiments made, it is observed that window size increment have a
direct impact on the quality of the image. Table 4.3 presents the effect of three denoising
techniques by different window size on the same document image. As we can see from the result,

the distortion over the images increases as window size increases.
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Table 4.3: The Experimentation result of Noise Filtering Algorithms using 3x3, 5x5, 7x7 and 9x9

The noise filtering algorithms are applied on real life document images that contain various types

and levels of noises. Image quality measures used in this study; MSE and PSNR are computed to

pick best performing algorithm. MSE is a measure of an average of the squares of the errors and

PSNR is the ratio between the maximum possible power of a signal and the power of corrupting

noise that affects the fidelity of its representation. Both are computed using a MATLAB function

[psnr, mse] =

measerr (originallmage, filteredImage) that returns both PSNR

and MSE. The following Table 4.4, Table 4.5 and Table 4.6 presents the MSE and PSNR

measurement result for mean, median and wiener filtering techniques respectively.

Mean /Average/ Filtering
Noise No of
Document Type 3x3 5x5 7x7 9x9
Level Pages
MSE PSNR MSE PSNR MSE PSNR MSE PSNR
Magazine 2 248.40 | 24.17 | 694.34 | 19.72 | 119290 | 17.36 | 1556.60 | 16.21
Low
Qidassie Mariam 4 115.64 | 27.50 | 240.83 | 24.31 | 377.31 | 22.36 | 528.15 | 20.90
Book 3 116.26 | 27.48 | 256.97 | 24.03 | 386.42 | 22.26 | 463.51 | 21.47
Medium
Qidassie Yohannes 2 39.82 |32.13 | 99.11 |28.17 | 168.04 | 25.88 | 24391 | 24.26
Book 5 150.37 | 26.36 | 331.72 | 22.92 | 508.21 | 21.07 | 621.58 | 20.20
High
Newspaper 1 712.41 | 19.60 | 1406.10 | 16.65 | 1989.30 | 15.14 | 2247.30 | 14.61
Book 6 69.33 | 29.72 | 169.39 | 25.84 | 281.81 | 23.63 | 407.70 | 22.03
Very High
Qidassie Yohannes 2 36.77 | 3248 | 9536 |28.34| 163.46 | 25.99 | 239.37 | 24.34

Table 4.4: The Experimental Result of Image Quality Measure (MSE and PSNR) of Average/Mean
Filtering Algorithm Using Different Window Sizes
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Median Filtering

Noise Level Document No of
Type Pages 3x3 5x5 7x7 9x9
MSE | PSNR| MSE | PSNR| MSE | PSNR| MSE | PSNR

Magazine 2 136.89 | 26.77 | 461.02 | 21.53 | 1021.12 | 16.62 | 1600.50 | 16.05
Low - :

Qidassie 4 96.03 | 63.55 | 139.40 | 26.82 | 251.82 | 24.17 | 421.82 | 21.89

Mariam

Book 3 66.97 | 30.27 | 177.88 | 26.26 | 352.00 | 23.53 | 447.05 | 22.28
Medium : :

Qidassie 2 15.02 | 36.39 | 42.04 |31.90| 84.36 |28.86| 149.81 | 26.38

Yohannes

Book 5 71.59 | 29.79 | 164.14 | 25.69 | 365.27 | 22.78 | 500.89 | 21.25
High

Newspaper 1 453.81 | 21.56 | 1257.00 | 17.13 | 2248.00 | 14.61 | 2622.30 | 1394.00

Book 6 45.69 | 32.43 | 99.11 | 28.65| 162.20 | 26.34 | 25051 | 24.36
Very High : :

Qidassie 2 15.06 | 36.36 | 41.49 |31.95| 81.17 |29.04 | 141.91 | 26.62

Yohannes

Table 4.5: The Experimental Result of Image Quality Measure (MSE and PSNR) of Median Filtering
Algorithm Using Different Window Sizes

Document

No of

Wiener Filtering

Noise Level 3x3 5x5 7x7 9x9
Type Pages
MSE | PSNR| MSE | PSNR| MSE | PSNR| MSE | PSNR

Magazine 2 3468 |32.78| 6523 |30.14 | 122.66 |27.39 | 198.72 | 25.29
Low - :

Qidassie 4 16.03 |37.48 | 2893 |35.26| 5270 |33.11| 89.04 | 31.06

Mariam

Book 3 3352 |33.04| 53.86 |3091| 71.58 |29.71| 92.64 | 28.63
Medium - -

Qidassie 2 8.69 |38.75| 16.28 |36.02| 22.22 |34.66| 28.03 | 33.66

Yohannes

Book 5 33.05 |33.12| 5870 |30.55| 82.30 |29.08 | 108.08 | 27.89
High

Newspaper 1 147.99 | 26.43 | 297.73 | 23.39 | 542.36 | 20.79 | 768.98 | 19.27

Book 6 32.08 | 33.83| 63.71 |30.60| 89.15 |29.04 | 115.02 | 27.88
Very High : :

Qidassie 2 9.08 |3856| 1751 |35.70| 23.38 |34.45| 2887 | 33.54

Yohannes

Table 4.6: The Experimental Result of Image Quality Measure (MSE and PSNR) of Wiener Filtering
Algorithm Using Different Window Sizes
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Based on the results of MSE and PSNR, in each of the algorithms the lower values of MSE and
higher values of PSNR are registered in the smaller window size of 3 x 3. For example, for the
medium level noise document (“Qidassie Yohannes”) an MSE of 39.82, 15.02 and 8.69, and also
PNSR of 32.13, 36.39 and 38.75 are registered for average, median and wiener filtering
algorithms respectively. The result indicates that wiener filtering method is able to smooth out
noises with a few disturbances than average and median filtering methods. Therefore, all the test
document images are filtered using wiener filtering algorithm using window size of 3 x 3 before

it is binarized.
4.2.4 Binarization (Thresholding)

As it was discussed in section 3.2.3, binarization is a mandatory preprocessing step in an OCR
system that is responsible for the conversion of grayscale document image into bi-level (black
and white) representation. Binarization is important to separate the foreground characters from
their background and it also removes some of the noises.

During the conversion of document image into binary, there is a need to set a threshold value that
can be used for comparing it with each pixel values. Pixel intensity levels less than a threshold
value are assigned to black pixel and higher values are assigned to white pixel. There is no
universal rule to perform these but some techniques have been proposed by various scholars and

they are categorized into two groups as global and local thresholding techniques.

Global thresholding methods compute a single threshold value for binarizing the while image
and each pixel is going to be compared to this value to decide whether a pixel is a background or
foreground. Local thresholding computes threshold value for each pixel individually using the

information from neighborhood pixels.

In this work, Otsu thresholding and Sauvola thresholding algorithms are tested with different
combinations of image denoising techniques. MATLAB R2013a is used to implement
thresholding techniques.

Ostu thresholding is implemented by using a Matlab built-in function graythresh (image)
which computes a single global threshold for the given image so that it can be applied over the

image using the function im2bw (). On the other hand, sauvola thresholding is implemented by
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adopting a Matlab function that was directly used in Michael’s [43] study and it is tested in

different window size (mxn). (See Annex IlI).

Figure 4.14 displays the effect of global and local thresholding over document image from real
life which has been filtered using the selected denoising technique; i.e. wiener filtering technique

by window size of 3 x 3.
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Figure 4.14 — The Experimental Result of Otsu and Sauvola Thresholding Techniques on Wiener Filtered
Images

(a) Wiener Filtered Image (b) otsu thresholding (c) sauvola using window size of 3x3 (d) sauvola using
window size of 5x5 (e) sauvola using window size of 7x7 (f) sauvola using window size of 9x9 (g) sauvola
using window size of 11x11 (h) sauvola using window size of 15x15 (i) sauvola using window size of
20x20 (j) sauvola using window size of 25x25 (k) sauvola using window size of 30x30

From the above experiment, we can see the effect of binarization over the de-noised document
image. We can observe that some of the blurring noises created by the noise filtering stage are
also removed by binarization process. For measuring the quality of binarized document and

select the better performing technique, a human /subjective/ evaluation is made. It is observed
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that global Otsu thresholding erases some parts of the textual information and creates some

unwanted foreground noises.

However, sauvola local thresholding technique uses different thresholds for each pixel by
computing threshold value for each local pixel based on the neighboring pixels within a window

size mxn. Based on the experiment, lower window size results a loss of pixel values and gives

poor result whereas larger window size scores better result. It is discovered that window size

larger than 11x11 works better and for this research, window size of 20x20 and 25x25 are found
as best performing window sizes. Finally, 20X20 is selected as better aiming to minimize the

connection of characters during binarization. Figure 4.15 explains why the Sauvola thresholding

is selected over Otsu thresholding method.
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Figure 4.15 — The Experimental Result of Binarization of degraded Document image using Otsu and Sauvola

(@) Weiner filtered degraded
document image

Thresholding Method
(b) Otsu thresholding method

(c) Sauvola thresholding method
using 20x20 window size

As we can see from the above result Otsu global thresholding algorithm results in more

foreground noises than the Sauvola thresholding that have huge impact on a recognition result.

Therefore Sauvola is voted as best performing algorithm.
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However, sauvola thresholding didn’t clean the image at all i.e. there are also some noisy pixels.
Another MATLAB function bwareaopen (image, pixel size) isused to remove pixels

that are less smaller than a given area i.e. pixel size (see Annex IlI).
4.2.5 Underline Removal

Document images contain different types of lines such as overlines, underlines, table lines,
picture lines, vertical lines, page boarders, etc. Underlines are used in document images for
different reasons such as the identification of main ideas, topics or titles. They are drawn
horizontally below the specific text and may or may not touch the lower parts of the text. They

can also be found disconnected (as dotted lines) and slightly curved.

The page segmentation stage that deletes tables from the document image also removes
underlines and many possible vertical and horizontal lines. However, there might be some
missing underlines that may not have been detected in the table lines segmentation technique.
Therefore, this stage is used as a purifying stage to minimize the recognition errors caused due to

the undetected underlines.

The method applied here is the same as the technique used for automatic table segmentation i.e.
Hough Transform that uses the two functions; hough () and houghlines (). Most of previous
studies used an algorithm that was originally suggested by Pal and Chanduri. The algorithm can
only be applied after the text line segmentation due to the fact it assumes the bottom of the text
image as underline if the count of the black pixel becomes above some threshold.

The Hough transform based underline removal method can be applied either after text line
segmentation or before text segmentation is performed. However, it shows some limitations to
detect broken and short lines. The following figure presents the experimental result of Hough

transform to detect underlines and its failures.
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Figure 4.16 — Experimental Result of Hough Transform for Removing Underlines

(a) Underlined image

4.3 TextSegmentation

(b) Plotted image

(c) Underline removed image

Based on the proposed OCR system architecture that was presented in section 3.1, the next stage

after image preprocessing completion is text segmentation. It is the stage that focus on the textual

section of document image extracted from page segmentation and noise removal and binarization

stages of preprocessings. This stage identifies text lines, words and characters from a binarized

textual image and recongition accuracy depends on these phase.

Among the availiable segmentation techniques from different literatures; Projection Profile,

Morphological Dilation and CC Analysis are tested. Projection profile technique calculates the

sum of black pixels found in horizontal or vertical axis to locate positions where text lines, words
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and characters are found in the image. Morphological dilation is used to connect characters and
words by increasing the size of character image pixels. CC analysis is used to identify, label and

separate the connected parts from binarized document image.

Text segmentation can be started in differnt order. However, for better reconstruction of the
result and also for makinf the decomposition more easier, this study segments lines, words and

characters respectively.

4.3.1 Line Segmentation

Horizontal projection profile is a line segmentation technique that is used in most of amharic
OCR studies and it is expirmented in this particular study. A Visual C# method adopted from
Michael [43] which accepts a parameter of binary image and threshold value and returns
List<int> of coordinates of segmentation points. Snippet 4.7 presents the algorithm used to
count black pixels in row and computes the higher and lower values of the black pixels to track

the segmentation points using the threshold 7 decided as the best on his expirment.

Snippet 4.7: Implementation Horizontal Projection profile [43]

//Horizontal projection
for (int y = 0; y < img.Height; y++)
{
for (int x = @; x < img.Width; x++)
{
//Get the color value of current pixel and check if it is black
pixelColor = img.GetPixel(x, y);
if (pixelColor.R == 0 && pixelColor.G == 0 &&pixelColor.B == 0)
pixles++;
}
//Add the sum in a row and restart the sum for the next row
hrt.Enqueue(pixles);
pixles = 0;

However, the algorithm has a problem of segmenting some characters from the training sets such

as “f0” due to the disconnected feature found at the top of the character (see figure 4.17). There
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are also other Amharic characters having the same features as Geez numbers. The algorithm

segmented the upper appendage and the body part as individual lines.
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Figure 4.17 — Experimental Result of Projection Profile as Tested by Michael [43]

In order to solve such issues, this study first applies morphological dilation in vertical direction
using the MATLAB code presented in Snippet 4.8. The algorithm uses 4x4 window size to

dilate the image in a vertical direction.

[ Snippet 4.8: Implementation of Morphological Dilation (Vertical) for \
connecting Character Body and Appendages

function [verticallyDilatedImage] = vertical dil (dilatedImage)
%% setting strel for making vertical dilation
se=[00100; 00100, 001O00; 001001
verticallyDilatedImage = imdilate (dilatedImage, se);

end

o J

The above method fills or close the gap between the upper or lower appendages and the body

part of a given character image. Then projection profile technique will be applied over the dilated
image and the coordinate points collected in the arrayList<> are used to segment the original
input image. Figure 4.18 presents the expirmental result of vertical dilation and their effect on

horizontal projection result.
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Figure 4.18 — The Experimental Result that shows the effect of Vertical Dilation on the Result of

Horizontal Projection Profile

(a) Vertically dilated image (b) Horizontal projection profile

The above expirment shows the combination of vertical dilation with horizontal projection
profile shows better results in segmenting characters with appendages than the previous method.
The proposed method is tested on the test sets presented in section 4.1 and the performance
evaluation is presented in section 4.3.4. . Figure 4.19 shows the sample expirmental results of the

proposed line segmentation method over real life dataset.
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Figure 4.19 — Experimental Result of the Proposed Technique On Real Life Document Image
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Another method that is expirmented to segment text line is a morphological dilation technique
which connects binary image pixles in a horizontal direction. To decide the better horizontal
dilation window size, an iterative test is made and it is observed that using the window size of

29x9 shows better results. Figure 4.20 displays the developed window for image dialation.
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Figure 4.20 — The Proposed Window for Dilation of Image Horizontally to Connect Character in a Row

Using the suggested window, the input image is dilated by the MATLAB code that performs
horizontal dilation. Finally, white space analysis is made using CC Analysis to segment the text
line. Figure 4.21 presents the effect of horizontal dilation over the image and the result of text

line segmentation.
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Figure 4.21 — Experimental Result of Horizontal Dilation and CC Analysis for line segmentation

I

(a) Binarized Image (b) Horizontal Dilation (c) CC Analysis
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Based on the expirmental results, both of the proposed algortihms performs better to segment
text lines from the binarized document images. Nevertheless, dilation based method has a
limitation of segmenting training set ‘Fidel’ because of the large space between characters that
cannot be connected. Consequently, for both training and testing sets text line segmentation,

horizontal projection profile with a vertical dilation is prefered.

However, both of the proposed methods failed to segment document images having an ink-
bleeding noise at their background. Figure 4.22 shows an example of ink-bleeded document
image and the result of the proposed projection profile based method that causes an incorrect
extraction of text lines which has a direct impact on the performance of recognition.
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Figure 4.22 — Experimental Result of Horizontal Projection Profile on Ink-Bleeded Document Image
(a) Binarized ink-bleeded document image (b) Horrizontal Projection Profile Result

To alleviate this problems, a new method is proposed that first smooths the original image using
ink-bleeding filtering function developed using wiener filtering and binarizes the document by

sauvola thresholding.

The filtering performed using wiener filtering smooths or blurs the image using expirmentally
decided 10x10 window size and sauvola local thresholding using 25x25 window size is applied
to make the possible text lines visible. After thresholding, the proposed horizontal projection
profile method is applied over the processed image. Lastly, the traced segmentation points are
used to segment the original image. Figure 4.23 displays the experimental result of Ink-Bleeded

document text line segmentation.
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Figure 4.23 — Experimental Result of the proposed Segmentation Technique for an Ink-Bleeded

Document Images

(a) Original ink-bleeded image (b) weiner filtering using 10x10 window size (c)Sauvola Thresholding
using 25x25 window size (d) Dilation result (e) Horizontal Projection Profile Result
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4.3.2 Word Segmentation

Word segmentation is performed over the extracted text lines to segment word images. For this
purpose, this study first expirmented a technique based on dilation and CC analysis. It is
implemented using a MATLAB function to dilate and increases the pixel of the characters in all
direction and 5 is selected as best threshold value to dilate the image after an iterative experiment

is made (see Annex Il11).

After the morphological dilation, CC Analysis is made to find the connected regions from the
dilated image and the identified components are taken as a word. Figure 4.24 shows the
expirmental results of dilation and CC analysis in segmentation of words.
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Figure 4.24 —Experimental Result of Dilation Based Word Segmentation
(a) Binary Text Line Image (b) Dilated Image using threshold value of 5 (c) CC labled Image

The above segmentation method is adopted from Gedion’s [26] study on DIR and it is also tested
on historic documents. Most of historic document images separate words using a colon like
punctuation mark known as “Two-Dots”/:/ that becomes a reason for poor word segmentation
results. However, most recent documents separate words using white space and the proposed
technique works very well on those types of documents. Figure 4.25 shows exprimental result

over historic documents.

APYPRVNS A R e S r o G0 ER T

Figure 4.25 — Experimental Result Shows Errors of Dilation Based Word Segmentation on Two-Dot

Separated Sentence
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Another method that is mostly used by previous studies is a vertical projection profile method. In
Michael’s [43] study, it was observed that the algorithm was affected by non uniformity between
the spaces found between words.

For the expirmentation of vertical projection profile, a Visual C# program that is adopted from
Michael [43] and presented in Snippet 4.9 is used. The algorithm is also applied for the
segmentation of characters by counting the black pixels vertically.

/ Snippet 4.9: Implementation of Vertical Projection Profile [43] \

//Verical projection
for (int x = 0; x < img.Width; x++)

{

for (int y = @; y < img.Height; y++)
{//Count black pixels vertically
pixelColor = img.GetPixel(x, y);
if (pixelColor.R == 255 && pixelColor.G == 255 &&...

pixelColor.B == 255)
pixles++;

}
vrt.Add(pixles);

pixles = 0;
k /

Figure 4.26 shows the expirment result of vertical projection profile on text line images that was

segmented in previous stage.
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Figure 4.26 — Experimental Results of Vertical Projection Profile in Word Segmentation for both White

Spaced and Two Doted Images Respectively

The proposed segmentation techniques are also tested over an ink-bleeded segmented line image.

Segmenting word from ink-bleeded document is challenging and as we can see from the
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expirmental result (see figure 4.27), the expirmented techniques failed to segment words from an

ink-bleeded text lines.
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Figure 4.26 — Experimental Result Shows the Result of Dilation and Vertical Projection Profile Based
Word Segmentation for ink-bleeded documents
(a) Original ink-bleeded line image (b) Morphological Dilation (c)Vertical Projection Profile

Based on the above expirment, both methods are tested over an ink-bleeded text line images and
poor performance is registerd. Also for words separated by two dots, this stage can be skipped

because words can be recognized using those separation points.

4.3.3 Character Segmentation

Character segmentation is the final text segmentation stage performed after word segmentation is
completed. It is a process of identifying and segmenting individual characters from the given
binary word or text line images. In this particular study, two character segmentation techniques

are tested; Vertical Projection Profile and CC Labeling or Analysis.

To experiment vertical projection profile, the same algorithm applied in word segmentation is
used. The thresholding formula applied in Michael’s [43] study is adopted to find the space
between characters automatically. It is done by an approximate pixel width calculation and the
height of the image to estimate the average number of characters in an image that is used as a

threshold value to find the spacing between characters.

Using this approach, it was observed that those set of rules failed to segment characters which
are close to each other, overlapping, and connected. Figure 4.27 presents the experimental result

of vertical projection profile to segment characters from the given word images.
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Figure 4.27 — The Experimental Result of Vertical Projection Profile Based Character Segmentation
(a) Binary Word Image (b) Vertical Projection Profile (c) Erroneously Segmentned

Characters

The result from the experiment shows vertical projection profile failed to segment characters
correctly even if they are not connected. This study tests another method i.e. CC Analysis which
solved some of the above problems. The algorithm computes the connected components from a
character image and crops the image using MATLAB built in function called imcrop ().
However, this method has a problem of segmenting characters having disconnections in their

body. Figure 4.28 shows the result of CC Analysis in character segmentation.

(@) (b) (©)
Figure 4.28 — Experimental Result Shows the Result of CC Analysis Based Character Segmentation
(a) Binary Word Image (b) CC Analysis (c) Erroneously Segmentned
Characters from their
appendages
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In the above sample experimental results, it is observed that CC analysis is poor in segmenting
characters with disconnected nature or disconnections that are caused by noises. Both of the
tested methods have their own advantages and disadvantages on segmenting character. CC
Analysis can successfully segment overlapping characters that are very close if they are not
connected. However, characters with separated upper or lower appendages from character body
and characters having disconnection in their body are erroneously segmented whereas vertical
projection profile can segment those characters successfully. Therefore, there is a need to
develop a robust technique that can merge the advantage of both algorithms.

In this particular study, CC analysis is modified and tested for character segmentation using
MATLAB image processing toolbox. First, the algorithm performs CC Analysis over the word
image, it search and labels connected pixels from a given binary image. Figure 4.29 shows an
example of CC Labeling result.

B0 flowid UICT9™

Figure 4.29 — Sample CC Labeling Result
CC Labeling labels all connected regions including connected characters and characters with
appendages. Then, the algorithm calculates and save automatically some data about each CC
labels or bounding boxes in MATLAB array called size info. The collected data has the

following attributes presented in table 4.7.

Mid-

X(START)  X(END) Y(START) Y(END) Width(W) Height(H) Area Point of y ﬁ

X H w
0.5000 5.5000 7.5000 17.5000  5.0000 10.0000 50.0000 3.0000 0.5000 2.0000
5.5000 9.5000 7.5000 17.5000  4.0000 10.0000 40.0000 7.5000 0.4000 2.5000
10.5000 26.5000 1.5000 17.5000 16.0000 16.0000 256.0000 18.5000 1.0000 1.0000
28.5000 55.5000 0.5000 17.5000 27.0000 17.0000 459.0000 42.0000 1.5887 0.6296
56.5000 61.5000 7.5000 17.5000  5.0000 10.0000 50.0000 59.0000 0.5000 2.0000
60.5000 64.5000 8.5000 17.5000  4.0000 9.0000 36.0000 62.5000 0.4444 2.2500

Table 4.7: The Sample Collected Data about CC
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Using the collected information about each detected components of a given word image, first the
algorithm detects the main body of the character and checks weather the character has

appendages or other disconnected natures from either top or bottom.

An important assumption is made i.e. a character main body that cross the central height of word
image is made to detect the main body of the character image. Therefore, half of the word image
height (height/2), maximum and minimum value of height and width is also calculated
using MATLAB built-in function max( ) and min( ) from the collected size info array.

Figure 4.30 illustrates some of the calculations made.
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Figure 4.30 — Sample word Image Height and Mid-Point of X Calculation

After calculating the height(h), h/2, and Mid-Point of each component, the proposed method
checks whether the given component shares the same vertical point to find the largest object in a
vertical direction and it takes it as component’s main body. Then, the decided main body of the
character is labeled with a bounding box having a height the same as input word image. The
following figure 4.31 shows the result of each step in the proposed method that is used to

segment characters.
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Figure 4.31 — The Experimental Results of the Developed CC Based Method

a) Finding Appendages and MainBodies (b) Detect Character Main bodies (c) Adjust bounding
box window size to the height of the image (d) Result on Normal Text (e) Errors in segmenting
conencted characters
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The method successfully segmented characters that have appendages and also characters that
have close pixel difference to another character. However, it failed to segment connected and
broken characters. For this purpose, another rule is added that uses information stored in the

previous array (table 4.7).

Estimation or detection of two or more connected characters in Amharic is a challenging task.

This is because of the variations in character width. Characters such as ‘71 * have very small

width whereas characters like ‘éh¥ and ‘?°” have larger width than its height.

The developed thresholding points are decided as the best points after an iterative test. The
algorithm first compares weather the width of the character is greater than its height. In real life
document images, it is assumed that, most connected characters have a greater width greater than
its height.

The following rules and thresholding methods are developed and proposed to detect the
connected characters. The developed method that leads us to connected characters is given in the

following Snippet 4.10.

Snippet 4.10: The Developed Method for Identifying and Segmenting
Connected Characters

for cnt = 1:1en
% Detecting connected characters
if hei >=size info(cnt,4) && hei <= size info(cnt,5)
if size info(cnt,6) > size info(cnt,7)
if(((size info(cnt, 6) -minW) /10 >= 0.5))
if (maxH - size info(cnt,7) <= 3)
if(size info(cnt,10) >= 1.18 && .
size info(cnt,11) >= 0.5)
% Return the detected connected character
end
end
end
end
% Return as non-connected Characters

end
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The result of the above code only performs the detection of connected characters and the formula
used was decided through an iterative experiment. It shows promising result on identifying or
detecting connected characters. The following sample plotting images presented in figure 4.32
are some of the sample experimental results of the proposed method. The green line plot

represents the connected characters whereas the red lines are normal characters.
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Figure 4.32 — The Experimental Results of Connected Characters Detection

The next step after identifying the connected characters is splitting them into individual
characters. It is a very challenging process due to inconsistency of Amharic characters width.
After some experiments, another rule is produced to split the connected characters that were

detected in the previous stages.

The new rule also depend on the % information stored on the size_info array which is used to

checks how many times the image needs to be divided. The rule is presented in Snippet 4.11 and

the full code is presented in Annex Il1.
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Snippet 4.11: The Developed Method for Splitting Connected
Characters

if size info(cnt,6)/size info(cnt,7) >= 2.5
if size info(cnt,6)/size info(cnt,7) > 2.6
if size info(cnt,6)/size info(cnt,7) >= 3
if size info(cnt,6)/size info(cnt,7) >= 4
% divide it into five equal parts

else
% divide it into four equal parts
end
else
% divide it into three equal parts
end
else
% divide it into two equal parts
end
else
% needs further checking of the width
end

The above developed Matlab code splits connected characters into a maximum of five equal

parts based on the stored information i.e. % Some of the sample results of splitting are presented

in figure 4.33 which green plots represent splitting points.

FOLAA: h500 N2800
(hhCIkD aulovds Gaot

AIRMLTS  AARINP

Figure 4.33 — The Experimental Results of Connected Characters Splitting
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However, the proposed character detection and splitting techniques detect long characters like
‘Y, CeRy, TP, Y, 9P, *I°’ and 91’ as connected characters. To prevent an error made by a
splitting method, some checking procedure is performed based on size analysis before splitting
process. It compares the area of the regions that are selected to be divided with their original
main area and using the following thresholding method presented in Snippet 4.12, it successfully

eliminates some of those errors (see Annex Il11).

Snippet 4.12: Matlab Code for checking characters Area before splitting

% needs further checking (Continued from Snippet 4.11)

QO

subImagel = imcrop(image, . . . % the first image section

o

subImage?2 = imcrop(image, . . . % the second image section
% Compute the CC and area for both images
[cc2, num2] = bwlabel (~subImagel) ;
Iprops2 = regionprops(cc2);

Ibox2 = [Iprops2.BoundingBox];

Ibox?2 reshape (Ibox2, [4 num2]) ;

[cc3, num3] = bwlabel (~subImage?2) ;
Iprops3 = regionprops(cc3);

Ibox3 = [Iprops3.BoundingBox];

Ibox3 = reshape (Ibox3, [4 num3]);

y = Ibox2(:,1);

z = Ibox3(:,1);

if (((y(3,:,1) * y(4,:,1)) >= ((size_info(cnt,B)/4) + 20)) &&. .
((z(3,:,1) * z(4,:,1)) >= ((size_info(cnt,8)/4)) + 20))
% Split the image
else
% Cancel the splitting process and return the image
end

The sample result of the above algorithm is presented in the following figure 4.34.

\- Main Character Area
___\—- Splitted Charcater(Right) Area

. Splitted Charcater(Left] Area

—

Figure 4.34 —Experimental Results of Checking before Splitting

115



However, the proposed character segmentation procedure registered low performance on the

document images with very high noise levels by segmenting small disconnected components of

broken characters as separate characters.

4.3.4 Performance Evaluation

The researcher tested the proposed text segmentation techniques on the datasets collected from

real life documents. To decide which algorithm performs better, it’s important to see the

experimentation result obtained from the tests made on those datasets.

Experimental Results:

For measuring the performance of text segmentation, the same technique that is used for

measuring the performance of automatic page segmentation method is also applied. Table 4.8

presents the experimental results for each text segmentation stages.

Experimental Result of Text Line Segmentation

Noise Document Correctly Segmented Wrongly Segmented Accuracy (%)
Level EEE Expected | Horizontal Horizontal | Horizontal | o .oy | Horizontal Horizontal
of pages Result Projection o Projection o Projection o
. Dilation . Dilation . Dilation
with X with ) with )
Dilation with CC Dilation with CC Dilation with CC
2 Magazine,
Low 4 Qidassie 123 123 123 0 0 100 % 100 %
Mariam
3 Books,
Medium 2 Qidassie 175 175 170 0 5 100 % 97.14 %
Yohannes
Testing
Dataset High > Books, 222 177 126 45 96 79.73% | 56.76 %
1 Newspaper
6 Books,
Very High 2 Qidassie 285 215 160 70 125 75.44 % 56.14 %
Yohannes
Sum 805 690 579 115 226 85.71% 71.93 %
PG- Fidel o o
Training | Unicode 3 (4 Copies) 164 163 0 ! 0 99.39% 0%
Dataset VG- Fidel o o
Unicode (4 Copies) 164 162 0 2 0 98.78 % 0%
Sum 328 325 0 3 0 99.09 % 0%

Table 4.8: Experimental Results of Text Line Segmentation Methods
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Based on the above result, both of the expirmented text line segmentation methods show better
performance for testing datasets with low and medium noise levels. The horizontal projection
profile with morphological dialation performs 100% accuracy for both low and medium level
noisy document images. Also it segments text lines from the training dataset “Fidel” with an

average accuracy of 98.78%.

The horizontal dilation and CC based line segmentation method segments 0% of the training set
due to its dependecy on the space between characters. However, 100% and 97.14% accuracy is
obtained for segmenting text lines of low and medium noise level images. Though, the proposed
projection profile with dilation performs better by sucessfully extracting all text lines from all of

the low and medium noise level document images.

For the document images with a high and very high noise level; performance of both methods
shows poor accuracy rates. Horizontal dilation based method can only segment 56.45 % and
horizontal projection profile segments 77.58 % accurately. This is because most of the document
images at those noise level datasets contain an ink-bleeding. It is challenging to find the space
between text line for those document images. The following sample result on figure 4.35 shows

an erroneous text line segmented from an ink-bleeded document images.
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Figure 4.35 —Experimental Results of Text Line Segmentation on an ink-bleeded document image

(a) Image considered as text line using Horizontal (b) Image considered as text line using
Projection Profile Morphological Dilation
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As it was discussed on section 4.3.1, new method based on wiener filtering, sauvola thresholding
and horizontal projeciton profile is developed and expirmented on those ink-bleeded document

images and the result is presented in table 4.9.

Experimental Result of Text Line Segmentation (For ink-bleeding)
Noise Level
olse Leve Expected Correctly Erroneously
Accuracy (%)
Result Segmented Segmented
Ink-Bleeded
frebleede Very High 245 243 2 99.18 %
Document Image

Sum 245 243 2 99.18 %

Table 4.9: Accuracy of the Proposed Text Line Segmentation Method for Document Images with Ink-
Bleeding Noise
As we can see from the expirment result, the proposed method has identified 99.18% of the lines
from a high noise level document images whereas the previously used methods segment 56.45%

and 77.58 % from those document images.

The next stage after text line segmentation is word and character segmentation. Table 4.10 and
table 4.11 presents the results of both word and character segmentation for low, medium, high

and very high level noisy datasets prepared by Biniyam [13].

Experimental Result of word Segmentation
Noise Correctly Segmented |Erroneously Segmented Accuracy (%)
Level Document types Expected
Result vertical Dilation vertical Dilation vertical Dilation
Projection with CC Projection with CC Projection with CC
Magazine and
Low . . . 783 777 775 6 8 99.23 % 98.97 %
Qidassie Mariam
Book and Qidassie
Medium Voh Q 956 920 898 36 58 96.24 % 93.93%
ohannes
i Books and
Testing |0 1025 893 824 132 201 87.12 % 80.39 %
Dataset Newspaper
. , |Book and Qidassie
Very High Yohannes 989 542 565 447 547 54.80 % 57.13 %
3808 2642 2542 1166 1267 69.38 % 66.75 %

Table 4.10: Accuracy of the Proposed word Segmentation Method in four Noise Levels
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The result in table 4.10 shows the accuracy of both Michael’s [43] and Gedion’s [26] word
segmentation methods resulted in poor performance for document images with very high level of
noise. Such result was obtained because most documents include ink-bleeding as well as the

writing style of those documents uses two-dots to separate words.

Table 4.11 shows expirmental results obtained from the expirmented character segmentation
methods on a sample taken from document images at each noise-level to measure the

performance of character segmentation.

Experimental Result of Character Segmentation

Document Correctly Segmented Erroneously Segmented Accuracy (%)
Expected s P =
Noise Level p e e Modified . @ Modified - @ Modified
CcC CcC cC
Low 1695 1413 1152 1485 282 543 210 83.36% | 67.96% | 87.61%
Medium 1107 901 588 911 206 519 196 81.39% | 53.12% | 82.29%
High and 2036 1106 938 1031 930 1098 1005 5432% | 46.07% | 50.64 %
Very High
Sum 4838 3857 2678 3427 1418 2160 1411 79.72 % 55.35% 70.84 %

Table 4.11: Accuracy of the character Segmentation Methods in noisy real life document images

The results indicate that the proposed character segmentation performs better in low and medium
level noisy document images and it detects most of the connected characters and split them.
However, for the high and very high level document images, errenous segmentations happens

mostly due to the degradations of the character.

The developed segmentation method results in character heights same as that of the word image.
Therefore, it might introduce an extra white space in all directions of the character during the
segmentation process. Therefore, there is a need to eliminate those spaces to minimize their
effect on recognition. Figure 4.36 shows an example of extra unnecessary white spaces

producing additional height and width to the character image.
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Figure 4.36 —Elimination of Extra width and height

From the above sample character image, the total segmented height H and width W might
involves unnecessary vertical or horizontal white spaces indicated by h1, h2, wl and w2. They
must be removed up to the exact size of the character image (height and width) becomes h and w

respectively. This study applies vertical projection to eliminate those white spaces.

As compared to previous studies, low performance is obtained in character segmentation because
of the document types used in this study are very noisy real life documents with different types
of noises. The researcher tested the proposed segmentation technique on ‘Addis zemen’ that was
used in previous study and 98.67% of characters are segmented accurately and 1.33% are

errenous segmentation that are caused by the horizontal disconnection of characters.
4.4 Integrating the proposed system with Amharic OCR System

The proposed skew correction, authomatic page segmentation, noise removal, binaraization and
text segmentation methods; are developed using MATLAB R2013 Image Processing Toolbox
and Microsoft Visual Studio Professional 2013. The C# programming language is used to
develop user interface and some of its image processing libraries are used. The proposed system
is integrated with the previously developed recognition system by Michael [43] which includes
normalization, feature extraction, and classification stages of OCR system.

In order to see the impact of the proposed segmentation methods on recognition performance,

their recogniton accuracy rate is computed for the sample document images from ‘Addis Zemen

Newspaper’ and ‘Megazine’. The selected sample test documents images containg different
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elements with varying layout such as non-text elements i.e. graphics, table lines, and also have

layout of single and two column blocks.

First, the document images are preprocessed by the selected skew correction, page segmentation,
noise removal and binarization methods. Next, they are segmented using the proposed text line,
and word segmentattion methods. Then, characters are segmented using both the developed CC
based and vertical projection profile methods to see the recognition performance variation due to
the proposed character segmentation methods. Then, each character is normalized by the
function adopted from Michael’s [43] study. The characters are normalized by 50x50 because of
the heuristic to capture all essential information.

Michael [43] produced three models using Nyala, Visual Geez Unicode and combined model.
From the developed models, the combined model performs better by scoring 98.94 % accuracy.
Due to time limitation, no new model is produced for evaluating the recognition performance.
Instead, the combined model used in his study is adopted to evaluate the impact of proposed

method on recognition.

For the purpose of feature extraction and testing purpose, modified zoning method and linear
multi-class SVM are also adopted from Michael [43]. The algorithm is developed using C#
programming which makes it easily compatible for integration with with the proposed system.
Table 4.12 presents the effect of the proposed segmentation methods on the performance of

recognition result.

Testing Document Document Image Non-text No. of Rec_ognition Rate !Error Rate

Layout | Elemnts | characters | o | St | ey | s
Addis Zemen Newspaper Single Columned None 900 93.66% | 95.89 % 6.34 % 4.11%
Sport Newspaper Single Columned None 385 82.34% | 85.97% 17.66 % 14.03 %
Magazine Single Columned None 228 41.67% | 61.87% 58.33 % 38.13%

Addis Zemen Newspaper Two-columned Graphics 1432 59.92% | 75.63% 40.08 % 24.37 %
Addis Zemen Newspaper | Single Columned | Table Lines 287 17.77% | 76.31% 82.23 % 23.69 %
Average 3232 59.07% | 79.13% | 40.93% 20.87 %

Table 4.12: Summary of Recognition Results for the Sample Testing Document Images
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As presented in the table 4.12, the integration of the proposed segmentation methods improves
the recongition performance for the selected sample document images. The performance increase
is due to the proposed character segmentation method that dealt with some of the weakness of
vertical projection profile as presented in the previous section. The selected document contains
pictures, tables, column blocks, overlapping and connected characters that cannot be segmented
by the previous method. The following figure 4.37 presented sample result of columnized
document image that contain graphics using both character segmentation methods after the page
segmentation and preprocessing techniques are applied. The shaded characters represent

correctly recognized characters whereas non-shaded characters are mis-classified characters.
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(b) Sample recognition result using the proposed character segmentation method
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(c) Sample recognition result using vertical projection profile character segmentation method
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Figure 4.37 —Sample Recognition Results
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The above result shows, vertical projection profile considers connected and overlapped
characters as a single character that causes character misclassification. Though, the proposed
method first segments the overlapping characters and detect the connected characters as well.
Second the algorithm splits the connected characters based on the location (i.e. x and y) height,
width and area analysis of the components as discussed in section 4.3.3. Some of the examples of
detected connected characters in the above expirment are ‘800°, ‘Gevt’, ‘0Z’, ‘@P°, UV, ‘0L,
‘e, ", '500°, ‘00’, ‘o), (LU, etc.. All of them were sucessfully segmented, normalized and their
feature is fed into the classifier inorder to be recognized.

However, low recognition rate is obtained in some of the cases due to the erroneous
segmentation of characters having a discontinuity in their body and connected characters as well.

Figure 4.38 presents some of the erroneous segmentations that causes mis classifications.

ac i "k

Figure 4.38 —Examples of Erroneously segmented characters

Also, another reason for the mis-classification is the problem of the recognition performance for
similar characters. For example, it recognizes similar characters such as 7, ", and ‘' as ‘1, ‘¥,

and 'm’ respectively.

The recognition result using the proposed method performs better than the previously used
vertical projection profile towards segmenting the overlapping and connected characters from the
document image. However, the major challenge for mis-segmentation of characters is document

degradation and the variation in the size of Amharic character sets.
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CHAPTER FIVE
CONCLUSION AND RECOMMENDATION

A huge amount of real life documents such as books, newspapers, magazines, and reports that
contains vital information regarding various aspects are available inside churches, caves,
governmental and private institutions including information centers, libraries, and museums.
Those documents might contain different components rather than text and they might be written
in a printed, typewritten and hand-written format.

To make these rich information sources accessible, reachable and searchable, there is a need to
convert them into their corresponding computer representation with high accuracy. Therefore,
designing OCR systems is vital and researchers made an attempt to develop recognition system

for different languages.

This research is a continuation of other attempts to develop an OCR system for printed real life
document images with varying noise levels. Here, various image pre-processing algorithms such
as skew detection and correction, noise removal, and binarization methods are adopted to fix the
deficiencies found in real life document images. Also automatic page segmentation methods are
developed to tackle the problem in recognition of real life documents that contains tables, lines,
graphics, logos, column blocks and titles. Additionally, some text segmentation techniques to

segment text lines, words and characters from the text image are experimented.

To deal with the difficulty in text line segmentation from document images with an ink-bleeding
noise, a new method based on smoothing, binarization and projection profile is proposed. Also
for segmenting connected and overlapping characters, another method that is based on connected

component analysis is developed and integrated with Amharic OCR system.
5.1 Summary and Conclusion

The main objective of this research is to design and integrate an effective image preprocessing,
page segmentation (i.e. table, text/graphic, column block and title segmentation) and text

segmentation (i.e. lines, words, characters segmentation) techniques to improve the effectiveness
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and applicability of Amharic OCR for real-life document images with different levels of

degradations.

To achieve this, after the digitization of document images, skew angle of each document image
is checked and corrected. The goal of skew detection is to check and fix the skewness error made
at the time of image acquisition. The Hough transform based method of AForge.Imaging

library is imported and used for the detection and correction of rotation angle.

Following this, automatic page segmentation methods that are based on hough transform,
morphological dilation and cc analysis is developed to be applied on the de-skewed document
image to detect table and other lines, pictures, logos, drawings, graphics and column blocks from
the document image and extract the text area. Based on performance result, an accuracy of
90.47%, 92.31%, 96.67% and 77.59% is obtained to segment tables, text/graphics, columns and
titles respectively. For this purpose, the threshold is calculated automatically using the height,
width and area of each component in the document image.

Text/graphics and column block segmentation provides an advantage of excluding noises found
in the border of the document and only text area is processed. Then, the extracted text area is
preprocessed by noise removal and thresholding techniques to clean the deficiencies found in the
document image. A combination of three noise filtering algorithms along with two binarization
methods is tested to see their performances. From the candidate methods, wieners filtering with
3x3 window size and sauvola thresholding with 20x20 is found to perform best for document

images with varying backgrounds.

Following this, two text lines segmentation methods are experimented to extract text lines from
document images. From the candidate methods, an integration of morphological dilation with
horizontal projection profile performs better to segment text lines from both training and testing
datasets. The algorithm successfully segments 99.09% of the training sets and 100% of both low
and medium level noise images, 79.73% and 75.44% of both high and very high level noise
testing images respectively. For high and very high noise levels, low performance is registered
due to the presence of ink-bleeding noises on those images and a new method based on image
smoothing by wiener filtering and sauvola thresholding with projection profile is introduced and
an improved accuracy of 99.18% is obtained.
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After segmenting out lines, two word segmentation techniques are tested. Vertical projection
profile method is selected as best performer by segmenting 99.23%, 96.24%, 87.12% and
54.80% for low, medium, high and very high level noise document images respectively.

To segment characters from the given word image, two algorithms are experimented. A new
method based on cc labeling is developed to solve some of the weaknesses of each method. It
gives an encouraging result on the detection and splitting of connected characters, segmentation
of overlapping characters, and characters with appendages. It successfully segments 87.61% and
82.29% of characters from low and medium noise level images respectively and 50.64% of high
and very high noise level images. Finally, the extracted characters are normalized by 50x50 using

bi-cubic interpolation method and fed into the modified zoning feature extraction technique.

By integrating the proposed techniques with the previous Amharic OCR system, recognition
performance for the selected sample test documents from ‘Addis Zemen Newspaper’ and
‘Magazine’ is measured. The documents include both single and two column blocks which either
contains non text elements such as graphics and table lines or not. First, all the document images
are processed using the proposed methods and recognition is measured using the two character
segmentation methods and an increase in an average of 20.06% recognition rate is obtained in
noisy document images. All the expirments are made by using the previously developed
combined model by Michael [43].

The single columned testing pages from ‘Addis Zemen Newspaper’, ‘Sports Newspaper, and
‘Magazine’; that does not contain non-text parts are preprocessed and segmented by both the
previously used and the proposed system. 93.66%, 82.34% and 41.67% recognition rates are
registered using vertical projection profile whereas the proposed method registered 95.89%,
85.97% and 61.87% recognition rates respectively. For the two-columned testing pages from
‘Addis Zemen Newspaper’ that contains graphics, 59.92% and 75.63% recognition rates are
achieved for the previous and new method respectively. For the single columned document that
contain table lines, 17.77% and 76.31% recognition rates are achieved for the previous and new

method respectively.

In this study, it is observed that the developed CC labeling based character segmentation method
is good enough to segment overlapping characters and characters having upper lines and

appendages. The algorithm performs better to detect connected characters and split them based
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on their width, and the developed rules to protect erroneous detection and splitting of characters

based on word image and component size also performs better.

However, the variation in sizes of Amharic characters and the discontinuity of the characters
caused by degradation are some of the identified causes for an erroneous detection and
segmentation of connected characters in real life document images as well as the major reason
for the erroneous recognition. Another major reason of mis-classification of characters is the

performance of recognition algorithms to identify structurally similar and degraded characters.

5.2 Recommendation

The current research work made an attempt to improve the recognition rate of the Amharic OCR
system for real life documents by adopting and developing different image preprocessing and
segmentation techniques. Nevertheless, for further improvement of the performance of Amharic

OCR system, the following recommendations are forwarded.

= The application of OCR system for real life documents is a challenge because of the current
segmentation techniques did not detect different layouts and objects from those documents.
Therefore, exploring adaptive page segmentation techniques is needed.

= The employed table and other lines (i.e. overline and underline) segmentation technique did
not detect short and broken lines, which eventually causes erroneous segmentation and
classification of characters. Therefore, better line detection methods have to be explored to
detect those short lines.

= The text/graphics segmentation method applied in this study detects some large titles as a
graphics. Thus, tackling this problem is one of the future research directions.

= The column block segmentation technique explored in this study is dependent on the white
space found between column blocks, which failed to segment overlapping columns. Thus,
there is a need to explore more flexible column block detection.

= The employed technique for title detection is based on the location and size of the title. It
failed to segment titles with smaller fonts and misses some titles from the middle of the
page. Future researches can also improve the limitations in title detection by exploring a

technique that can tackle such problems.
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The image denoising and thresholding technique adopted in this study erodes some pixels
from the character images, which ultimately create erroneous character segmentation and
recognition. Therefore, a learning image restoration technique that can restore only
characters body needs to be explored.

The image denoising and thresholding techniques explored to be used in the detection of
text line from ink-bleedings cannot exclude ink-bleedings that are on the same line with the
front text line, which makes word and character segmentation very difficult. Thus, there is a
need to develop a robust image denoising technique that can separate the bleeded ink from
the text line.

The adopted text segmentation for an ink-bleeded image misses some of the character body
and appendages as well. Therefore, there is a need to enhance the text line segmentation
method for document images with ink-bleeding images.

Since there is a possibility that noises might fill the gap which exists between words and
characters, segmentation of words and characters is a challenge. Thus, there is a need to
explore a method that can extract words and characters from noisy document images.

The developed character segmentation technique did not segment characters with horizontal
discontinuity. Thus, a learning character segmentation technique needs to be explored.

Some long characters are detected as connected character that causes mis-classification of
the character. Thus, there is a need to enhance the detection technique.

This study uses the splitting of characters into equal (i.e. 5, 4, 3 or 2) parts and it works well
for two connected characters having similar size. But there is a need to develop flexible
splitting method that is robust for the varying width of Amharic characters.

The recognition result shows mis-classification of similar characters. Thus, advanced feature
extraction and recognition techniques must be explored.

Most of the historic documents contain ink-bleeding noises and previous studies have not
experimented on those types of document images. Thus, a benchmark test set that contain
ink-bleeded images for Amharic document images needs to be constructed and studies have
to be made on them.
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Appendices

Annex I: The Amharic Writing System (Fidel)
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Annex II: Sample Test sets

Test Set I: Sample Document Image Containing Table
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Test Set 11: Sample Document Image Containing Graphics

=  Test Set From Newspaper

65 M HC Ph& fo N

arer e S

NPATO T QeeAm- SAF™ P LTF
N2 NS F S8 O 0T VoLt
RPN TEYLOC AT QY AFPYY (NS
A WY GG @G bhtde:
MNITAT RTIC O ST00C (WS M)
AIEFT hLeL PUAC O a2 0CF
VEULeC A # P T Hhvet
LULAMD: PAS A BT @280 NChA
ACF? Vo ASNTE HC AR 20OA::
OOENAT @ HC PAS A T -2 C
A P FPF OrAre VIR Tt F
ENERN:

PoeBovlom-  ATF AL
MAIAT 094 AYE cPP 9:45 AL
TAT AW HDRARE NSO At
FAFTLENLTY A7 73405 (e
L DTLEATAET S0CAh THIC BR OG0

ML (Ut AT NV N
048 Y70 MPET 220 AL £AT O
F LI AT (i QTSI YALT
A41 YO0 QA2 TR 22X AL
FHTOAL: TAT AR CRAR IR
oo At 073 Yo Tat? 063
TR0 RS TTRAIN 62 Y0 hATES
RO AT PADTY LaPos YTV
FHLTY LN AW 2° P10
AT N66 YT RON ho ) (165
WP AP0 RO OO LT
(rhemnae, 65 70 DATES Aah ot
FOP) 2LK (e g1 QLT Gomt
BETOTULRC A ATTRT PULELIOT
Sy hPIEK. L5 2 DB DART
ANBOE HE @ CRUNT NESELE:

- £ . T

LAY i NCASE A AT 2CIL e 1D
QP TINE AT o0 RO
P ID PPN T 2:30 AL
ADYSELA NER&@ TLA Ch AL
RPNCTLF AN Lr0atn - LU
SAP A Uik haF AaLo- “Thad 0HA
ICh N28%F®- AF™H PRI VETINC
AT FoCh FC IFHSF A" AR AT o
ADAEE LG PULCTOT s LU
AHITRAFT PELT" NI To-Y 70

UAPNTE DT RO OO0 B TSR
ADOOPSYE Tobuinde (A avny’ 900
Q=T P ALYE TS £97 PosRonsy
PO PR NTTHPO:
BrE R BT

A28 PN A

ST e RS Youiion,
S D TRAT ey
EOCTUT AAKTSF (6

PPEM00 AU1Y TIIITOY) Avvi
L S Tl ST MK

L ST L TR T o i a1 e
1:00 AL PoeCANLS ATCEN 074D~
NIOE C8 (R0 TR ILEY
MANNET  CHONY  PhrtaaIRac:
AFCFEATF (WY LLPC A+ NLLATD-
AP L G0 P PF (TAYE OO
V125 oW g AP SR
SN TFOr WS LUYY T (LA

Qe AN (IZCAIE TOD- AU AFPOICT? AQLD- (1751 H_'_._w,“, .'”_‘_"‘_‘_""”""T'“" 0&%s \‘"}A’M?- ooy T POTYE A
= Test Set From Book
Pasn AN ey Ririget: rma sy R RemrS vy (1 PARE AU ARG
CEET AP Nerd pidel PASIN- ROAY PerTR by fleers T N
el QAL Aerd AT ST ART RSN R berey arfe gh- PO 93
AT ONBRWRG ) A RRESETR s AT Akl Pus POl A-TD

I R P8 5 I O
. chara T

RS ST EILN ST e i)
LR NI R ol e A
RS T A T O I P R ] |

PRI onbn-
b S A 4AN
Ay e oy k). fuDe

ETF e el ek MR A n?
P o T [T LF A i s TURNA U LI 5
LR 1 e B LT R B Hoalatibdmfs AFS AL e

AENSD I h TR R BT
-y e

g AR DL e m
B Fas %

P !ir.:i‘...%;ﬁ =

AR 4 20 PRET Bb o enll f LT

139



B —

02T ke

Test Set 111: Sample Document Image Containing Multiple Column Blocks and Titles
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Test Set 1V: Sample Document Images from Qidassie Mariam (Low Level Noise)
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Test Set V: Sample Document Image from Book and Qidassie Yohannes (Medium Level Nose)




Test Set VI: Sample Document Image from Books (High Level Noise)




Test Set VII: Sample Document Image from books (Very High Level Noise)




Annex III: MATLAB® Functions

MEAN /AVERAGE FILTERING ALGORITHM

function image=averagefilter (img, varargin)
$Adopted from source www.mathworks.com

image = rgb2gray(img);
numvarargs = length(varargin); % Parameter checking.
if numvarargs > 2
error ('myfuns:somefun2Alt:TooManyInputs', needs 2 optional inputs');

end

optargs = {[3 3] 0}; % set defaults for optional inputs
optargs (l:numvarargs) = varargin;

[window, padding] = optargs{:}; % use memorable variable names

m = window (1) ;

n = window (2) ;

if ~mod(m,2) m = m-1; end % check for even window sizes

if ~mod(n,2) n = n-1; end

if (ndims (image)~=2) % check for color pictures

display('The input image must be a two dimensional array.')
display('Consider using rgb2gray or similar function.')

return
end
[rows columns] = size (image) % size of the image
imageP = padarray(image, [ (m+1l)/2 (n+l)/2], padding, 'pre');%Pad the image.

imagePP = padarray (imageP, [(m-1)/2 (n-1)/2], padding, 'post');
imageD = double (imagePP) ;

t = cumsum (cumsum (imageD),2) ;
imagel = t(l+m:rows+m, l+n:columns+n) + t(l:rows, l:columns)...
- t(l+m:rows+m, l:columns) - t(l:rows, l+n:columns+n);
% Now each pixel contains sum of the window but we need the average.
imagel = imagel/ (m*n);
% Return matrix in the original type class.
image = cast(imagel, class (image));

end

MEDIAN IMAGE FILTERING ALGORITHM

$Author: Berhanu Sahle (breshl9@gmail.com), 2015
function [filteredImage] = medianFilter (image, row,column)

o)

image = rgb2gray(image); % change image to gray-level
filteredImage = medfilt2 (image, [row column]) ;
end

WIENER IMAGE FILTERING ALGORITHM

$Author: Berhanu Sahle (breshl9@gmail.com), 2015
function [filteredImage] = wienerFilter (img, row,column)

)

image = rgb2gray(image); % change image to gray-level
filteredImage = wiener?2(image, [row column]) ;
end

IMAGE QUALITY MEASURE ALGORITHM

$Author: Michael Abebaw (abebaw.michaell@gmail.com), 2014
function [psnr,mse] = igm(originallmage, filteredImage)

[psnr,mse] = measerr (originalImage, filteredImage):;
end
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SAUVOLA THRESHOLDING ALGORITHM

$Author: Michael Abebaw (abebaw.michael@gmail.com), 2014
function output=sauvola (image, varargin)

image = rgb2gray(image); % change image to graylevel
% Initialization
numvarargs = length(varargin);

if numvarargs > 3
error ('myfuns:somefun?2Alt:TooManyInputs',

'Possible parameters are: (image, [m n], threshold, padding)');

end
optargs = {[3 3] 0.34 'replicate'}; % set defaults
optargs (l:numvarargs) = varargin; % use memorable variable names
[window, k, padding] = optargs{:};
if ndims (image) ~= 2

error ('The input image must be a two-dimensional array.'); 121
end
image = double (image) ; % Convert to double
mean = averagefilter (image, window, padding); % Mean value
meanSquare = averagefilter (image.”2, window, padding); % Standard deviation
deviation = (meanSquare - mean.”2).70.5;
R = max(deviation(:));% Sauvola
threshold = mean.* (1 + k * (deviation / R-1));
output = (image > threshold);

end

OTSU THRESHOLDING ALGORITHM
$Author: Berhanu Sahle (breshl9@gmail.com), 2015

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

end

REMOVE FEWER PIXELS

$Author: Berhanu Sahle (breshl9@gmail.com), 2015
function [cleanedImage] = removeFewerPixels (image,pixels)
i = imcomplement (I);
i = bwareaopen (i,pixels);
cleanedImage = imcomplement (i) ;
end

TABLE AND OTHER LINES SEGMENTATION ALGORITHM

$Author: Berhanu Sahle (breshl9@gmail.com), 2015

function [ image ] = tablelines(image, cutoff, line thresh)
image = rgb2gray(image) ;
bw = im2bw (image) ;
BW = imcomplement (bw) ;

[H,T,R] = hough (BW) ;
xlabel ('\theta'), ylabel('\rho'");
P = houghpeaks (H,100, '"threshold',ceil (0.3*max (H(:))));

x = T(P(:,2)); v = R(P(:,1));

plot(x,vy,'s',"'color', '"white'");

lines = houghlines (BW,T,R,P,'FillGap',1, '"MinLength',cutoff); % Find lines
set (bw, 'visible', 'off');

figure, imagesc (bw), colormap (gray), hold on;

[r,c,d] = size(image);
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max_ len = 0;
for k = l:length(lines)

end

xy = [lines (k) .pointl; lines (k) .point2];
plot(xy(1l,1),xy(1l,2),'x', 'LineWidth',3, 'Color"', "blue'); %Plotting Begining
plot(xy(2,1),xy(2,2),'x"', 'LineWidth',3, 'Color"', '"green'); %Plotting end
% Determine the endpoints of the longest line segment
len = norm(lines (k) .pointl - lines (k) .point2);
if ( len > cutoff)

max len = len;

xy long = xy;
plot(xy long(:,1),xy long(:,2), 'LineWidth',line thresh, 'Color', 'white');
ff = getframe(gct);

bw = frame2im(ff);
end
end
hold off
image = im2bw (bw,0) ;

TEXT/GRAPHIC SEGMENTATION ALGORITHM
$Author: Berhanu Sahle (breshl9@gmail.com), 2015

function [output] = segmentImage (original image)
image = rgb2gray(original image);
bw = im2bw (image) ;
se=10000;1111;00001;
d = imdilate (~bw, se);
I3 = imcomplement (~d);

end

figure, imshow(original image),title('Final Image After Segmentation');
[Ilabel, num] = bwlabel (I3);
Iprops = regionprops (Ilabel);
Ibox = [Iprops.BoundingBox];

Ibox = reshape (Ibox, [4 num]);
hold on;

size info = [0 0 0; O O O];
cc = 1;

sumHeight = 0;
sumWidth = 0;

sumArea = 0;
for cnt = 1l:num
x = Ibox(:,cnt);

end
for

end

component width = x(3,:,1);

component height = x(4,:,1);
size info (cc,1l) = component width;
size info (cc,2) = component height;

(
size info (cc,3) x(3,:,1) * x(4,:,1);
sumHeight = sumHeight + size info (cnt,1);
sumWidth = sumWidth + size info (cnt,2);
sumArea = sumArea + size_ info (cnt,3);

cnt = l:num

if (size_info(cnt,3) > 5000)
rectangle('position', Ibox(:,cnt), "edgecolor','r");
cc cc + 1;

end
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COLUMN AND TITLE SEGMENTATION ALGORITHM
$Author: Berhanu Sahle (breshl9@gmail.com), 2015

function [output] = segmentColumn (original image)
image = rgb2gray(original image);
bw = sauvola(image, [30 301);
se = [0110;,0110;0110;0110;2111;0110;0110;0110;
0110;,0110;0110;0110;,0110;0110

d = imdilate (~bw, se);

d = bwdist (~d) >= 1;
figure, imshow(original image);
[ITlabel, num] = bwlabel (d);
Iprops = regionprops (Ilabel);
Ibox = [Iprops.BoundingBox];
Ibox = reshape (Ibox, [4 num]);
size info = [0 0 0; 0 O O], position info = [0 O O O];
sumArea = 0;
for cnt = 1l:num
x = Ibox(:,cnt);

component width = x(3,:,1);
component height = x(4,:,1);

component area = component width * component height;
size info (cnt,1) = component width;
size info (cnt,2) = component height;
size info (cnt,3) = component area;
sumArea = sumArea + component area;

end

count = 1;

cc = 1;

c = 1;

maxArea = max(size_info);

for cnt = 1:num
x = Ibox(:,cnt);

if size info (cnt,2) > maxArea(l,2)/4 && size info...
(cnt,1l) > maxArea(l,1)/4

position info(c,1) = x(1,:,1);
position info(c,2) x(2,:,1);
position info(c,3) = x(3,:,1);
position info(c,4) = x(4,:,1);
c=c+ 1;
end

end

len = length(position info);

minY = min(position info(:,2));

for cnt = 1:num

if size info (cnt,2) > maxArea(l,2)/4 && size info...
(cnt,1) > maxArea(l,1)/4
rectangle ('position',Ibox (:,cnt), "edgecolor','r'");
else
if (size info (cnt,3) < maxArea(l,3)/2 &&...
size info (cnt,3) > 1000)
if x(2,:,1) < minY

rectangle ('position',Ibox (:,cnt), "edgecolor', 'b');

end
end
end
output

original image;
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MORPHOLOGICAL DILATION BASED LINE SEGMENTATION ALGORITHM
$Author: Berhanu Sahle (breshl9@gmail.com), 2015

function [ segmentedLine ] = lineSegmentation (Image,savelLocation,startFileName)

image = Image;

se = [000000O00O0O0D0O0DODO0OODOOO0OOOOOOOOOOQOOO;
0000OO00OODOODOOOOOOOOOOOOOOOOOGOGO OO,
0O0000O00OO0OO0OOO0OODO1I111100O00DO00O0DO0DO0ODO0OTG 0ODO0;
1111111111111 1111111111111111;
1111111111111 1111111111111111;
1111111111111 1111111111111111;
0O0000OO00OO0OO0OODO0OODO1I111100O00O00O0DO0DO0OO0OTG 0ODO0;
0000OO00OODOODOOOOOOOOOOOOOOOOOGOGO ODO;
0000OO00ODO0DODODODODOODODOODOODODOOOOOOOOGOTO71:

bw = image;

d = imdilate (~bw, se);

I3 = d;

figure, imshow (image) ;

[ITlabel, num] = bwlabel (I3);

Iprops = regionprops (Ilabel);

Ibox = [Iprops.BoundingBox];

Ibox = reshape(Ibox, [4 num]);

hold on;

heightT = 0;

for cnt = 1:num

heightT = heightT + Ibox(4,cnt);

end

heightT = heightT/ (num+4) ;

for cnt = 1:num

if (Ibox(4,cnt) > heightT)
rectangle ('position', Ibox (:,cnt), "edgecolor','r'");
end
end
end

MORPHOLOGICAL DILATION BASED WORD SEGMENTATION ALGORITHM

$Author: Berhanu Sahle (breshl9@gmail.com), 2015
function [segmentedWord] = segmentWord(Image, savelLocation, startFileName)
dialationThresh = 5;
bw = im2bw (image) ;
dialatedIm = bwdist (~bw) >= dialationThresh;
%z = removeFewerPixels (dialatedIm, 2000);
I3 imcomplement (dialatedIm ) ;
f = figure, imshow (Image);
set(f, 'visible', 'off');
[ITlabel, num] = bwlabel (I3);
Iprops = regionprops (Ilabel);
Ibox = [Iprops.BoundingBox];
Ibox = reshape (Ibox, [4 num]);
hold on;
for cnt = 1:num
rectangle('position', Ibox (:,cnt), "edgecolor','r'");
end
end
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MORPHOLOGICAL DILATION (VERTICAL ) ALGORITHM

%$Author: Berhanu Sahle (breshl9@gmail.com), 2015

function [dilatedImage] = dialate (image)

se = [00100; 0010

d = imdilate (~image, se);

dilatedImage = bwdist (d)
end

0; 00100; 0010O0];

>= 1;

FILTERING INK-BLEEDINNG FOR LINE SEGMENTATION ALGORITHM

%$Author: Berhanu Sahle (breshl9@gmail.com), 2015

function [ output ] = inkBleedingFilter (image)
grayImage = rgb2gray(image) ;
wein = wienerFilter (grayImage, 10, 10);
sau = sauvola (wein, [25 25]);

d = bwdist (~sau) >= 1;
output = d;
end

A Sample of CC BASED CHARACTER SEGMENTATION ALGORITHM
$Author: Berhanu Sahle (breshl9@gmail.com), 2015

function newCharSeg(Image, savelo
size info = [];
f = figure, imshow (image);
set (f, 'visible', 'off');
[cc, num] = bwlabel (~image) ;
Iprops = regionprops(cc);
Ibox = [Iprops.BoundingBox];
Ibox = reshape (Ibox, [4 num])
for cnt = l:num
x = Ibox(:,cnt);
size info(cnt, 1)
size info(cnt,2)
size info(cnt, 3)
size info(cnt,4)
size info(cnt,5) =
size info(cnt, 6)
( )
( )
( )
(
(

Il
X
o

size info(cnt,7
size info(cnt,8
size info(cnt, 9
size info(cnt,10) =
size info(cnt,11) =

Il
—~ X X X X X

end

len = length(size info(:,1));

hei = height/2;

maxH = max(size info(:
minH = min(size_ info(:
maxW = max(size info(:
minW = min(size_ info(:
cc = 1;

for cnt = 1l:len

if cnt == len && i == 4
filename=strcat (save
startFileName, ' char

else
filename=strcat (save
startFileName, ' char

end

if hei >=size info(cnt,4
if size info(cnt, 6)

cation, startFileName)

’

’

Location, "\,
',num2str(cc),'s .bmp');

Location, "\'',
',num2str(cc),' .bmp');

) && hei <= size info(cnt,5)
> size info(cnt,7)
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if (((size_info(cnt, 6) -minW) /10 >= 0.5))
if size info(cnt,6)/size info(cnt,7) >= 2.5
if size _info(cnt,6)/size info(cnt,7) > 2.6
if size info(cnt,6)/size info(cnt,7) >= 3
if size_info(cnt,6)/size_info(cnt,7) >= 4
$Crop the image into five parts
else
%$Crop the image into four parts
end
else
%Crop the image into three parts
end
else
$Crop the image into two parts
end
else
if (maxH - size info(cnt,7) <= 3)
if (size info(cnt,10) >= 1.18 &&
size info(cnt,11) >= 0.45)
subImage = imcrop (image, [Ibox(l,cnt)
Ibox (2,cnt)/ (hei*2) Ibox(3,cnt)/2
(size info(cnt,7)+ (hei*2))]);
subImage?2 = imcrop (image, [Ibox(l,cnt)+
Ibox (3,cnt) /2 Ibox(2,cnt)/ (hei*2)
Ibox (3,cnt) /2 (size info(cnt,7)+ (hei*2))]);
[cc2, num2] = bwlabel (~subImage) ;
Iprops2 = regionprops(cc?2);
Ibox2 = [Iprops2.BoundingBox];
Ibox2 = reshape (Ibox2, [4 num2]);
[cc3, num3] = bwlabel (~subImage2);
Iprops3 = regionprops (cc3);
Ibox3 = [Iprops3.BoundingBox];
Ibox3 = reshape (Ibox3, [4 num3]);
y = Ibox2(:,1);
z = Ibox3(:,1);
if (((y(3,:,1) * y(4,:,1)) >= ((size info(cnt,8)
/4) + 20)) && ((z(3,:,1) * z(4,:,1)) >=
((size_info(cnt,8)/4)) + 20))
%Crop the image into two parts
end
end
end
end
end
end
end
end
end
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Annex V: Sample Experimental Visual C# User Interface

= Parent and Child Forms

= Uploading Document Image
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