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Abstract

There are more than half million visually impaired people in Ethiopia consisting of students,
teachers, artists, lawyers, and also employees who have significant contribution in politics,
religious, economics and social affairs of the society. For these people Braille is the means for
codifying their knowledge. However, most of their work still remained in their Braille and of
course accessed only by those who read and/or write Braille. Since 1924, there are a significant
number of old Braille documents produced and used by visually impaired society throughout the
country. From this, very insignificant number of Braille has actually reached to the vision society
creating communication gap between the vision and visually impaired people. In addition to
these, at present, blind students attend regular schools together with their sighted peers in the
elementary, secondary and tertiary levels. However, it is difficult, among others, to take quizzes
and examinations without the help of others (vision students) in reading and writing, and also in
submitting assignments for their teachers. In general, there is no means of written

communication between blind and sighted people.

In this study an attempt is made to explore the possibility of developing an OBR (optical Braille
recognition) system for real life single sided Amharic Braille documents. The system is
implemented using artificial neural network for 238 Amharic characters, 10 Arabic numerals and
19 punctuation marks. Gaussian filtering with adaptive histogram equalization and
morphological operations are used so as to detect and remove the noises in the real life Amharic
Braille documents. The noise detection and removal, and thresholding algorithms are integrated
with the previous algorithm implemented for recognition of clean Amharic Braille documents.
The present system achieves an accuracy of 95.5%, 95.5%, 90.5%, and 65% for clean, small
level noisy, medium level noisy and high level noisy Braille documents respectively. This
research approach to control noise in the real life Braille document to a great extent, however,

there is some addition and deletion of dots.



Chapter One

Introduction

1.1 Background

According to Teshome [51] citing International Eye Foundation (IEF).there are 500,000,000
(five hundred million) disabilities in the world, out of which more than 45,000,000 (forty five
million) are blind people in the world. The vast majority of which are live in Africa. In Ethiopia,
there are over 500,000 (five hundred thousand) blind people [5][51]. Therefore, the government
and the society are responsible to improve the life of them. Visually impaired people are parts of
the society and plays significant role to the society[2]. So, in order to play their role they may
communicate to the world by means of speaking, touching and/or hearing. The most famous and

widely used means of written communication is Braille systems[11].

1.1.1 Braille writing system

Braille is the only scripts that blind people use to communicate with each other[11]. The Braille
format used by sight impaired people today was invented by a visually impaired Frenchman,
Louis Braille, in 1824 and published in 1829 [11]. After the invention, visually impaired people
changed the way people approach education. Before the invention of Braille, they didn’t have
many opportunities for education or employment. The few existing schools for the blind were
more like residential institutions, teaching basic trade skills while ignoring reading, writing and
other academic studies. Braille changes all that by giving blind people an efficient method for
communication and learning. It is a system of tactile reading and writing for visually impaired
people. Each Latin character or cell is made up of 6 dot positions (2 columns by 3 rows), 63
possible characters and a space (none dots) are available by using any one or a combination of
dots [18] [42].The position of the dots affects the meaning of the cell. These dots are numbered
one, two and three on the left side of the cell, and four, five and six on the right side, as shown in

figure 1.1. A typical Braille page is 280 x 292 mm with 40 characters long and 25 lines [2]. The



horizontal and vertical distance between dots in a character, the distance between cells
representing a word and the distance between two lines are specified by the Library of Congress
[2]. A Braille dot is raised by approximately 0.02 inches (0.5 mm); the horizontal and vertical
distance between the dots is approximately 0.1 inches (2.5 mm). The blank space between dots
on adjacent cells is approximately 0.15 inches (3.75 mm) horizontally and 0.2 inches (5.0 mm)

vertically.

1 4
2 S5
3 6

Figure 1.1 Dot positions in a Braille cell

Braille pages are also thicker and heavier than ordinary paper, and they have to be bound in a
loosen format so that pages can lie flat and people can reach the cells near the book’s binding.
This leads to relatively bulky books. The Braille has been adopted to Amharic, English, Arabic,
and other different languages in the world, and also used for mathematical and musical notation

[2] [38].

Braille characters can represent virtually any language, regardless of how that language is
written. In Chinese Braille, the characters represent the sounds that make up the spoken
language. Amharic Braille uses cells to represent the letters of the Amharic alphabet and

contractions specific to that language [11] [51].

In Ethiopia the first school for the blind was established in 1924 in Dembidolo by Ruthle in
collaboration with voluntary and nongovernmental organizations [15][51]. They start to teach
handcrafts and Amharic writing system from “h” to “p” which was created on wooden board

with nail. However, its growth was disrupted by the ltalian invasion in 1935. Later, beginning



the 1950’s other special schools were opened in different parts of the country (such as Bakko,
Sebeta, Soddo, Ghimbi, Shashemene, Wolayita, and Dire Dawa) with the cooperation of the
Ethiopia government, by different charity organizations. Currently, there are totally six blind
boarding schools in the country Bakko, Sebeta, Gonder, Shashemene, Wolayita, and Mekele (the

recent one).

Thus, since 1924 there have been massive Braille documents produced and used by visually
impaired society throughout the country. However, very insignificant number of these Braille has
actually reached to the vision society creating communication gap and generation gap between
the vision and visually impaired people. The condition even would be very serious as the trend of
the world is towards information society where information is a vital resource [51]. In addition to
these, at present, blind students attend regular schools together with their sighted peers in the
elementary, secondary and tertiary levels. However, it is difficult, among others, to take quizzes
and examinations without the help of vision students in reading and writing, and also in
submitting assignments for their teacher. In general, there is no means of written communication

between blind and sighted people.

Research in Braille recognition would have significant contribution in facilitating smooth
communication between visually impaired and vision society in every dimension of life. This in

turn facilitates the efforts done towards improving the life of visually impaired society.

1.1.2 Optical Braille Recognition systems

Verbal and written communications are integral components of human society and have been
transformed by the development of the respective communication devices. Through the dramatic
development in information processing devices, the need and access to the digitized printed
information items become possible by means of Optical Character Recognition (OCR) software
[59].



Optical Character Recognition technology is becoming a field of research in pattern recognition,
artificial intelligence and machine vision [51]. OCR system involves reading scanned bitmap
images of machine-printed or handwritten text and translating document images into a form that

the computer can manipulate (for example, into ASCII or Unicode).

There are two types of OCR systems with respect to the way the input is provided to the system
[59]: on-line OCR and off-line OCR. In the online OCR, the recognition task is performed
parallel with the writing process, where as with off-line OCR the recognition process is
performed after the whole text is made available to the OCR engine.

There are many factors affecting an OCR system. Some of them include: the mode of writing
(handwritten or using Braille printer), the types of Braille paper (gray or light yellow; single side
or double side), the presence of artifacts like extraneous markings, and the resolution and
lighting during scanning [14].

OCR technology has shown great promise in providing access to textual information and making
accessible and computable for visually impaired people. Optical Braille Recognition (OBR)
system allows visual people to read volumes of handwritten or using printer Braille documents
with the help of flatbed scanners and OBR software. According to Teshome [51] the Braille
documents can exist in paper or plastic, gray or color formats. As shown in figure 1.2, the
recognition of Braille documents consist of six phases [12]: Scene construction, Image
acquisition, Pre-processing, Segmentation, Feature extraction and Interpretation.

Scene Image Pre-processing
Construction acquisition

Feature Segmentation
extraction

Interpretation

Figure 1.2 Phases of Brille Recognition



Scene construction/initial preparation: This is the first phase of the system. The aim of this
phase is maximizing the use of prior knowledge of the scene, through exploiting existing
knowledge, and reducing the problem of image analysis in any possible way. This can be
achieved by imposition of effective constraints such as illumination. This is because of the fact
that most Braille papers are embossed on both sides of a white paper, and the dots are embossed
with a sphere shape.

Image Acquisition- The second phase involves image acquisition, which is the process of
converting the Braille image into digitized image array by using digital camera or scanner.
Scanners are capable of producing the image in different formats. The most common of these is
the bit map (.BMP) format [12] [59].

Pre-Processing: This phase performs the following operations: image binarization, noise
filtering and edge enhancements. The noise can be generated due to the nature of the paper
(paper or plastic), converting color Braille into gray, lack of good storage, repetitive use of the
Braille or during scanning in the image acquisition process. So, by applying noise detection and
removal techniques there is a need to minimize the noise in the Braille. The objective of edge

enhancement is to sharpen the fine details of the image that has been blurred.

Segmentation: It is a process that seeks to decompose an image of a sequence of Braille dots
into sub-image of isolated symbols (dots). The identification process first separate the
foreground (content) and background from the acquired images. Then, organize a set of pixels
(dots) in the foreground to form each half character, character and words. This operation also

separates the front-faced dots and back-faced dots.

Feature extraction: It is the representation of the Braille dots to extract the Braille dots from the
binarized image and group them to cells. As the shape of a Braille dot is known, the boundary
points of the dots can be obtained by the boundary based Chain Code algorithm. As the
coordinates of the dots are detected, the diameter of the dot can also be deduced. As the dots are
embossed on both sides of a page, the dots on the front-face and on the back-face must be
separated before further processing.



Interpretation: The work of this phase is to group the Braille dots into cells and converts them
into their correspondences languages by determining the centriod between dots and the four
possible neighbors. Each word is then checked against an English dictionary. If the word cannot
be found, then the word with the highest percentage of similarity will be selected and will be

highlighted for later edition.

1.2 Statement of the Problem and Justification

There are more than half million visually impaired people in Ethiopia [5]. These are students,
teachers, artists, lawyers, and also employees who have significant contribution in politics,
religious, economics and social affairs of the society [51]. For these people, Braille is the means
for codifying their knowledge. However, most of their work still remained in their Braille and of

course accessed only by those who know, read and write Braille.

According to Nebyuluel [64], unless there is a smooth information flow from visually impaired
people to vision and vice versa, people do not have the necessary information about visually
impaired once. Hence, the work of many visually impaired people would have remained hidden
[64]. This would create a wide generation gap between the visually impaired and sighted society.

It is true that in the world printed documents are dominant and the information contained in them
is more useful in electronic format. In Ethiopia, there are massive collection of Braille
documents that have been produced and found at different parts of the country; typically at AAU
Kennedy library Braille documentation, Misrach Center, Sebeta visually impaired school,
German Church visually impaired school, Ethiopian Association for Blind society (EABS),
Entoto Blind people school and also in different regions of the country [51]. Digitizing Braille
documents necessitates scanning and applying OCR for translating them into machine readable

format.

The use and application of OCR systems are well demonstrated for printed and Braille
documents of many languages in the world. Recognition systems with high accuracy rate are

commercially available for Latin scripts and some of the Oriental languages. However, for those



languages in Africa with their own scripts, much attention is not given for developing robust

OCRs that successfully recognize diverse printed text images [35].

In case of Ethiopia, though designing Amharic OCR was started in 1997, most of the research
are targeted towards machine printed document recognition. These works include Worku (1997),
Ermias (1998), Dereje (1999), Berhanu (1999), Nigussie (2000), Million (2000), Yaregal
(2002), Mesay (2003), Wondossen (2004), and Teshome (2009) are worth to mention.

As far as the researchers knowledge, the application of optical Braille technology for Amharic
Braille documents in Ethiopia has been conducted in 2009 by Teshome [51]. His work is on the
recognition of Amharic Braille documents. To this end, Teshome[51] used a global threshold for
binarization, mesh-grid technique for segmentation, context based analysis for feature extraction
and feed forward artificial neural network for classification. He tested the developed algorithm
on clean Braille documents and attained 92.5% accuracy.

However, in real life application of Amharic Braille recognizer, it is essential that the system
recognizes a noisy Braille because the Braille exist in different areas are repeatedly used, bend
and scratch [51]. These noises and image impurity affect mainly the results of the binarization
processes. Most of the noises are scattered type but it increases around the edge of the
documents. These all noises and image impurity significantly affect the subsequent recognition
processes. As a result Teshome [51] strongly recommended the need to integrate noise detection
and removal algorithms for the recognition of noisy Braille documents. A preliminary

experiments on real life documents exhibited near zero performance.

The aim of this study is therefore, to explore different noise detection and removal algorithms in
order to enhance the performance of the Amharic Braille recognizer in real life Braille document

images.

1.3 Objective of the study

The general and specific objectives of this research work are described here under.



1.3.1 General objective

The general objective of this study is to explore the possibility of designing Amharic Braille
recognition system that tolerates noises or degradations in real life Amharic Braille document

images and achieves better performance.

1.3.2 Specific Objectives

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

drawn.

e Review previous works related with Optical Braille Recognition for conceptual
understanding of theories and principles.

e Examine and identify attributes and features of Amharic Braille characters.

e Select the best noise detection and removal algorithms for reducing artifacts in Braille
documents.

e Develop a program for the selected noise removal algorithm and integrate to the Amharic
Braille recognizer.

e Generate training and test datasets required for training the classifier (neural network)
and testing its performance.

e Evaluate the performance of the Amharic recognizer and report the findings of the
research.

e Make conclusions and forward recommendations for future research.

1.4 Scope and limitation of the Study

This study is a continuation of previous works in the area. The main purpose is to improve the
performance of the recognizer by adopting an approach that reduces the effect of noise during

recognition. To this end, various noise detection and removal algorithms are investigated and



suitable one is finally integrated to Amharic OBR. This is followed by training the classifier with
training datasets and experiment with real life scanned Braille pages to report the accuracy of the
system.

The study plans to train the OBR system on all characters, numerals and punctuation marks in
the Amharic writing system. However, because of time constraints the current study is limited to
basic Amharic characters and not considered extended Amharic Braille characters, Ethiopic
numerals and some punctuation marks. Besides, the Amharic Braille characters are defined with
one, two and three cells. However, Braille characters with three cells are not included in the
study for the same reason.

1.5 Methodology of the Study

According to Worku [60], Methodology provides an understanding of how a research is
conducted and organized in order to obtain information that is helpful to understand concepts,
theories and principles for developing the design of a research. To achieve the aim of the present

research the following methods are followed.

1.5.1 Literature review

Past researches are important to share their experience for identifying what has been done in the
area, how characters are written on Braille and which approaches fit best for specific problem
domain. Hence, previous works in Braille recognition, in general, and Ambharic Braille
recognition system, in particular, are reviewed from books, journals, proceedings and the Internet
to put light on the way towards developing Amharic Braille recognizer. Besides these, the review
is used to understand the concept of noise detection and removal techniques, mapping techniques
and algorithms so far identified and have been used to address related problem for the

recognition of machine printed and Braille documents.



1.5.2 Development Techniques

Compared to other conventional computer languages, MATLAB has many advantages for
technical problem solving [10]. First: the language is so easy to use. Second, it is ideal for rapid
prototyping of new programs. Third, it is supported on many different computer systems,
providing a large measure of platform independence. Fourth, it comes with an extensive library
of packaged solutions to many basic technical tasks. Lastly, it has many integral plotting and
imaging commands. Because of all the above reasons, the preprocessing tasks are performed in
this study using MATLAB.

The previous Amharic Braille recognition development has been done using Microsoft Visual
C++ programming language, which lower the burden of coding for the researcher. Moreover,
Microsoft Visual C++.Net programming language provides the facility of using classes, which
enables the project to use objects, which again closely model the real world objects in attributes
and behaviors. Thus, the programming language, which is used to integrate the preprocessed
image to segment and extract the features of Braille image, is Microsoft Visual C++.Net.

Acrtificial Neural Network is used for the purpose of classification, which is categorized as one of
the robust approaches to deal with uncertainty and noisy input data [51]. For the classification
purpose, MATLAB Neural Network toolbox is used mainly due to its availability and ease of
constructing and training the network. In addition, MATLAB is powerful in dealing with
matrices which is the way characters are represented for recognition purpose.

1.5.3 Testing Techniques

The sample real life Braille documents are first scanned using a flat-bed scanner and
preprocessed. Then, the preprocessed Braille is submitted to the recognition algorithms and it
generates the extracted features of the Braille document. Based on these extracted features, the
performance of the trained neural network with Amharic characters, Arabic numerals and some

of the Amharic punctuation marks is tested with a total of 800 Braille characters (200 for each
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level of noise, i.e. clean, small noise, medium noise and high noise level). Based on the test

results, the accuracy is measured by comparing the expected results with the system output.

1.6 Application of results

The outcome of this study have significant contribution to bridge the gap between the sighted
and visually impaired societies specially, teachers and students in schools and universities, for
those who work with blind people and do not read Braille, computerized Braille libraries, and

public organizations communicating with blind individuals.

With this automatic Braille character recognition method, written communication between blind

people, sighted people and other impaired people are facilitated.

1.7 Organization of the Thesis

The thesis is organized into six chapters. The first chapter of the thesis includes the background,
the statement of the problem, objective, scope and limitation, and discusses the methodology
used to accomplish the research.

The second chapter presents review of literatures in Amharic Braille system, features of Braille
character and characteristics of Braille recognition. The third chapter deals with review of related
research work in Braille problem domain along with the basic methods of preprocessing
techniques of Braille images analysis. The section also highlights basic components and issues in
application of artificial neural network. The fourth chapter discusses the techniques and

algorithms used to develop the current systems.

Chapter five deals with the experimentation activity undertaken to implement the methods and
techniques described in chapter four. The fifth chapter also shows the success and difficulties
faced while trying to implement the technique to the problem domain of interest is presented. It
also presents the recognition rate achieved for different test cases after the design and training of
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the neural network classifier. Finally, concluding remarks and recommendations for future

research are forwarded.
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Chapter Two

Review Literature

2.1 Introduction

Writing is a means of communication and presenting historical information for future use. The
first writing system was in the form picture writing. The Egyptian used picture writing to draw or
paint on monuments, walls or rocks in 3000 BC [14]. Bender et al. [4] noted that all Middle-
Eastern scripts come originally from the Egyptian picture writing (i.e. Hieroglyphics). The Geez
scripts are derived from the south Arabian (i.e. Sabaean) scripts [54]. Ethiopic script is one of the
ancient alphabets in the world which is used to write in languages such as Geez, Amharic,
Tigrigna, etc [35]. The present writing system of Amharic is taken from Geez evolved from
Sabaean language which was brought to the highlands by immigrants from south Arabian in the

first A.D. The general genetic structure of Ethiopic Script is given in figure 2.1 [4] [61].

Ancient Canaan

North Semetic South Semetic

Hebrew Aramaic Sabaean Scripts Arabic Others

Geez Scripts

Ambharic Scripts Tigrigna Scripts Others

Figure 2.1 The Genetic Structure of Amharic Scripts
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Ambharic is the second most spoken Semetic language in the world next to Arabic [35]. Amharic
language is mainly spoken in Ethiopia and Eritrea. Amharic is used as an official language in
Ethiopia since the 14™ century. It is also the working language of the federal government of
Ethiopia and also non-government organizations as well as private institutions. Amharic
language has its own scripts. Understanding the characteristics and distinct features of the script
has used for feature extractions phases of the Braille recognition systems.

2.2 The Amharic Characters

Ambharic script has also evolved through the centuries and has undergone many transformations
in structural shape and an increase in the number of symbols. This happens on the one hand, by
modifying the original Sabean characters and, on the other hand, by adding other necessary ones
in the writing. The need for such transformation through time is due to [54]: (i) the tendency
towards round forms, (ii) the changed direction of writing, and (iii) the turn of some characters
by ninety degrees.

Ambharic language writing system is composed of a total of 238 characters among which 33 are
the ‘core’ characters and one is ‘special’ character. Each of them occurs in 7 forms (orders); one
basic form and six non-basic forms representing syllable combinations consisting of a consonant
and following vowel. The non-basic forms are derived from the basic forms by more or less
regular modifications (see figure 2.2). For example the second order characters are formed
mostly by attaching strokes to the right of the character.

In addition to the 231 characters set, the 33 core and its 7 forms, there are over forty others
which contain a special feature usually representing special character (y) - which has also seven
forms, and has used to represent the ‘v’ sound of words in Latin-based languages, labialization,
numerals, and punctuation marks. These bring the total number of characters in the script to 310
[4] [35]. Table 2.1 shows summary of the number of characters in each group.
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Figure 2.2 List of Amharic core characters with seven orders. Characters in the first orders are
basic and others are non-basic forms.

2.2.1 The Amharic Numerals and Punctuation Marks

Ambharic writing system does not have a symbol for number zero- because the script was
developed before the scientific significance of this number was realized. Ermias [19], the writing
system has no symbols for negative numbers, decimal point, and mathematical operators. Instead
of those numerals, the Hindu-Arabic numerals and Latin mathematical operators are used for
computational purpose. The Ethiopic numbers when put in numerals form are written a top and
bottom frame. The forms are used in order to uniquely identify the numerals from the textual

character set. The old South Arabic Monumental scripts regularly employ a vertical stroke as a
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word separator. This too was borrowed and applied after every single word in an Ethiopic text as

: The sign & and (@ are used as a comma and semicolon within a sentence, respectively.

No. | Types of Amharic Characters No. of Characters
1 Core Characters (33 X 7) 231
2 Special Character (1 X 7) 7
3 Labialized Characters 44
4 Punctuation Marks 8
5 Numerals 20
Total 310

Table 2.1 Total Number of Amharic Characters by Type

2.3 Pre-Braille Methods of Touch Reading

Braille was not the first and only means or methods of touch reading [11]. The earnest desire of
the blind to find access to literature and of their sighted friends to open the door for them, led to
many experiments in a variety of media. Even after the invention of Braille’s, other forms of
embossed symbols were planned and used- some employing dots and lines, others having the

form of simplified roman capitals.

Typical of the early efforts of this nature is the blind Arab professor, Zain-Din Al Amidi in the
14™ century, a method by which he identified his book. He knew the place occupied by each
book, and on receiving a request for information could find the exact volume without assistance,

and also knew the place of each book [11].

The other efforts to create a script was made about 1517 by Francisco Lucas, of Saragossa,
Spain, who arranged a set of letters embossed in thin tablets of wood. This was bought to Italy in
1575 and improved by Rampansetto of Rome, who used large blocks. Both systems were failed
due to the difficulty of reading them [11].
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When Valentin Hauy founded his school in Paris in 1784 [11]. Hauy at once set about
embossing books and experimented with certain types. Embossed literature had been invented,
but the old difficulty of a script which could be easily read by touch remained. It was the
revolution of this by Louis Braille in 1829 which completed the system the blind has been using
today. The Braille system was universally adopted and in use after fifty years of the invention,
and in the mean time numerous other forms of embossed type were devised on different

countries like Great Britain, America and other European countries [11].

2.4 Evolution of Amharic Braille

Braille was introduced in Ethiopia, after 100 years of the invention, in 1924 by a missionary
Ruthle [64]. Ambharic Braille was revised three times between the years 1945-1949, by taking
English Braille as a reference [64]. In Ethiopia the first school for the blind was established in
1924 in Dembidolo by Ruthle in collaboration with voluntary and nongovernmental
organizations [15] [51]. They start to teach handcrafts and Amharic writing system from “A” to
“p” which was created on wooden board with nail. However, its growth was disrupted by the
Italian invasion in 1935. Later, beginning from the 1950’s other special schools were opened in
different parts of the country (Bakko, Sebeta, Soddo, Ghimbi, Shashemene, Wolayita, and Dire

Dawa) with the cooperation of the Ethiopia government and different charity organization.

The first Amharic Braille was comprehensive and complete. It contains all Amharic characters
from “A” to “p” including a character that has similar sound (i.e. the three “A”- A H X, the
two “\”- \ P the two “E”- E D and the two “1”- + —), punctuation marks, Amharic
numerals, and musical symbols taken from other languages, and also design their own
mathematical symbols. In addition to these, all the seven forms of the Amharic characters was
used vowels with basic character representations (see table 2.2) [62] [64].
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1% form 2" form 3" form 4" form 5™ form 6" form 7" form

1:4 25 3:6 15 2:4 2:6 35

Table 2.2. The First Version Amharic Braille Vowels

When we see the characteristics of the first Amharic Braille there is a similarity of representing
consonants and vowels with the English characters i.e. the English consonant 1:4 was used as the
1% form Amharic vowels, the English 6™ sound vowels 1:5 was used as the 4" form vowel and
also the English vowels 1:1 characters was used as Amharic consonant. Therefore in order to
solve the problems of the first version the world Association of the Blind society made revision
on Amharic codes in 1945 E.C. This revision was arranged to match with the English Braille by

representing each sound once.

The revision was made in two parts [62]: the first was made to eliminate the redundant Amharic
characters which have similar sound as mentioned above. The second change was made on the
numeral parts that replace the Ethiopian numerals with the English numerals. Since this time, the
modified Braille was distributed to all blind school in Ethiopia by the American missionary and
the teachers were announced to adjust their system with the new one [62] [65]. This version had
the following characteristics: the first and the sixth forms of the characters were represented
without vowels and the rest of them were used vowels but the 6" form has no relationship with
the rest of the characters.

Later in 1949 E.C., the Amharic Braille was subject to improvement for the third times when Sir
Cluth Mecanize, the chair person of the world blind society, came to Ethiopia for visit [64]. This
time the improvement was made to further reduce the variant of Amharic characters. When we
compare it with the second revision, this version had added vowel for the first form. The sixth
form characters had similar form with the regular characters and had no vowels and changes the
dot from three to five for the character “1”. This version was used for a long time until another
attempt was started to modify in 1980°s E.C [62] [65].
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Once again after an extended study for 12 years the 4™ version of Amharic Braille was published
in 1995 by Ethiopian Blind Society Association that was given the mandate to assess many
issues to make the appropriate modification on the existing Braille code [62].

The Amharic Braille subjected to many improvements and change as it was designed by the
American does not consider many issues set by the world blind association. Some of these rules
and procedures which should be considered in adopting Braille to local languages are the
following [64]:

o Different languages should have similar Braille code. This is not to destroy the cultural
nature of the literature of the language and distort the sense and meaning, rather this is to
simplify the international publication, to avoid difficulties for those blind who are
interested to study different language, and to create common understanding among blind
society in the world.

e As per the rule, different languages that are the same source or relatively have similar in
sound, in character number and type should have similar Braille code structure. For
instance, English and European languages like French, Latin, German, etc do have
similar foundation in literature. Moreover, they are similar in the number of characters,
sounds, thus, have similar Braille code. Likewise, the Amharic Braille code should have
relatively similar with Arabic, and other Semetic and Kaham languages. However, this

does not imply, those languages that are different should have similar Braille code.

As Nebyeleul [64], the Amharic language has its root from Sabaean and Arabic and also from
different Sematic and Kahm language. Hence, according to the rule of the world blind society
association, the Amharic Braille should consider those Braille code.

2.5 The Amharic Braille Code character

Braille has four parts [62]: Characters, punctuation marks, mathematical and Musical symbols.

Braille by its behavior has many problems. Some of the problems of the Braille are: I) due to
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limited Braille dots, there is similarity of representing characters, Il) Braille does not use for
legal purpose. Grade 2 Braille can solve the space requirement of writing (volume of the
document) and also increases the speed of reading Braille. Most languages such as English,
Arabic, etc has grade 2 Braille but the Ethiopic languages such as Amharic, Oromifa and
Tigregna do not have it. The other problem of the Amharic Braille compare to other language is
that Amharic Braille has more number of characters and also has characters with similar sounds.

The Amharic Braille was a problem to acknowledge and perform fast and easy reading. Because,
the previous three version were focused only on the Amharic Braille characters without
considering the other parts of the Braille, i.e. mathematical symbols, punctuation marks, musical
symbols and other Ethiopic languages like Tigrigna, Oromiffa and others [65]. The last
amendment, fourth version, was made in 1995 E.C. This version has been used for long period of
time throughout the country. This part of the study gives detailed description of the fourth
version of Amharic Braille code that is in use currently for writing, which is also the focus of the

current study. The other three versions of Amharic Braille are given in appendix I, II, and I1I.

2.5.1 The Fourth version Amharic Braille

Discussion issues for the fourth version Amharic Braille committee were [62]: whether to create
equal number of Braille code that match to printed character or not, means of substituting similar
sound characters, means of preparing grade to Braille, Geez numbers, use of yard musical
symbols, and punctuation marks. The committee discussed for a long period of time using the
third version as a reference and then, they reached to the following conclusions: the number of
Braille code should be equal to printed character, modify the punctuation by taking most from
the English, in order to create grade 2 the grade 1 should first get legal recognition. Yared
(Ethiopic) musical symbols will be discussed with professional, and for the case of
mathematical symbols, it use either the Americans or English systems.

Accordingly, Braille dot combination has been approved and distributed for use by different
blind institutions as shown in table 2.3. For examples, figure 2.3 present the appearance of

character “h” in Braille:
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lscd
2Zeeb
3006

loo4d
205
3006

Figure 2.3 Braille code representation for character “h™

1*' form (character) 6" form (character) [||1* form (character) 6" form (character)
| Vowel | vowel
U | 1.2:5 26 |V 1:2:5 | 2:3:6 26 | 2:3:6
A | 1:23 2:6 [} 1:2:3 M | 2:4:5:6 2:6 ar 2:4:5:6
ch | *1:2:6 2:6 ch *1:2:6 0 *1:2:5:6  2:0 i *1:2:5:6
go | 1:3:4 2:6 ym 1:3:4 H 1:3:5:6 2:0 'H 1:3:5:6
| 2:3:4 26 |/ | 234 " | 356 226 | | 356
4 1235 26 | C 14:9%5 ¥ 134586 26 | B 1:3:4:5:6
0 |*1:456 26 [N *1:4:5:6 £ | 145 2:6 £ 1:4:5
0 | 146 2:6 [ 1:4:6 £ | 2:4:5 2:6 ¥ 2:4:5
4 | 1:2:3:4:5  2:6 L 1:2:3:4:5 1 1:2:4:5 2:0 7 1:2:4:5
n |12 2:6 1l 1.2 M | 2:3456 2:6 T 2:3:4:5:6
T | 2:3:4:5 2:6 & 2:3:4:5 6by | 1:4 2:6 - 1.4
T |16 2:6 T 1.6 A | 2:35 2:6 & 2:3:5
| *1:5:6 2:6 I *1:5:6 i} 1:2:3:4:6  2:6 0 1:2:3:4:6
7 1:3:4:5 2:6 b 1:3:4:5 A *2:3:46 2:0 A *2:3:4:6
T | 346 2:6 b 3:4:6 | 1:2:4 2:6 i 1:2:4
h | 1:23:56 2:0 A 1:2:3:5:6 T |1:2:34 2:6 i 1:2:3:4
h |13 2:6 ] 1:3 n | *1:2:3:6  2:6 1 *1:2:3:6

Table 2.3 Fourth Version Amharic Braille Characters

* Symbol indicates Braille code change made on this new version.

Vowel

2:6

1:3:6

2:4

15

Not apply

1:3:5

Character position

1St

2nd

3I’d

6th

Table 2.4 Fourth Version Amharic Braille Vowels
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As shown in table 2.4 the sixth variant of the characters are decided to continue without vowel
attachment as it has been used in the third version of the Braille. Regarding punctuation mark,
codes in Table 2.5 are designed. The codes are designed using one, two or three cells. The

complete list of punctuation mark is presented in appendix IV.

Punctuation Braille code Punctuation Braille code Punctuation Braille code
3 ' 3:5:6and 3 ] 2:3:5:6 and 3

: 6 and 3 ? 2:3:6 * 3:5and 35

- 2:5 =//= 6and3 . 4:6 and 4:6

/ 5and 2 X 1:3:4:6 > 2:4:6,2:5and

‘ 4and1 $ 4:5 2:5

- 3:6 " 2:5:6 < 2:52:;5 and

Y% 2 ! 2:3:5 1:3:55

; 2:3 3,3and 3 T 4:5:6 and 1:5

“ 2:3:6 () 2:3:5:6 ) 4:5:6 and 3:5

“ 3:5:6 [ 6 and 2:3:5:6

Table 2.5 Fourth Version Amharic Braille code for punctuation Marks [51]

Most of the punctuation marks are not new, however much focus had not been given so far.
Thus, in the new Braille they are included as most of these symbols feel new by many blind

society, according to the revision committee report [62].

2.5.2 Amharic Braille Numerals

The Braille revision committee also made change on the numerals part of the Braille code. The
need to reexamine this part is that, unlike the Arabic numerals, in Ethiopia there are different
publication that uses the Ethiopic numerals such as newspapers and religious books. So, in order
to show the numerals are Ethiopic, changes were needed on this part of the Braille. Accordingly,
it is designed to use the whole dot (1:2:3:4:5:6) to indicate the numbers are in Ethiopic. Then,
this Ethiopic numerals indicator mode followed by the numerals which is used for Arabic
numerals are adopted in the fourth version [62]. Except the numerals translation mode 3:4:5:6
(for Arabic) and 1:2:3:4:5:6 (for Ethiopic) the same dot combinations are used as given in Table
2.6.
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Table 2.6 Ethiopic Vs Arabic numerals Braille code

2.6 Braille System

Braille is a system of embossed (raised) signs, which are formed by six (or eight) dots arranged
and numbered as in Figure 2.4. Eight dot Braille is limited in use for computer application area
and is practically applied in the display of text attributes. Six dots Braille is the widely used one
and hence it is also considered in this study [27].

To facilitate the description of individual symbols, the dots are conventionally numbered, those
of the left-hand column being numbered 1-2-3 from top to bottom and those of the right-hand, 4-
5-6. The six dot Braille cells are classified according to their dot patterns as upper cells (1-2 and
4-5), lower cells (2-3 and 5-6), bottom row cells, indicator cells, and full cells [27][34].

Braille is applied to various practical purposes some of these are the expression of music,
mathematical and musical symbols, the making of faces of watches, meters, gauges,
thermometers and playing cards, and adapted too, to the outlining of geographical maps and
plans of cities and buildings [4].

F Dol @ @ Dot ® @ [@rxuin
QO O () Verso do
fidat| g2 D
£ dod| Braille & . i ® .
Braille o 0O
-Dotd @ @ Dus e @
o O
L Dot? @ @ Dud

Figure 2.4 Representation of Braille cells with 6 and 8 dots, and recto and verso dot
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2.6.1 Braille Writing

Braille is essentially a six-bit binary system — there are six dots, and a dot is either raised or not
raised — meaning there are exactly 64 (2°) possible characters, consisting of 63 dot combinations,
and the blank space where no dots are raised. The 63 symbols derived from the six-dot Braille
cell form the basis of all Braille writing systems worldwide, although the exact meaning of each

symbol is language-specific [46].

Braille writing devices have evolved into some very sophisticated pieces of equipment [55]. Lois
Braille’s slate consisted of two parts; the top part was a two-line metal guide with the familiar
cell openings, and the bottom part a very thick piece of wood with only horizontal grooves
instead of the now familiar pits. The Braille slate- a writing device that allows an individual to
press on paper with a sharp instrument to form the Braille dots-is practical and well suited to a
variety of purposes as well as being inexpensive, portable, and requiring little, if any, repair.
Because they are fairly simple to make, Braille slates are still the primary Braille-writing tools in
the world today. Yet, writing with the standard Braille slate can be somewhat confining. It is not
possible to vary the size of the letters, to write between the lines, or too scribble in the margins,

as those who write print so often do [55].

One way of embossing the sheet of paper is by hand using a Brailler, which resembles a
typewriter with a key corresponding to each of the six points (plus a space key). To produce a
dot, the user applies force to the appropriate key which embosses the paper. For mass production,
plates are formed which are then pressed against the paper sheets to form pages of Braille. In this
case, the size of the dot is varying in size due to the force they apply. The other means of writing
are- the Braille embosser, and the Braille printers, connected as peripherals to computers, which

emboss the dots on paper according to the information sent in electronic form.

The size of the page varies between documents produced by different means (hand, embosser or
Braille printer). In addition, the color of the paper varies, as it does not play any role in
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conveying the written information. The majority of Braille documents, however, are either buff-
colored or white. In addition, their surface usually has a low gloss finish point [1].

The Braille characters are embossed in lines from the top of the document to the bottom much
like printed documents. Braille documents can have the dots embossed on one side or on both.
Braille paper must be much heavier to hold the dot formation and the dots themselves
considerably increase the effective thickness of a page. The result is that embossed Braille is
very bulky. To mitigate this problem somewhat, most larger Braille books are published
in "inter-point”, that is with the embossing done on both sides of each sheet, with a slight
diagonal offset to prevent the dots on the two sides from interfering with each other [1] [27].

Inter-point Braille type rarely exists in Amharic Braille.

As stated the 64 distinct characters are insufficient to cover all possible print signs and their
variants, it is necessary to use multi-character sequences for some purposes. Often this is
accomplished by using certain characters as "prefixes" or “indicators” that affect the
meaning of subsequent cells. For example, in English a dot 6 before a letter indicates that the
letter is a capital; otherwise it is understood to be lower case.

A standard sheet of Braille has about 40 (forty) cells per line and may contain 20 or more lines,
that is 1000 characters, can fit on a page of the usual size (11 inches wide by 11 to 12 inches
deep). This contrast with the 3500 characters that will fit on a standard, smaller, typed page [27]
[42].

The literary Braille codes for English and many other languages employ contractions that
substitute shorter sequences for the full spelling of commonly-occurring letter groups [27].
This is partly because of the bulk problem, and partly to improve the speed of writing and
reading.

When contractions are used, the Braille is usually called grade 2 in contrast to grade 1
transcription where all words are spelled out letter-by-letter. In English, which has 189

contractions, almost all Braille is grade 2 [27]. But the Ethiopic language such as Amharic does
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not have grade 2 because as we have discussed in section 2.5.1, grade 1 Braille does not have
legal recognition [62].

2.6.2 Braille Reading system

Braille is more complicated than sighted reading. Braille characters are formed by the presence
or absence of dots arranged in a two by three matrix known as the Braille ‘cell’ [22]. A sheet of
printed Braille will have a series of cells embossed on thick paper and passing one’s forefinger
over each line of embossed cells can sense the embossing [42].

Braille is a system of raised dots, designed to be read by scanning the ball of the fingertips across
a line of embossed paper, or along the pins of a refreshable Braille display (an electro-
mechanical device that serves as the output for a computer. Competent Braille readers may
achieve reading speeds upwards of 190 words per minute, although there is of course
considerable individual variation among reading speeds based on age and experience,
proficiency, and the type of material being read[27] [46].

All dots on a Braille page should fall on an orthogonal grid. When texts are printed double
sided (Inter-point), the grid of the inter-point text is shifted so that the dots fall in
between the primary side dots. Braille readers can usually read contracted Braille faster than
uncontracted Braille. This is not just a matter of familiarity and practice. Contracted Braille uses
a smaller total number of cells but a greater number of different cells. It seems likely that it is the

combination of fewer cells with more variation in dot patterns that makes reading faster.

According to American Council of the Blind, people who are fluent in Braille can typically read
at a rate of 125 to 200 words per minute. On average, eighth graders read at a rate of 205 words
per minute, and college students read at 280 words per minute as per University at Buffalo [63].
No documented information found in Amharic Braille user [51].
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2.7 Computer Braille representation

Computer Braille refers to the use of a table that associates print characters one-to-one with
Braille cells. The original purpose of computer Braille was as a digital format for representing
Braille cells by using (the ASCII codes for) print characters. Computer Braille later became a
way of representing individual print characters by Braille cells. Computer Braille was not
designed with tactile readers in mind and is not a transcribing code since it doesn't encompass

rules for markup, context, and formatting.

2.8 Representation of Amharic Braille character

Braille, like printed document, consists of different characters which is called Braille cell. Based
on the rule set for its representation, the Braille cell may interpret to printed character in one-to-

one way or one —to-many printed characters.

2.8.1 Braille characters

The dimensions of a Braille dot have strict regular structure. That is, in Braille, dot height, cell
size and cell spacing are always uniform [27]. The horizontal and vertical distance between
dots in a character, the distance between cells representing a word and the inter-line distance are
also specified by the Library of Congress [2] [25]. Theoretically, the dimension of Braille dots
must fall within certain intervals as indicated in figure 2.5. Practically most instances of Braille
are close to these standards. There are slight variations between Braille produced by different

devices.

v

@ = 0.46mm- 0.5 mm (height of protrusion)

1

1.27mm- 1.65 mm (diameter)

Figure 2.5 Braille Dot Dimension
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Each Braille character is a unique combination of dots within the cell. Braille cells with six
points is widespread; in Ethiopia also this is the Braille cell so far used [62] [65]. In this study
Braille characters are assumed to be composed of six or twelve or eighteen points for Amharic

Braille.

2.9 Interpretation of Amharic Braille character

The Ambharic printed word is represented by a set of Braille characters forming a Braille word.
The characters inside a Braille word are separated by a distance greater than the horizontal one
between points (dots within a cell/character) and less than that between words [25] [51]. The
distance between words in a line of Amharic Braille characters consists of one or more space
characters. The space character is a Braille cell with no dots (all points are flat).

In Braille there is 63 (2° -1)(excluding one for space) possible combinations of dots which can be
used to represent all Amharic printed symbols. A particular combination of dots may correspond
to more than one different printed character (at different occasions). For example, 1, 1:2, and 1:4
are the same for Arabic and Ethiopic number one, two and three. On the other hand, a character
may require more than one Braille cell. For example, all the Amharic characters except the 6"
forms and Amharic numerals (like 1:2:5 and 2:6 for character h; 1:2:3 and 2:6 for character I,
1:2 and 2:6 for character b; 1:2:3:4:5:6 and 1 for number 1) [62] [66]. Furthermore, there are
different representation rules for other types of documents, like those containing music or
mathematical expressions [25] [62].

2.9.1 Amharic Grade 1 Braille

In grade 1 Braille, each printed letter corresponds to one Braille character (e.g. all the 6™ forms
of Amharic Braille characters like 1:4:6, 1:2:3:4:5 and 1:2 for characters >, Q, and B,
respectively). Punctuation marks are also represented by one Braille characters (e.g. question
mark, full stop, & and @) [62] [67]. In this case, while reading, the interpretation is made

according to the context. The combination of dots in each Braille character is designed in such a
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way that symbols are distinguished from certain others by a translation of the same dot
arrangement (e.g. Arabic and Ethiopic numerals) [25] [62] [67].

It is not possible to represent the large number of existing symbols, in Amharic language by a
combination of dots in a single Braille cell. Therefore, all the Amharic symbols (characters)
except some punctuation marks (such as =, €, etc) are represented by two Braille characters
[25] [62] [67]. Furthermore, the Arabic digits "1", "2",... "9", "0" are represented by the Braille
characters corresponding to the range of English letters "a",...,”j”., but preceded by the numeral
symbol(3:4:5:6) [25]. Still, grade 1 Braille is quite straightforward to interpret. The numeral
symbol is an example of a mode symbol (such as 3:4:5:6. for Arabic numerals and 1:2:3:4:5:6
for Ethiopic numerals) [62] [67].

2.9.2 Grade 2 Braille/contraction

The letter-by-letter representation of a word as in grade 1 Braille leads to the production of quite
voluminous Braille documents (a dictionary can occupy a bookcase). In English Braille
therefore, attempts have been made to represent frequently occurring letter strings by one or two
Braille characters [25] [62]. The rule for using them is referred to as grade 2 Braille (also called

contracted or literary Braille) [25].

Grade 2 is the everyday form used for general purposes, such as Braille periodicals, books, and
letter writing. It is used for the expression of conjunctions, prepositions, pronouns, prefixes,
suffixes, frequently recurring groups of letters and common words. Its primary purpose is to
reduce the bulkiness of Braille books which means a saving in the cost of production as well as
in storage and cost of distribution. It also saves the braillist some of the effort involved in reading

and writing.

The strings of characters that can be contracted have been selected according to the frequency
that they occur and therefore, differ between languages. In English grade 2 Braille, for instance,

there are over 200 contractions and short form words [25].
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Regarding the Amharic Braille, as indicated by the Braille improvement committee (1995 E.C),
the design of Amharic Braille contraction along with some other issues was deferred for some
other time, for the reason that issues with the basic Amharic Braille code yet not finalized by the
time [62] [66].

2.10 Features of Amharic Braille Code

The Amharic Braille character composed of three parts [62] [67]: Braille character for printed

symbol, punctuation marks and numerals.

All basic Amharic characters are represented with a single Braille character (see Table 2.3). Each
Ambharic character has seven variant. Except the sixth variant, the remaining six sounds add the
particular vowel code to get the required sound in a character [62]. For example, a Braille dot 2:3
is vowel for the first variant in all the character. To write first form of Fidel x, for instance
(1:2:3:5:6)>(1:2:3:5:6 and 2:3)

The Ambharic Braille also consists of different punctuation marks. Most of the Braille code for
this purpose is taken from English. For those, unique to Amharic language different dot
published by the committee (see Table 2.5) are used [62] [67].

Ambharic Braille uses two types of numerals: Arabic and Ethiopic. In Arabic Braille the numerals
1, 2... 0 uses the code for a, b...j. The same dot combination is used in Amharic Braille also. But
the numerals translation mode is different with the Arabic Braille. For example: while Arabic
Braille numerals mode is 3:4:5:6, and Ethiopic is 1:2:3:4:5:6. To write number 3 in Arabic 4:5:6
and 1:2, where as in Amharic 1:2:3:4:5:6 and 1:2 are used.

2.11 Features of embossed Amharic Braille

As describe before, the Amharic Braille, like any other Braille documents, are formed by

embossing the dots on the back side of the medium sheet so that they can be read from the facing
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side. There are also different sized Braille sheet; the size of the page varies between documents
produced by different means and the color of the paper varies, as it does not play any role in
conveying the written information. The only information recorded on a Braille page is in terms
of the protrusion created by embossing the card/Braille paper (under uniform illumination a
Braille document page appears black). The fact that Braille documents are not intended to

convey any visual information.

The Braille characters are embossed in lines from the top of the document to the bottom much
like printed documents. Braille documents can have the dots embossed single side or double side.
As the volume of Braille documents is quite large, it is advantageous to use both sides of the
sheet. However, this is not the practice with Amharic Braille [25] [62].
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Chapter Three

Optical Braille Recognition systems

3.1 Introduction

Recognition of document images greatly affected by quality and degradation level of printed and
Braille documents. Document images from printed documents, such as books, magazines,
newspapers, etc. are extremely poor in quality. Popular artifacts in printed document images
include: large ink-blobs joining disjoint characters or components, cuts at arbitrary direction due
to paper quality or foreign materials, floating ink from facing pages etc. In addition the following
artifacts are observed in Braille images: (i) Excessive dusty noise, (ii) Connected dots due to
repetitive use, (iii) Vertical cuts due to folding of the paper, (iv) Degradation of dots due to the

poor quality of paper and ways of writing, etc.

Further, noise is also created in handwritten Braille documents when the writer made a mistake.
The mistake is corrected either by removing from the back side of the Braille or by putting full 6
dots to the line or the paragraph. However, the recognition systems consider the removed dot as
it exit. This greatly affects the performance of the system.

To reduce the effect of degradation and improve the performance of the recognizer, there are
many noise detection and removal techniques suggested in literature.

3.2 Phases of Braille recognition system

The process of identifying and recognizing Braille characters is to some extent of different nature
than that of reading printed characters. Yet, there are many interesting parallels that can be
drawn. Braille documents occupy considerably greater volume than printed ones (40 to 60 times)
for recording the same information. This is because of the thickness of the material, the height of

protruding dots and the low information recording density resulting from the relatively large
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spatial distribution of Braille characters [57]. The process of Braille document recognition passes
through many stages starting from Braille acquisition to recognition of Amharic characters.

3.2.1 Image acquisition

Acquiring images from Braille documents can be done using scanner or digital camera. The
mechanism used for image acquisition has been a flat-bed scanner instead of a digital camera
because it is a cheap alternative which can be used for so many other applications and it is easy
and quick to use [40]. The system is able to work with images of different resolution ranges from
100 to 600 dpi.

3.2.2 Image preprocessing

Preprocessing is a technique used to prepare isolated character for recognition. It is an essential
step during which errors that occurred while the images were taken are eliminated. Errors
include noise, deformation, bad illumination or blurring. Image preprocessing can be used for

image enhancement by reducing noise, sharpening images, or rotating a skewed page [2].

The preprocessing stage aims to make the image be suitable for recognition. The preprocessing
stage which includes normalization, thresholding/binarizing, noise detection and removal, edge
detection, de-skewing and so on can make the initial image more suitable for later computation.

3.2.2.1 Noise detection and removal
Noise is a common phenomenon in a scanned image especially in real life Braille documents.
This noise greatly affects the recognition phase [20]. So, researchers attempts to design different

types of noise detection and removal techniques in order to reduce the effect of degradation
during the recognition process. The detail is discussed in section 3.3.
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3.2.2.2 Image Normalization

Thus size normalization or scaling help to make all characters encountered in the scanned image
to be of same width and height [36]. This preprocessing step helps to effect the same action on
all isolated characters in the coming stages of the recognition process. This normalization is
more crucial when the classifier is a size non-variant neural network. This type of classifier
accept same size of input patterns for each character representation to classify the input
characters according to the pattern observed at each selected area of the binarized image.

3.2.2.3 Image Thersholding/binarizatation

Image thresholding transforms a grayscale image into its binary version representing objects and
background, respectively [2]. The quality of the binarization step is critical for subsequent
analysis. If poorly binarized images are used, document understanding would be difficult or even
impossible.

Thresholding or binarization of documents can be categorized into two main classes [51] [59]:
global and local thresholding. Global thresholding techniques use a single threshold; on the other
hand, local thresholding techniques compute a separate threshold based on the neighborhood of
the pixels.

3.2.3 Segmentation
Segmentation is a process of separation of dots from Braille image that can further be grouped
into a cell [51]. These cells further grouped into character, words of any strokes in Braille. The

low level of abstraction to be extracted in the Braille recognition system is the single dot that
could have six alternative positions in a cell as depicted in figure 3.1.
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Column 1 and Row 1: Dot 1

4 A
Column 1 and Row 2: Dot 2 1 4
Column 1 and Row 3: Dot 3
Column 2 and Row 1: Dot 4 @ @
Column 2 and Row 2: Dot 5
Column 2 and Row 3: Dot 6 @ @

Figure 3.1 Braille Cell with Dots Position

There are different segmentation techniques particularly applied in Braille images such as mesh-
grids, and local measure. Local measure works using the difference dot pixel intensity level as a
threshold value. Because dots produce different color level at the top and bottom. On the other
hand, mesh grid work based on constructing a vertical and horizontal grid on the strictly arranged
Braille cells. It is applicable and widely used in Braille because Braille cells arranged a strictly
following vertical and horizontal layout of the document [51].

3.2.4 Feature Extraction

Feature extraction is a representational mechanism of the Braille image. At this stage the
identity of each of the Braille detected is recognized. Since each character is distinguished
from the rest by its unique combination of dots, then, the character can be described in terms
of the number of dot positions in a Braille cell. Checking the existence of a dot at each of the
six positions of points in a Braille cell is straight forward because the positions of Braille
characters in the image have already been identified. In order to do these, the first approach is
to describe Braille characters as a region in the image; this region is divided into six equal
compartments (two across, three down) in which the search for dots is performed. If the exact
positions of dots in the image are known, it is easy to check if one of them is included in a
compartment along specified directions following mesh grid that has been constructed. The six
possible positions of the dots are known for each individual Braille character position in the
image. Hence, all the possible character positions are examined. Within each one of them, the
intersections of grid lines are considered [25].
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3.2.5 Classification

Image classification is a fundamental problem in pattern recognition. Pattern recognition is the
study of how machines can observe the environment, learn to distinguish patterns of interest,

make sound and reasonable decisions about the categories of the patterns [59].

In classification, the objective is to categorize objects in the scene from a set of measurements
of the objects [7]. The measured values are the features of the pattern. A set of similar objects
or patterns possessing more or less identical features are belongs to a certain category called

classes.

3.2.5.1 Techniques in Pattern Recognition

Pattern recognition as a science is the study of how patterns in real world or in the brain of
human being are processed and how to adopt the techniques to the machine. It encompasses a
wide range of information processing problems of greater practical significance, from speech
recognition and the classification of handwritten characters, to fault detection in machinery and
medical diagnosis. However, to solve these problems using computers have, in many cases,
proved to be immensely difficult. In order to have the best opportunity of developing effective
solutions, it is important principled approach based on sound theoretical concepts [8].

The most general and most natural framework in which to formulate solutions to pattern
recognition problems is a statistical one [37], which recognize the probabilistic nature of both
the information process, and of the form in the result. Statistical pattern recognition is a well
established field with a long history. Unlike more analytically based information processing
methods, neural computation effectively explores the information contained within the input
data, without further assumptions. Statistical methods are based on assumptions about input data.
Neural networks, on the other hand, build relationships in the input datasets through the iterative
presentation of the data and the intrinsic mapping characteristics of neural topologies, normally

referred to as learning. It is well known that application of neural network is effective for
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classification problems. Some studies reported that application of neural network to Braille
recognition improves its accuracy [37].

3.2.5.2 Neural Networks

Neural networks were initially studied by computer and cognitive scientists in the late 1950s and
early 1960s in an attempt to model sensory perception in biological organisms. Neural networks
have been applied to many problems since they were first introduced, including pattern
recognition, handwritten character recognition, speech recognition, financial and economic

modeling, and next-generation computing models [17].

Artificial neural networks (ANN) have been developed as generalizations of mathematical
models of biological nervous systems. The model of computing elements, called McCulloch -
Pitts neurons, proposed by McCulloch and Pitts in 1943, which performs a weighted sum of the
inputs to the elements, followed by threshold logic operation as a starting point for the
development of ANN [31] [9].

An Artificial Neural Network (ANN) is an information processing paradigm that is inspired by
the way biological nervous systems, such as the brain, process information. The key element of
this paradigm is the novel structure of the information processing system. It is composed of a
large number of highly interconnected processing elements (neurons) working in union to solve
specific problems. ANN’s, like people, learn by example. An ANN is configured for a specific
application, such as pattern recognition or data classification, through a learning process.
Learning in biological systems involves adjustments to the synaptic connections that exist

between the neurons. This is true for ANN’s as well [33].

Artificial Neural Networks (ANN) are usually formed from many hundreds or thousands of
simple processing units, connected in parallel and feeding forward in several layers.

Because of the fast and inexpensive personal computers availability, the interest in ANN’s has
flourished in the current digital world. The basic motive of the development of the ANN was to
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make computers do things, what a human being can do. The development of an ANN is an
attempt to simulate a human brain [33].

The most common ANN model is the multilayer perceptron (MLP). This type of neural network
is known as a supervised network because it requires a desired output in order to learn.
Multilayer neural networks are organized in layers of neurons and implement a feed-forward
processing chain. Multilayer perceptrons are more flexible than single perceptrons. The most
important learning rule for network training is the back-propagation algorithm. With back-
propagation, the input data is repeatedly presented to the neural network. With each presentation
the output of the neural network is compared to the desired output and an error is computed. This
error is then fedback (back-propagated) to the neural network and used to adjust the weights such
that the error decreases with each iteration and the neural model gets closer and closer to
producing the desired output.

3.2.5.3 Design of ANN

Designing a neural network is a complex tasks and it is one of the major concerns of the system
designers. Designing a neural network consist of the following set of decisions and activities
[59].

e Deciding the number of layers in the network.
e Arranging neurons in various layers.

e Deciding the type of connections among neurons for different layers, as well as among

the neurons within a layer.
e Deciding the way a neuron receives input and produces output.

e Determining the strength of connection within the network by allowing the network to
come up with appropriate values of connection weights by using a training data set.
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Designing artificial neural network is not a one shot process rather it is an iterative processes to
achieve the optimal results by adjusting the parameters of the neural network depending on the
proximity of the output with the desired target.

3.2.5.4 Architecture of ANN

Architecture of a neural network is the specific arrangement and connection of the neurons that
are organized in the form of layers, make up the network. A layer is a collection of neurons that
can be thought of as performing some type of common functions. All neurons nets have an input
layer and have outputs to interface with the external environment. Each input layer and each
output layer has at least one neuron. Any neuron that is not in an input layer or in an output layer
is said to be in a hidden layer (shown in Fig. 3.2), because neither its input nor its output can be
observed from outside [33]. The most common neural network architectures have three layers.
The first layer is called the input layer and is one of the layers exposed to external signals. The
input layer transmits signals to the neurons in the next layer, which is called a hidden layer. The
hidden layer extracts relevant features or patterns from the received signals. Those features or
patterns that are considered important are then directed to the output layer, the final layer of the
network. Normally, there are two basic topologies of neural networks feed-forward networks and
recurrent networks [60]. In a feed forward network, links are unidirectional and there are no
cycles. Technically speaking, a feed forward network is a directed cyclic graph. In a layered feed
forward network, each unit is linked only to units in the next layer; there are no links between
units in the same layer, no links backward to a previous layer, and no links that skip a layer. The
significance of the lack of cycles is that computation can proceed uniformly from input units to
output units. The activation from the previous time step plays no part in the computation,
because it is not fed back to earlier units. Hence, the feed forward network simply computes a
function of the input values that depends on the weight setting-it has no internal state other than
the weight themselves. A network with the input and output layer only is called single-layered
network. Whereas, the multilayer feed forward networks or the multilayer preceptron, are
generalizations of the single layer perceptron. It is the most popular neural network model. It

includes one or more hidden layers each with their respective number of neurons as shown in
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figure 3.2. The function of the hidden neurons is to intervene between the external input and the
network output in some useful manner. On the other hand, in recurrent networks, the data flows
to all adjacent connected units and circulates back and forth until the activation of the units is
stabilized [33]. Recurrent can becomes unstable, or oscillate, or exhibit chaotic behavior.
Recurrent networks can implement more complex agent designs and can model system with
state.

Input
layer

Figure 3.2 Architecture of feed-forward neural network

3.2.5.5 Learning ANN

A neural network has to be configured such that the application of a set of inputs produces the
desired set of outputs. Various methods to set the strengths of the connections exist. One way is
to set the weights explicitly, using a priori knowledge. Another way is to train the neural network
by feeding it teaching patterns and letting it change its weights according to some learning rule.
The learning situations in neural networks may be classified into two distinct sorts. These are
supervised learning, and unsupervised learning. In supervised learning, an input vector is
presented at the inputs together with a set of desired responses, one for each node, at the output

layer. A forward pass is done, and the errors or discrepancies between the desired and actual
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response for each node in the output layer are found. These are then used to determine weight
changes in the net according to the prevailing learning rule. The term supervised originates from
the fact that the desired signals on individual output nodes are provided by an external teacher

13].

Once the network has been initialized and the training input space prepared the network is ready
to be trained. Some issues that need to be addressed upon training the network are [48]:
e How complex are the patterns for which we train the network? Complex patterns are
usually characterized by feature overlap and high data size.
e What should be used for the values of:
» Learning rate
e Sigmoid slope; most common activation functions are the logarithmic and
hyperbolic tangent sigmoid functions.
* Weight bias
e How many lIterations (Epochs) are needed to train the network for a given number of
input sets?
e What error threshold value must be used to compare against in order to prematurely stop

iterations if the need arises?

3.2.5.6 Learning rate

The learning rates are the rates at which artificial neural networks learn how to deal with new
patterns. The learning rate governs the rate at which the weights are allowed to change at any
given presentation. This depends upon several controllable factors that have their own effect on
the performance of the system. Learning rate effectively controls the size of the step that is taken
in multidimensional weight space when each weight is modified. If the selected learning rate is
too large, then the local minimum may be overstepped constantly, resulting in oscillations and
slow convergence to the lower error state. If the learning rate is too low, the number of iterations
required may be too large, resulting in slow performance. Obviously, a slower rate means a lot

more time is spent in accomplishing the off-line learning to produce an adequately trained
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system. With the faster learning rates, however, the network may not be able to make the fine
discriminations possible with a system that learns more slowly. Slower learning rates produce

more reliable results at the expense of increased training time [33].

Usually the learning rate is positive and between zero and one. If the learning rate is greater than
one, it is easy for the learning algorithm to exceed in correcting the weights, and the network will
move back and forth. Small values of the learning rate will not correct the current error as
quickly, but if small steps are taken in correcting errors, there is a good chance of arriving at the

best minimum convergence.

3.3 Noise Detection and removal

Digital image processing such as filtering was first developed in the 1960's. As computers
became cheaper and faster, real-time image processing became available and its applications
boomed. Digital filtering attempts to clear out noise, or useless and distracting information, in
pictures. Examples of noise include missing pixels, Gaussian, salt and pepper, speckles and

wrong pixels.

Image filtering is one of the most important operations used in image processing [30]. The
importance of image filtering is constantly growing because of ever increasing use of television
and video systems in consumer, commercial, medical, and communication applications. Image
filtering is not only used to improve image quality but is also used as a preprocessing before
most image processing operations such as encoding, recognition, compression, tracking, edge
detection and noise reduction. In other words, without this preprocessing, the other processing

would have inappropriate or even false results [30].

The application of noise detection and removal techniques not only increases the speed of
processing, but also gives more accurate results for specific tasks. Braille images are mostly
corrupted by noise due to repetitive use, bend, lightning during scanning and others. The impulse

noise is the most frequently referred type of noise. These noises come in three flavors - patterned
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noise, associated noise, and random noise. Patterned noise comes from graphical patterns,
especially half part shaded areas, which appear on many scanned forms. Associated noise occurs
when a scanned document is incorrectly thresholded and artifacts surrounding valid blobs appear
in the image. Random noise comes from a bad global threshold or a dirty source document or
scanner. In the case of random valued shot noise, the noise pixels have an arbitrary value [56]
[58].

3.3.1 Gaussian Filtering

The essential idea in image smoothing is to filter noise present in the image signal without
sacrificing the useful details. In contrast, image enhancement focuses on preferentially
highlighting certain image features. Gaussian filtering is a well known technique for signal
smoothing [16]. It is one of the most popular linear filters used to filter noise and smoothes the
images. The Gaussian smoothing operator is a 2-D convolution operator used to remove detail
and noise from images. For a Gaussian function with standard deviation o, a 1-D Gaussian filter

can be written as:

XZ

G, = 1 e 20’
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A 2-D Gaussian filter can be expressed as a product of two 1-D Gaussians:
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The effect of Gaussian smoothing is to blur an image, in a similar fashion to mean filter [56]
[58]. The degree of smoothing is determined by the standard deviation of the Gaussian. Larger
standard deviation Gaussians, of course, requires larger convolution kernels in order to be

accurately represented [53].

The Gaussian smoothing method has a number of advantages [50]:
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e It applies to piece-wise linear surfaces of arbitrary topological type, not only those that

can be parameterized by functions defined on a rectangular domain.

e Since first order neighbors are defined implicitly in the list of edges or faces of the curve

or surface, no storage is required to encode the neighborhood structures.

e The number of operations is a linear function of the total number of vertices, edges, and
faces. However, since the method is very local, to obtain a long range smoothing effect,
the Gaussian smoothing methods has to be applied iteratively a large number of times,
producing significant shrinkage as a by-product.

3.3.2 Median Filter

The median filter is one of non-linear, low-pass filtering method, used to remove salt and pepper
(speckle/spikes) noise from an image. A median filter can outperform linear, low-pass filters on
this type of noisy image because it can potentially remove all the noises without affecting the
"clean™ pixels [25]. Median filters remove isolated pixels, whether they are bright or dark. The
median filter considers each pixel in the image in turn and looks at its nearby neighbors to decide
whether or not it is representative of its surroundings. Instead of simply replacing the pixel value
with the mean of neighboring pixel values, it replaces it with the median of those values. The
median is calculated by first sorting all the pixel values from the surrounding neighborhood into
numerical order and then replacing the pixel being considered with the middle pixel value. If the
neighborhood under consideration contains an even number of pixels, the average of the two

middle pixel values is used.

Median filter is excellent and applicable to remove a noise from a scanned image than Gaussian
and Morphing filters because the Gaussian filter blurs the image where as the morphing filter
removes the pixels of the image and the image suffers a merge with close ones and also thin lines
are removed[19]. Median filter also better than the non-linear mean filter because the mean filter

cannot remove positive and negative impulse noises simultaneously but median can do well [25].
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Median filter has played an important role in image preprocessing application with its fine detail
preservation and impulse noise removal. However, the filter is constrained by a fixed input

window size; this affects the quality of the filtered image. For example;

Inan N x N window,

if P> N(N + N%, where P is the number of polluted pixels, then the noise will not be

removed. In such case, we have to increase the size of the window to improve the filtering
efficiency. On the other hand,

if P<N(N+ N%, then the feature pixel will be replaced by other irrelevant pixels, and

the features will be impaired. In such case, we have to reduce the size of the winnow to preserve
image features. In order to strike a balance between noise removal and feature preservation, the

size of the window has to be carefully chosen, and usually with contradictive effect [26].
3.3.3 Adaptive median Filtering

As we have discussed above the median filtering performs quite well, but it does not work when
the probability of the impulse noise occurrence become high. To overcome this, Hwang and
Hadded [25] propose a new algorithm called adaptive median filtering. It is an iterative order
statistic filter. The iterative process was introduced to detect and replace corrupted pixels only.
This filter is robust in removing mixed impulses with high probability of occurrence while
preserving sharpness. It works by using variable window size. The window length is determined

by the width of the impulsive noise presented in the input sample.
3.3.4 Morphological operations
Point and neighborhood operations are generally designed to alter the look or appearance of an

image for visual considerations. Morphological operations are used to understand the structure or
form of an image. This usually means identifying objects or boundaries within an image.

44



Morphological operations play a key role in applications such as machine vision and automatic
object detection [24].

Morphology is a tool for extracting image components that are useful in the representation and
description of region shape, such as boundaries, skeletons, and the convex hull. It has different
techniques for pre- or post-processing, such as morphological filtering, thinning, and pruning.
The operations dilation and erosion are fundamental to morphological image processing. Others
are special cases of these primary operations or are cascaded applications of them.
Morphological operations are usually performed on binary images where the pixel values are
either O (white) or 1 (black). While most morphological operations focus on binary images, some

also can be applied to grayscale images [21].

3.3.4.1 Binary Erosion and Dilation

Erosion and dilation are related to convolution but are more for logical decision-making than
numeric calculation. Like convolution, binary morphological operators such as erosion and
dilation combine a local neighborhood of pixels with a pixel mask to achieve the result. The

output pixel, 0, is set to either a hit (1) or a miss (0) based on the logical AND relationship.

Erosion shrinks or thins objects in a binary image [21]. As in dilation, the manner and extent of

shrinking is controlled by a structuring element. Binary erosion uses the following for its mask:

This means that every pixel in the neighborhood must be 1 for the output pixel to be 1.
Otherwise, the pixel will become 0. No matter what value the neighboring pixels have, if the
central pixel is O the output pixel is 0. Just a single 0 pixel anywhere within the neighborhood
will cause the output pixel to become 0. Erosion can be used to eliminate unwanted white noise

pixels from an otherwise black area. The only condition in which a white pixel will remain white
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in the output image is if all of its neighbors are white. The effect on a binary image is to

diminish, or erode, the edges of a white area of pixels.

Dilation is an operation that grows or thickens objects in a binary image [21]. The specific
manner and extent of this thickening is controlled by a shape referred to as a structuring element.
Computationally, structuring elements typically are represented by a matrix of Os and 1s.

Sometimes it is convenient to show only the 1s. Dilation is the opposite of erosion. Its mask is:

This mask will make white areas grow, or dilate. The same rules that applied to erosion
conditions apply to dilation, but the logic is inverted - use the NAND rather than the AND
logical operation. Being the opposite of erosion, dilation will allow a black pixel to remain black
only if all of its neighbors are black. This operator is useful for removing isolated black pixels

from an image.
3.3.4.2 Lookup table

The lookup table is used to pre-compute the output pixels value for every possible neighborhood
configuration and then store the answer in a table for later use. For instance, there are 2°=512
different 3x3 configurations of pixel values in a binary image. To make the use of lookup table
practical, we must assign a unique index to each possible configuration. A simple way to do this,

for say, the 3x3 case, is to multiply each 3x3 configuration element-wise by the matrix.
3.4 Review of related research

This section covers a concise review on some of the Braille recognition systems being developed
for various languages (English, Chinese, etc) and also tries to relate their applicability for
Ethiopic script.
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3.4.1 Optical Braille Recognition for Latin Based Characters

A number of researches are done towards the recognition of Latin Braille documents. We present

two works that are relevant to our present study.

3.4.1.1 Analysis of Scanned Braille Documents

The objective of Ritchings [45] work is set based on Latin characters and Arabic numbers. This
work tries to recognize double sided Braille documents. The documents are scanned using
flatbed scanner to acquire a gray scale image at 100 dpi and 16 gray level images are produced.
Under the scanning configuration used, the grey level values of the background pixels are from
10 to 12. Lighter areas have grey levels with values ranging from 13 to 15, and the darker areas
corresponding to shadows have grey level values less than 10.

From the scanned images, Braille dots are then identified. The protrusions and the depressions on
the surface of the Braille document give rise to differences in the grey levels in the image. In the
scanning direction (vertical) the protrusions create a dark area first and then a lighter one,

whereas, the depressions produce the opposite as shown in figure 3.3.
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Figure 3.3 Image areas (grey levels) corresponding to protrusions [45]
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At this stage the researcher attempts to apply segmentation to identify characters. The first action
locates the lines of Braille characters then, knowing the average line height, the rest of the text
lines together with the blank lines are also detected. Having located the lines of Braille, the
characters in each line are next segmented. Character segmentation is based on the analysis of
the horizontal spacing between columns with dots.

The segmented characters are then recognized based on the features extracted. To achieve this,
the rectangular area in the image that corresponds to a segmented character is divided into six
equal compartments. These are arranged in three rows and two columns and represent the bounds
of the expected positions of dots in a Braille character. If there is a dot in any of the
compartments then a bit is set in a binary number at the position that corresponds to the number
of the compartment. Based on this binary number the Braille character identified from the
character set used.

This paper concentrates on the application of OCR techniques to inter-point Braille documents.
Preliminary results from images of inter-point buff-colored Braille documents seem promising.
In the experimental stage, an average of just over 98.5% of the protrusions and 97.6% of the
depressions are correctly recognized. The majority of the errors can be attributed to the quality of
the image of the Braille document. Very old documents with some of the protrusions flattened

due to heavy use will give rise to more incorrectly recognized characters.

3.4.1.2 Statistical template matching for Translation of Braille

This work [13] tries to recognize both single and double sided documents written in Latin
characters and Arabic numbers.

The image is captured using a digital camera placed above the Braille page. The digitized images
are preprocessed for the purpose of noise filtering and edge enhancement. Noise filtering is used
to reduce the noise generated during the digitization process by applying a Gaussian filter
whereas, the edge enhancement is used to sharpen the fine details of the image that had been
blurred by applying convolution Sobel kernels X and Y. The resulting values are obtained by:
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output = |convolute(input, X ) + |convolute (input,Y )

The filtered Braille images are binarized using a gray level histogram of the page to select a
threshold value and segmented to identify characters in the Braille image. The feature extraction
stage detects the boundary to highlight the dots by using the chain code algorithm; back face
removal-to identify the front side and back side dots and then remove the back side dots; centriod
determination to locate the central point of the dots and; dot alignment to align the extracted dots
with the coordinate system.

To translate the extracted features first the dots are grouped into cells based on the distance
between the centriod and the four possible neighbors. Within each cell the dot pattern is
determined and represented by bit string. Then search the bit string against the Braille dictionary.

Finally group each character into word and check each word against English dictionary.

Using both single sided and double sided pages the system recognizes 100% and 97% accuracy,
respectively. The system takes advantages of the regular spacing between Braille dots with in a
cell and the regular spacing between cells.

3.4.2 Optical Braille Recognition for English and Chinese Characters

There are attempts to develop a recognition system for English/Chinese Braille documents. In
this subsection, we present a notable work [12] that design regular feature extraction for
recognition of Braille. This work tried to recognize both single side and double side documents

with digital camera to acquire a gray scale image of a Braille documents.

Scene construction is used to maximize the use of prior knowledge of the scene, i.e. by
exploiting existing knowledge; and to trivialize the problem of image analysis as far as possible,
i.e. by effective imposition of constraints. Based on these, the researcher decided that the Braille
pages should be illuminated with a yellow polarized light source placed at an angle about 45

degrees away from the page top.
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The digitization process is performed by using digital camera, which is placed directly above the
Braille page. The captured digitized image has a 512 * 512 pixel resolution with each pixel
representing an 8-bit gray scale value. From the binarized images the researchers are apply a
Gaussian noise filtering to filter the noise imposed on the gray scale images and used Sobel
kernels to sharpen the fine details of the image that are blurred.

From the preprocessed the researchers considered a histogram made up of only those pixels that
lie at or near the edges of the Braille dots to separate the background and foreground. To
determine which pixels lie on or near an edge, the Laplacian of Gaussian operator V°G is
applied to the entire image to identify the edge pixels. The average gray-level value of these edge
pixels used as the global threshold value. Finally the researchers used a threshold value 100 for
single-sided Braille pages and 85 for double-sided pages. Based on the boundary coordinates
information and the illumination characteristics of the dots the front-faced and the back-faced

dots are extracted.

The Braille dots are grouped into cells based on the distance between the centriod and the four
possible neighbors of each dot. Within each cells, the dot pattern is also determined and
represented by a bit string. The bit strings of the cells are searched against the Braille dictionary,
and the retrieved characters are grouped into words. Each word is then check against an English
dictionary. The system performs an accuracy of 100% and 97% for single sided and double sided
Braille documents respectively.

3.4.3 Optical Braille Recognition for Arabic Characters

AbdulMalik et.al. [2], attempts to design Arabic optical Braille recognition system. The objective
of the work is to build fully functional Arabic Braille Recognition system. This work tries to
recognize both single side and double side documents with flat bed scanner. The researcher
acquired colored Braille image and converted into gray level because dealing with gray level

image is much easier and faster.
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Cropping the image frame is used to minimize the effect of black or white frame in the image on
thresholding. The researchers calculate the average gray level for the whole image and then for
row and column separately. Finally finding a row or column average gray level that is above or
below 15% of the whole image average gray level is an indication to delete it. Based on the
thresholding value of the cropped image the Braille pages are classified into three i.e., dark,
bright, and background. The tilted scanned images are corrected and de-skewed by applying a
binary search algorithm. The maximum degree of recognizing a de-skewed image is 4 degrees

from either the left or the right side.

The dots are identified based on the average spacing between the cells and among the cells.
Local and global measure is used to correct the errors that occur during identification. However,
global measure gave excellent results [2].

The researchers follow the following steps to detect the whole dots:

1. Check a detected dot has at least three columns, less than that is not counted in.

2. An empty array that has the same size of the one holding dots parts is constructed.

3. Perform a vertical search on the array starting from up to down, when three parts of a dot
that are not more than 6 pixels apart are found then this is considered a point. This point
is registered at the corresponding position in the array as 4x4 point.

4. The region holding the detected dot part in the previous step is deleted so that it will not
be considered in future searches (Detect and Clean.)

Having identified all possible valid dots, the system defines the region containing all the dots
such that no dots exist outside this region. To do this, the researcher has to add each row and
column in the array separately then take the first and last positive value positions. After that one

of the two following algorithms can be used:

Algorithm 1:
1. Determine the number of rows and columns in the defined region. The average line and

column width have been identified.
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2. The resulting value from the first step will take to reach the beginning of any cell by
using the line and column number.
This algorithm does not depend on fixed lengths for cells heights and distances between them.
Algorithm 2:
The steps involved here are as follows:
1. Determine the horizontal projection for the array holding the dots and then determine the
average distances between the rows holding the dots.
2. Determine the vertical projection for the array holding the dots and then determine the
average distances between the columns holding the dots.
3. Using the horizontal and vertical projections reach any cell. This is because it consider
that any consecutive 3 rows and 2 columns as a cell as long as the distance between the

rows and columns does not exceed the averages.

Comparing the two algorithms, even though the latter one does not require fixed lengths to
determine the cells, it is less accurate than the former one, especially which most Braille

documents use the lengths and distances defined.

Having used either of the algorithms, convert the cell to binary code. To do that, first it divides
the cell into six regions. Then take each region separately, if the sum of its elements is more than
8 pixels then it will be assigned the number 1, otherwise it will be assigned 0. Then convert the
image to its decimal code representation:

decimal —code=Db, +b, x2+b, x4 +b, x8+b, x16+ b, x32

The final step is to convert the decimal code to its corresponding Arabic letters to get the
translation. The proposed system is tested using variation of Braille documents: skewed,
reversed, or worn-out of both single and double sided documents and they found an overall
accuracy of 99%. The researchers recommend that the system should develop for Arabic/English

languages.
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3.4.4 Image processing Techniques for Braille writing recognition

This system is designed for any language. In this system, the researchers [40] presented the
development of BrailLector, a system able to speak from Braille writing. By means of dynamic
thresholding, adaptive Braille grid, recovery dots techniques and TTS software (Text-To-
Speech).

The researchers create a database contains both single and double-sided documents, which have
dots in one or both sides of the sheet respectively for testing the developed system and analyzing
of the error variance. The Braille image is acquired using a flat-bed scanner with any resolution
since it uses interpolation methods to resize the input image [40]. During image preprocessing,
the following functions are performed: dynamic thresholding, pattern detection, Braille grid

creation and dots recovery using Braille grid.

The researchers apply iterative thresholding algorithms for identifying the black, white and gray
(background) of the gray scale image. Based on this the protrusion and depression areas are
identified. The protrusions on a Braille sheet have a brilliant zone above and a dark zone below.
The depressions have exactly the opposite pattern so, this difference facilitate the separation
between front and back side dots;

e Moving white “islands” 4 pixels downwards and doing a logical “and” with black

spots extracts front side dots.
e Moving white “islands” 4 pixels upwards and doing a logical “and” with black

spots extracts back side dots.

This algorithm consists of a “shift and overlap” process since it only moves the spots downwards

or upwards and carries out a logical and.

Skew angle of the scanned document is detected by means of horizontal histogram and mass
centers calculation and corrected rotating the original image. To identify dots that are missed in
the identification of protrusion and depression the researchers apply an adaptive mesh grid
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algorithm. This algorithm first builds the column and then rows based on the distance between
dots. This method is suitable for coping Braille sheets without losing the format [40].

After mesh building, all valid Braille positions are known. Those intersections between rows and
columns define a valid position for a Braille dot. In addition, the system checks the potential
positions of dots and recover original dots that are belongs to correct Braille positions and
discriminate false dots that are out of the valid places for a Braille dots. Based on the mesh the
final image is analyzed and text is segmented in rows and characters. Every character converted
into a binary number according to the active dots in the image. This way of Braille text
binarization makes the global system independent of the language of the document and easily
configurable for adding different alphabets [40]. This final output can be presented in different
formats such as a text file, a new Braille printed copy, voice or even mp3 audio format. The
global image processing algorithms (dynamic thresholding, pattern detection, Braille grid
creation and dots recovery using Braille grid) is very fast and robust and perform an accuracy of
99.9% for double sided Braille documents.

3.4.5 Recognition of Amharic Braille

Teshome [51] attempt to develop Amharic Braille recognition system that enables to recognize
optically scanned single-sided Ambharic Braille and convert to its equivalent printed Amharic text
characters. The researchers collected both manually and typewritten single sided Braille
documents. These Braille documents are both plastic and paper with white and light yellow
color, and its size is 11x11.5 inches. The Braille documents are digitized using a flat-bed
scanner with 200 dots per inch (dpi) for both color and gray scale Braille images.

The researchers applied a global thresholding technique for image thresholding/binarization. A
threshold value of less than or equal to 202 or greater than or equal to 247 color values used
during binarization. Using two threshold values for a single dot is important for two sided Braille
documents [51]. The result of binarization has the feature that the foreground (content of the
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image) is represented by black color and background with white color. This output of the
binarization module is fed to the next level of processing, which is image segmentation.

Segmenting the Braille image is performed in two steps: first, gridlines mesh is constructed; and
then dots are searched following the grids mesh with threshold (see figure 3.4). Second, clearly

display the dot with single white pixel on black background as shown in figure 3.5 below.

Figure.3.4 Braille image with Global grids (the result of the first phase)

Figure 3.5 Segmented Braille image (the result of the second phase)

The result of this is used as an input for feature extraction to group Braille cells to draw patterns
for Amharic Braille code. For feature extraction Teshome [51] adopted modification of region
based approach. The modification is that the six compartment of the cell checked for the

presence of a single pixel rather than all pixels in the area. Then, context analysis is performed to
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recognize the cell as part of the Braille character or stand alone as a Braille character. Feed
forward neural network is applied on the extracted features to recognize the characters.

In this research the proposed system is tested on single sided and clean Braille documents and
found an accuracy of 92.5%. The performance of the network is decreased with the increase in
test set. Global thresholding techniques is simple to use and computationally less expensive than
local thresholding.

Currently, Braille recognition research is at a high level; most of the researches are not used
image noise detection and removal techniques. However, in the practical image acquisition
systems and conditions, noise is a common phenomenon in the acquisition process and also
Braille noise is common due to repeated use, bend and scratch. As a result, these artifacts
significantly affect the subsequent recognition process. So to address the problem noise detection
and removal techniques need to be applied on the resulting image. Recognition of Braille images

that are corrupted by noises has been the goal of the present research.
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Chapter Four

Braille Recognition Techniques

4.1 Introduction

Text is extracted from a document image through optical character recognition. The accuracy of
a recognition algorithm highly depends on the quality of the document image. In reality Braille
documents are degraded due to different factors like repetitive use, bend due to storing
inappropriate areas, lighting during scanning, etc. Segmenting a Braille document from the
degraded documents for recognition is the most difficult work of an OCR system [14].

As indicated in sections 3.5.5 the algorithm suggested by Teshome [51], is not capable of
recognizing Braille characters with noisy Braille documents. There are methods reported in the
literature which enables OBR systems recognizes degraded Braille documents [12][13].

The main intension in conducting this study is to explore ways of improving the already adopted
Ambharic Braille recognition algorithm. In this chapter we have discussed the Braille recognition
techniques that are used for preprocessing, segmentation, feature extraction and also the neural
network techniques to classify the given Braille to print characters. Mainly the preprocessing
algorithms available which could help the already adopted algorithms such as image noise

detection and removal, and binarization are the main focus of this study.

4.2 Preprocessing of document images

For degraded and poor quality documents, a preprocessing stage of the grayscale source image is
essential for the elimination of noisy areas and smoothing of background area. In image
processing, it is usually necessary to perform high degree of noise reduction in an image before
performing higher-level processing steps such as segmentation and feature extraction. Pre-
processing operations are usually specialized image processing operations that transform the

image into a better one with reduced noise and variation [47]. These operations include filtering

57



and smoothing, thinning, alignment, binarization, normalization, interpolation and baseline
detection. ldeally, pre-processing should remove all variations and details from a Braille image
that are meaningless to the recognition method [47].

The pre-processing operations that are considered for this study consist of four sub-operations:
histogram equalization/interpolation, noise filtering, image binarization/ thresholding and
morphological operations. The sequence of these operations affects the quality of removing noise
in the image. Therefore, the study is used histogram equalization and filtering before binarization
this is because the noise should first decrease before applying binarization to determine the
threshold value. Then morphological operation follow the binarization, this is because the noises
left after binarization should be removed to specifically to improve the accuracy of the
segmentation phase. In general this phases increase the accuracy of the recognition.

4.2.1 Histogram Equalization

Degraded images have different pixel intensity values. The highly difference of its variation
greatly affects the filtering process of the Braille image because the filtering operations are
implemented equally or with different value based on the pixel intensity for each regions or the
whole regions of the image. Due to this reason, the image requires adjusting pixel intensity
before applying any filtering techniques. To achieve this histogram equalization is used. The

histogram equalization minimizes/decreases the noise level of the Braille images.

The histogram of the processed Braille image will not be uniform, due to the discrete nature of
the variables. The values in a normalized histogram are approximation to the probability of
occurrence of each intensity level in the image [23]. It is represented by:-

Pi(r), j=1,2,...,.L (where, L is total number of possible intensity level)
For discrete quantities the equalization transformation becomes:

sk:T(rk)

:Zpr(rj)
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For k=1,2,...,L, where sk is the intensity value in the output (processed) image corresponding to
value rk in the input image. Histogram equalization is implemented in the MATLAB toolbox by
function histeq, which has the syntax

g=histeq(f, nlev)

Where f is the input image and nlev is the number of intensity levels specified for the output
image. If nlev is equal to L (the total number of possible levels in the input image), then histeq
implements the transformation function, T(r), directly. If nlevl is less than L, then histeq
attempts to distribute the levels so that they will approximate a flat histogram. However, the
adaptive histogram equalization works by using bilinear interpolation instead of nlevel. Bilinear
interpolation is often used in many image processing applications because it provides a
compromise between computational efficiency and image quality [29] [32].

Interpolation works by using known data to estimate values at unknown points. Image
interpolation works in two directions, and tries to achieve a best approximation of a pixel's color
and intensity based on the values at surrounding pixels [32]. Bilinear interpolation is a non
adaptive interpolation algorithm. It considers the closest 2x 2 neighborhood of known pixel
values surrounding the unknown pixel. It then takes a weighted average of these 4 pixels to

arrive at its final interpolated value as shown in figure 4.1 [29].
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Figure 4.1 Bilinear interpolation neighborhoods
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The equation used for bilinear interpolation is presented as follows

(-0 G-

= (1_Xf )(1_Yf)A+ X¢ (1_ Yf)B+ Y¢ (1_Xf)C+Xf Y¢ D

Where,

~(G) =G =G -0

And x=xi+X¢ and y=y;+ys with x; and y; being the integer components of x and y and x; and ys
being the fractional components (0<xy, yf<1).

4.2.2 Image Filtering

In past years, linear filters became the most popular filters in image signal processing because
they have the existence of robust mathematical models which can be used for their analysis and
design. However, the nonlinear filters provide significantly better results in many areas [56] [39].

Traditionally, the impulse noise on the image is removed by a standard median filter which is the
most popular nonlinear filter. Median filters are used mainly to remove salt-and pepper noise.
Doing this, they preserve edges in the image (preserve their location and do not affect their
steepness, unlike Gaussian filters), but unfortunately median filtering may destroy small features
in the image and due to fixed window size in the filtering process, it will not filter correctly. For
example, when the values in the interval of the window size have the same result, the median
filter does not perform anything but all of the pixels may be a noise. In order to handle such type
of problems the adaptive median filter is better, which varies the window size depending on
pixels under considerations. For this study we compare the filtering performance of Gaussian and
an adaptive median filtering. Because most researchers [12] [13] propose that Gaussian filtering

performs well for Braille noise removal.
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4.2.2.1 Gaussian Filtering

Gaussian smoothing is performed by convolving the vector function that parameterizes the curve
with a Gaussian kernel. In the Gaussian smoothing method the new position of each vertex is
computed as a weighted average of the current positions of the vertex itself, and its first order
neighbors, those vertices that share an edge (or face) with the current vertex. This process is
repeated a number of times [50].

In the Gaussian smoothing algorithm the position of each vertex is replaced by a convex
combination of the positions of itself and its neighbors. Alternatively, Gaussian smoothing can
also be reformulated as follows [50]. First, for each vertex v;, a vector average is computed as a
weighted average of the vectors v; - v;, that extend from the current vertex vi to a neighbor vertex
Vj.

AV, =Y o (Vv —V;)

jei*

For each vertex v; the weights wj are positive and add up to one, but otherwise they can be
chosen in many different ways taking into consideration the neighborhood structures. One
particularly simple choice that produces good results is to set w;; equal to the inverse of the
number of neighbors 1/]i*| of vertex v;, for each element j of i*. Once all the vector averages are
computed, the vertices are updated by adding to each vertex current position v;j its corresponding
displacement vector computed as the product of the vector average Av; and the scale factor A,

obtaining the new position v;.
V,'=v, + Av,

The scale factor, which can be a common value for all the vertices or be vertex dependent, is a

positive number 0<i<1.
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4.2.2.2 Adaptive Median Filtering

The adaptive median filter (AMF) can be considered as an iterative order statistic filter. The
iterative process was introduced in order to detect and replace corrupted pixels only. In each
iteration, filtering window of different sizes is utilized. In order to simplify the description we
will deal only with one filter window located at position (u,v). Let a two dimensional matrix
[Xi,;] describe the input image and W is the size of the filtered window. Let the sequence [W,lI]
be the output of a local neighborhood function which contains just N=WxW samples of filtered
window located at position (u,v) (assume that W is odd). Let X, denote the value of pixel X,y
which corresponds to the value of the a pixel at position (u,v) of the input image. Let Y, be of
the output of AMF located at position (u,v). The algorithms of AMF are as follows [56]:

Step 1: Initialization

Start with the smallest window size W=3. Let the maximum window size be Wnax(again, an odd

number).
Step 2: Computation of order statistic

Let Xmin=S(0)([W.i]} be the output of the 0™ order statistic filter. Xmax=S(N)([ W.i])is the
output of the N"™ order statistic filter and Xme=S((N+1)/2)( Wii) is the output of the median
filter.

Step 3: Evaluation of terminating condition

If the condition Xmin < Xmed < Xmax is satisfied then processing ends with the computation of
the output value which is defined as follows [56]:

If Xmin <Xu,v < Xmax then the pixel is not corrupted by noise and the output value is the value
of the original pixel. i.e, Yu,v= Xmed, if the condition is not satisfied then the computation

continues.
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Step 4: Increasing the window size

If the condition (Xmin < Xmed < Xmax) is not satisfy, it can be interpreted as follows. If many
pixels have the same value then it is impossible to determine (with the current window size)
whether the pixels are corrupted with high intensity noise or whether it is the constant area with

the same color. This is the reason why the window to be increased.

If the window W is smaller than Wmax, increase the size of the window, i.e. W=W+2, and
repeat the computation from step 2. If the size of the window W reaches the maximum value
Wmax, the processing ends and the output value is defined as Yu,v=Xmed.

4.2.3 Image Binarization/Thresholding

Document image binarization is the initial step of most document image analysis and
understanding systems that converts a grey scale image into a binary image aiming to distinguish
text areas from background areas. Binarization plays a key role in document processing. Its
performance affects quite critically the degree of success in subsequent character segmentation
and recognition. In general, approaches that deal with document image binarization are
categorized in two main classes: (i) global and (ii) local.

In a global approach, threshold selection results in a single threshold value for the entire image.
Global thresholding [45] has a good performance in the case that there is a good separation
between the foreground and the background. However, in the case of historical documents, there
exist degradations that diminish robustness of this class of binarization. Examples of
degradations include shadows and non-uniform illumination, deformed and connected dots, ink
seeping, smear and strains. To deal with degradations, the preprocessing techniques are used to
minimize the degraded quality of the Braille documents. Therefore, the Otsu’s global threholding

technique is used for this study. The Otsu’s algorithm is presented below [41]:

Let the pixels of a given picture be represented in L gray levels [1, 2, ,L]. The number of pixels

at level i is denoted by n; and the total number of pixels by N = n; + n, + + n_*. In order to
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simplify the discussion, the gray-level histogram is normalized and regarded as a probability
distribution [41]:

L
Pi:ni/N,pi>0, Zp. =1 (1)
i=1

Now suppose that we dichotomize the pixels into two classes Co and C; (background and
objects, or vice versa) by a threshold at level k; Co denotes pixels with levels [1, , .k], and C;
denotes pixels with levels [k + 1, , L]. Then the probabilities of class occurrence and the class

mean levels, respectively, are given by:-

0, =P (Ca= Y p, = () @
0,=P(C)= X p, =1-a() ©
and

=Y ipdiICo= Y] indo, = k) o) @
= Y ipdiIC)= Y iplo, = ur pk)1-0() ©
where:

o)=Y p, and )
w9~ Yip )

are the zeroth- and the first-order cumulative moments of the histogram up to the k™ level,

respectively, and

ur=u(L)= X ip, 8)
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is the total mean level of the original picture. We can easily verify the following relation for any

choice of k;

o, Lot o, ui=p1, Where o, + o, =1 9)

The class variances are given by

k k
oy =Y (L= u,)* P (LIC) =Y (L-u,)’P /o, (10)
i=1 i=1
) L k
O, = Z(l_:ul)zpr(llcl): (1_,U1)2P1/a)1 11)
i=k+1 i=1

In order to evaluate the "goodness” of the threshold (at level k), the following discriminant

criterion measures (or measures of class separability) are used in the discriminant analysis

//L:O-BZ/O-WZ, k:O-TZ/O-WZa n:GBZ/GTza (12)
Where
o) =00, +w0, (13)
2 2 2
0" =0,(1y — 7)) + o (1 — py) (14)
:a)oa)l(:u'l_:uo)z
(due to (9)) and
2 = 2
ol =) (i- i
T |z=1:( He) P (15)
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are the within-class variance (equ.13), the between-class variance (equ.14), and the total variance
of levels (equ.15), respectively. Then our problem is reduced to an optimization problem to
search for a threshold k that maximizes one of the object functions (the criterion measures) in
equation (12). This standpoint is motivated by a conjecture that well thresholded classes would
be separated in gray levels, and conversely, a threshold giving the best separation of classes in
gray levels would be the best threshold. The discriminant criteria maximizing A, k, and n,
respectively, for k are, however, equivalent to one another; e.g., k = A + 1 and n=A/(A + 1) in

terms of A, because the following basic relation always holds:

2 2 2

Oy +O—B =07 (16)

It is noticed that o,,” and o2 are functions of threshold level k, but o1% is independent of k. It is
also noted that o2 is based on the second-order statistics (class variances), while og? is based on
the first-order statistics (class means). Therefore, n is the simplest measure with respect to k.
Thus we adopt n as the criterion measure to evaluate the “"goodness™ (or separability) of the
threshold at level k.

The optimal threshold k* that maximizes t, or equivalently maximizes og® is selected in the
following sequential search by 6 using the simple cumulative quantities (6) and (7), or explicitly
using (2)-(5):

n(K)=cs’(k)/o7’ (17)

o8’ (K)=[proK)-u)2/0K)[L-0(K)] (18)

And the optimal threshold k* is

o8’ (K)=max o ;" (k) (19)

From the problem, the range of K over which the maximum is sought can be restricted to

S*={K;wom1=m(K)[1-®(k)]>0, or 0<wm(k)<1}.

66



We shall call it the effective range of the gray-level histogram. From the definition in (14), the
criterion measure og2(or n) takes a minimum value of zero for such kas k ¢ S - S* = {k;w(k) =0
or 1} (i.e., making all pixels either C, or Co, which is, of course, not our concern) and takes a

positive and bounded value for k € S*. It is, therefore, obvious that the maximum always exists.

4.2.4 Morphological operations

Morphological operations are performed after thresholding. This is because the global
thresholding operations will include some dots that are not part of the Braille content. So
morphological operations remove these noise that are greatly affect the recognition process.
Morphological operations are simple mathematical constructs which have led to effective
solution for many problems in image processing and computer vision. Dilation and erosion
operations are the base for other morphological operations by special case of these operations or
cascading applications of them.

Mathematically, dilation is defined in terms of set operations. The dilation of A by B, denoted
A®DB, is defined as [24]

A®B={z|(8 )znA=}

Where & is the empty set and B is the structuring element. In other words, the dilation of A by B
is the set consisting of all the structuring element origin locations where the reflected and
translated B overlaps at least some portion of A. the translation of the structuring element in

dilation is similar to the mechanics of spatial convolution.

The mathematical definition of erosion is similar to that of dilation. The erosion of A by B,
denoted A®B is defined as [24]

AGB={z|(B), "A* =}

In other words, erosion of A by B is the set of all structuring elements origin locations where the
translated B has no overlap with the background of A.
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The MATLAB function bwmorph implements a variety of useful operations based on
combination of dilation, erosions and look up table operations [21].

4.3 Image Segmentation

In the Braille Recognition System, the next step after binarization is segmentation. Segmentation
refers to the process of separating dots from Braille image that can further be grouped into a cell.
For the Braille recognition problem domain, the point of interest or the low level of abstraction
to be extracted is the single dot that could have six alternative positions in a cell.

Touched, overlapped, separated, and broken characters are major factors for causing
segmentation errors [49] [59]. To accomplish this, as we have discussed in section 4.2, we apply
image preprocessing before it, and then the mesh grid segmentation adopted by Teshome [51] is
used for this study. Grid Mesh can be global or adaptive. In global grid, the horizontal and
vertical grids are constructed based on a fixed global threshold. Whereas, in adaptive mesh the
threshold is determined locally for each dots that runs vertically and horizontally. To determine
the size of dots, analysis of the dots profile is important. To this end, each logical line of the
Braille is extracted by constructing the horizontal projection to determine the height of a single
dot, which would be used while constructing the horizontal grids. After line segmentation,
vertical projection is performed that result in half-character segmentation (one column of a cell).
Then, based on the above information (spacing, dot height and width), a mesh is constructed.

The algorithm first finds optimal starting dot by searching black pixel column wise and start to
count if black pixel is found until the next white pixel is found; and do the same for raster line
horizontally. The resulting value checked for threshold and then used to complete the horizontal

and vertical grids.

Once the mesh is constructed, segmentation extracts the dot point from the image. The
segmentation procedure identifies the foreground, from the back ground based on previously
constructed mesh. Finally, the algorithm convert the whole image into black color and set the dot

coordinates value with one pixel of white color.
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The technique is preferred since Braille cells follow strict layout in horizontal and vertical line
and does not have unique structure to isolate one combination from the others. Besides
segmentation with mesh-grids bring good result for most of the Braille research.

4.4 Feature Extraction

Feature extraction is a representational mechanism of the Braille image. At this stage the identity
of each of the Braille detected is recognized. Since each character is distinguished from the rest
by its unique combination of dots. Then, the character can be described in terms of the numbers
of dot positions. The Amharic Braille characters are represented by one, two or three Braille
cells; it means a cell can be part of a character or character alone. To this end context based
analysis is used for this study that is adopted by Teshome [51].

The algorithm works by taking the advantages of the mesh constructed in the segmentation
phase and it following the mesh access dots on the coordinate point and group into cell. Then,
the resulting grouped dots of a cell are checked for its content against the rules defined. The
context analysis is used to determine the status of the cell.

4.5 Classification

Image classification is a fundamental problem in pattern recognition. Pattern recognition is the
study of how machines can observe the environment, learn to distinguish patterns of interest,
make sound and reasonable decisions about the categories of the patterns. Patterns are any entity
or object.

Hence, the aim of pattern recognition is the design of a classifier, a mechanism which takes
features of objects as its input and which results in a classification or a label or value indicating
to which class the object belongs. This is done on the basis of the learning set- a set of objects
with a known labeling. The classifiers performance is usually tested using a set of objects
independent of the learning set, called the test set [52][7]. For classification purpose the neural

network is used for this study.
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4.5.1 Training a Neural Network

Training a neural network is the process of setting the weight on the inputs of each of the units in
such a way that the network best approximates the underlying function. Training basically
involves feeding training samples as input vectors through a neural network, calculating the error
of the output layer, and then adjusting the weights of the network to minimize the error. Back-
propagation is the most commonly used method for training multilayer feed forward neural
network. This training scheme is used for adjusting the connection weight of each unit in such a
way that the error between the desired output and the actual output is reduced. More clearly, the
neural network adjusts the connection weights to each unit, beginning with the connection
between the last hidden layer and the output layer. After the network has made adjustment to this

set of connection, it calculates error values for the next pervious layer and makes adjustments.

To train the neural network the following algorithm is implemented:

I

Form network according to the specified topology parameters
Initialize weights with random values within the specified + weight bias value
Load trainer set files (both input image and desired output text)
Analyze input image and map all detected symbols into linear arrays
Read desired output text from file and convert each character to a binary Unicode
value to store separately
for each character:
a. calculate the output of the feed forward network
b. compare with the desired output corresponding to the symbol and compute
error
c. back propagate error across each link to adjust the weights
Move to the next character and repeat step 6 until all characters are visited
Compute the average error of all characters
Repeat steps 6 and 8 until the specified number of epochs
a. Is error threshold reached? If so abort iteration

b. If not continue iteration
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4.5.2 Neural Network Learning Laws

As learning in artificial neural networks is the process of adjusting the connection strength
between successive neurons, there should be some predefined law on how to adjust the
connection weights. Learning laws describe the weight vector for the i processing unit at time
instant (t+1) in terms of the weight vector at time instant (t) as follows [9]:

Wi(t+1)=w;(t)+Aw;(t)

There are different methods for implementing the learning features of the neural network. Some
of the learning laws are discussed below. All of these learning laws use only local information

for adjusting the weight of the connection between two units.

45.2.1 Hebb’s Law

The law states that the weight increment is proportional to the product of the input data and the
resulting output signal of the unit. This law requires weight initialization to small random values

around w; ;=0 prior to learning. This law represents an unsupervised learning.

4.5.2.2 Perceptron Learning Law

This law is applicable only for bipolar output function f(.). This is called discrete perceptron
learning law. The expression for Aw;; shows that the weights are adjusted only if the actual
output s; is incorrect. This is a supervised learning law, as the law requires a desired output for
each input. In implementation, the weights can be initialized to any random initial values, as they
are not crucial. The weights converge to the final value eventually by repeated use of the input-

output pattern pairs, provided the pattern pair are represent able by the system.

4.5.2.3 Delta Learning Law

The law is valid only for a differentiable output function, as it depends on the derivative of the
output function f(.). It is a supervised learning law since the change in the weight is based on the
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error between the desired and the actual output values for a given input. Delta learning law can
also be viewed as a continuous perceptron learning law.

In implementation, the weights can be initialized to any random values as the values are not very
crucial. The weights converge to the final values eventually by repeated use of the input-output
pattern pairs. The convergence can be more or less guaranteed by using more layers of
processing units in between the input and output layers. The law can be generalized to the case of
multiple layers of a feed-forward network.
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Chapter Five

Experimentation

5.1 Introduction

The main aim of the present research is to enable the Braille recognition system recognize noisy
Braille by applying different preprocessing techniques. For this purpose, a program is written for
preprocessing (noise detection and removal, interpolation, and binarization) using MATLAB.
Then, using different test cases, first, the efficiency of each algorithm is tested individually and
then, both noise detection and removal, binarization, segmentation and feature extraction
algorithms are integrated together and tested on actual data to evaluate the performance of the
system on Amharic Braille.

5.2. General Design of Amharic OBR System

The overall architecture of the Amharic Braille recognition system is shown in figure 5.1. The
double rectangle is the main focus of this study.

Braille Documents |
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(Digitization) (Gaussian & AMF) (Thresholding)
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Figure 5.1 Block Diagram of the Amharic Braille Recognition system
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The system is able to recognize single sided Amharic Braille documents. As shown in figure 5.1,
the Amharic OBR passes through a series of steps. First, the real world Braille documents are
collected and an image of the Braille document is acquired using a flatbed scanner with 200 dpi
and then the image is converted to gray scale, if it is colored. Second, preprocessing technigques
(like filtering , adaptive histogram equalization, morphological operations, thresholding) are
applied in the gray scale image; both Gaussian and adaptive median filtering algorithms are
tested. The Otsu’s global thresholding techniques with some modification is applied to binarize
the image. The binarized Braille images are feed to the previously developed segmentation and
feature extraction techniques with some modification. Artificial neural network is used to
classify the extracted Braille characters, based on which Amharic Braille images are converted to

their equivalent textual format.

5.3 Data Collection

Braille documents have been collected mainly from Misrach center and AAU Kennedy library.
The documents collected include manually produced, typewritten and using Braille printer and
the Braille can be plastic and/or paper sheet, both are collected. In addition, the size of the page
varies between documents produced by different means. For the purpose of this study the
standard sized Braille, 11 x 11.5 inch, which is dominantly used at different center, is selected.
As indicated in the literature, Braille can be produced on one side or double side of the
document. For the reason that, most Amharic Braille documents are single-sided, the study is
limited to investigate single-sided embossed Braille sheet. The details of sample Braille
document collected for experimentation are given in Table 5.1.
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Braille property Description
Braille sheets 10 sheet
Total number of characters 4500
Mean number of character per sheet 450
Digital format Gray scale/Color
Resolution (horizontal and vertical) 200 dpi
Image size Kbytes(on average) 2.75MB
Braille type Single sided — grade 1
Image format Bitmap (*bmp”’) Bmp
Document size(Horizontal x vertical) 11inches x 11.5inches

Table 5.1 Summary of Amharic Braille documents collected for the study

5.4 Braille Digitization

The current research used a flatbed scanner at 200 dpi resolutions for the digitization of the
Braille documents. The 267 characters from the fourth version Amharic Braille are used for
training and from the collected document, 200 characters for each image type (i.e. clean, small
noise, medium and high noise) are digitized for testing purpose. The digitized image is saved in
both gray and colored (RGB) window bitmap format. Sample digitized images are depicted in
figure 5.2.

Scanning Braille is not a simple task. Above all, there is a need to take care in placing the hard
copy document in the scanner for capturing an image. If the hard copy is placed carelessly, the
digitized image may be tiled. Since the recognition of tiled image is a difficult task, tilt
correction is necessary to make the image line horizontal. However, incorporating technique for
tilt correction is not the scope of the present research; an effort is made to produce an image line
which is strictly horizontal. In fact the scanner that is used in the present study allows to see the
view of the image for further adjustment before obtaining the final output. In light of this, there
is no problem of tiled image observed in the current study that affects the recognition process.
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Figure 5.2 Braille document image (left with gray level scale and right with color)

The distribution of noise in the Braille images are not equal. Because some of the Braille images
are stored properly and less used on the other hand some of the images are not properly sored,
bend, and frequently used. Therefore, classifying the images based on the noise level is relevant
to measure the performance of the system. Due to this reason the digitized Braille images are
classified into four groups based on visual criteria of the noise level on the binarization stage

Before applying any preprocessing technique (see figure 5.3).
a) clean image- image without noise,

b) low noise image- the images have slight distributed noise(like salt and pepper), the dots
are not connected and we can clearly identify the dots from background, and the
distribution of noise may or may not be equal,

c) medium noise image have the following characteristics: due to repetitive use and bend
the pixels of the dots are connected, it consider the added noise as dots and have evenly
or unevenly distribution of high noise but still we can identify dots from background,

d) high noise image have extremely used Braille and have unevenly distribution of high

noise, due to this it is difficult to classify dots from background.
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(@) (b)

Gl ' )

Figure 5.3 Image type by noise level: a) clean image b) low noise image c) medium noise image
d) high noise image

After the required scanned bitmap image is produced, subsequent character recognition process
such as preprocessing (like converting the image to gray color, noise detection and removal,
binarization/threseholding) , segmentation, and feature extraction and detection are undertaken.
To this end the digitized image is loaded into the memory of the computer. The program to load
the image is written with MATLAB built in functions. The following is the source code to load
it:

Brimg= imread(‘braillel.bmp’); %read and load the Braille image
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5.5 Preprocessing

Preprocessing helps to improve recognition accuracy of many optical Braille recognition systems
because it reduces unwanted complexities of an image. In this work we apply histogram
equalization, noise detection and removal, and binarization/thresholding preprocessing
techniques. A pre-processing stage of the grey scale or colored source image is essential for
historical and degraded documents for the elimination of noisy areas, smoothing of background
texture as well as contrast enhancement between background and text areas.

The Braille image is noisy due to repetitive use, bend, resolution of the scanned image and paper
quality, and in addition to this, during image acquisition impulse noise may be introduced in the
image. These noises generally manifest itself a random fluctuation in gray-level values
superimposed upon the ideal gray level value, and it usually of low amplitude, which
nevertheless can degrade significantly the appearance of the image. Therefore, to reduce such
noise we apply adaptive histogram equalization, a Gaussian and adaptive median filter,
Binarization and morphological operations on the Braille image.

5.5.1 Adaptive histogram equalization

Adaptive histogram equalization enhances the contrast of the intensity image by transforming
the values of the pixels. It operates on small regions, called tiles, in the image rather than the
entire image (like histogram equalization). For each tile, the histogram is adjusted by using
histogram equalization then the neighboring tiles are then combined using bilinear interpolation
to eliminate artificially induced boundaries. The MATLAB implementation of the adaptive
histogram equalization by using a built in function ‘adpthisteq’. This functions accepts the input
image and generates the result image with the shape. The distribution of pixels in the original
image and after applying adaptive histogram equalization is presented in figure 5.4 (a) and (b)
respectively.

78



2r 1 10000
18- .

1.6+ il 5000 -
14+ g

12- i 6000 |

G80 ] 4000}

06 4

B i 2000 F

02 b

; e LLLLLLL

: :
0 50 100 150 200 250 L 1

0 50 100 150 200
a) b)

Figure 5.4. Distribution of pixels using histogram a) original image b) the result of adaptive

histogram equalization

The result shows that the high variation of neighborhood pixels in the image is adjusted. This
greatly improves the performance of the filtering operations. The impact of adaptive histogram
equalization on Gaussian filtering and AMF in is presented in section 5.5.4.

5.5.2 Gaussian filtering

The Gaussian smoothing method is widely used not only for smoothing signals of one
independent variable but also for various image processing applications. It is a very good filter
for smoothing signals or images. The amount of smoothing depends on the value of the spread
parameter (i.e., the standard deviation) of the Gaussian function. It works by sampling a local
neighborhood of pixels and producing a weighted average. The size of the neighborhood is
called the kernel size. The Gaussian output a weighted average of each pixel’s neighborhood,

with the average weighted more towards the value of the central pixels.

The MATLAB implementation of Gaussian filtering by using a built in function ‘fspecial’. This

function accepts the image, a standard deviation and kernel value. The default value of 0.5
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standard deviation and 3x3 matrix kernel. The command used to implement Gaussian filter and
the result of the filtering is presented in figure 5.5 and 5.7(a) respectively.

gaussian=fspecial(‘gaussian’,[3,3],0.5);

gaussianfilter=imfilter(imgl,h,replicate’);

Figure 5.5 MATLAB code for Gaussian filter

5.5.3 Adaptive Median Filtering (AMF)

Adaptive filtering has been applied widely as an advanced method compared with standard
median filtering. Adaptive filter performs spatial processing to determine which pixels in an
image have been affected by impulse noise. The Adaptive filter classifies pixels as noise by
comparing each pixel in the image to its surrounding neighbor pixels. The size of the
neighborhood is adjustable, as well as the threshold for the comparison. A pixel that is different
from a majority of its neighbors, as well as being not structurally aligned with those pixels to
which it is similar, is labeled as impulse noise. These noise pixels are then replaced by the
median pixel value of the pixels in the neighborhood that have passed the noise labeling test.
Generally the purpose of adaptive filtering are removing impulse noise, reduce distortion, like
excessive thinning or thickening of object boundaries and used to enhance the contrast and
brightness of an image. For this study the Wiener2 adaptive MATLAB filtering method/function
has been used. The filter has been proved efficient for the aforementioned goal. The Wiener filter
is commonly used for gray scale image restoration. The MATLAB code for the Wiener2

adaptive filtering is shown in figure 5.6.
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/ info=imfinfo(C:\MATLAB7\\work\\test\\Br6.bmp"); \

ctype=[info.ColorType]; % To get information about the color type of image

if strcmp(ctype,'truecolor’) % compaire the image with color value
imgl=rgb2gray(img); % convert the colored image into gray

else

imgl=img;

end;

\\ing:wienerZ(imgl); % applying adaptive median filtering from the gray scale image /

Figure 5.6 The MATLAB code for adaptive median filtering

Our pre-processing module involves an adaptive Wiener method based on statistics estimated
from a local neighborhood around each pixel figure 5.7(b) shows the results of applying a wiener

filter to a document image.

(@) (b)

Figure 5.7 Results of the filtered image a) Gaussian filtering b) Adaptive median filtering

The performance evaluation of the filtering operation is quantified by the PSNR (peak signal to

noise ratio) calculated using formula [28]:
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MSE =3 311G, i) G )

MN =1 j=1
and

PSNR =10lo (ﬁ)
= O10 MSE

Where, M and N are the total number of pixels in the horizontal and the vertical dimensions of
the image. | and I’ denote the original and filtered image, respectively. A small value for MSE
means less error in the new image. Larger PSNR values signify better signal restoration because
it means that the ratio of signal to noise is higher. Here, the signal is the original image, and the
noise is the error in reconstruction, so, if you find a filtered scheme having a lower MSE (and
higher PSNR), you can recognize that it is better one [44].

The Gaussian and adaptive median filter is applied on the different noise level of Braille images
(small, medium and high). The comparative results of AMF and Gaussian filtering with 3x3, 5x5

kernels and 0.5 standard deviation the results are presented in Table 5.2.

MSE PSNR
Image noise type AMF Gaussian filter AMF Gaussian filter
Small 66 0 29.94 48.13
Medium 77 0 29.27 48.13
High 119 0 27.36 48.13

Table 5.2 PSNR and MSE measure of Braille images
From the above results we can say that the performance of Gaussian filtering is better than

adaptive median filtering in terms of PSNR and MSE. However, when we visually investigate

the results of the filtered Braille image, the Gaussian filtering algorithm blurs the image, where
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as the adaptive median image filtering algorithms results in no blurring effect in the image and
also preserves the edge.

5.5.4 Binarization/Thresholding

Image binarization converts the gray scale image into binary (black and white) image aiming to
distinguish text areas from background areas. Binarization plays a key role in document
processing and its performance affects the degree of success in the subsequent segmentation and
recognition phases [6]. In setting threshold, a preliminary analysis of relevant picture statistics
with a series of experiments is performed in which the threshold image is examined as the
threshold is adjusted, and the best result is ascertained visually. Visual examination of the
resulting image show that with color image there is a possibility of losing valid dot point as the
dot size is relatively small and the noise level is relatively minimized. This requires advanced
image preprocessing techniques [51]. However, image preprocessing (such as histogram
equalization, Gaussian filtering, adaptive median filter) is applied before this phase (as we have
discussed in section 4.2) to restore some of the dots by avoiding the noise. Hence, in this study
both colored and gray-level images are considered for further processing.

The results of the thresholding after applying adaptive median filtering with out adaptive
histogram equalization, as presented in figure 5.8 (a),shows that the image dot sizes have great
variation and small in size, and also some of the dots are remove. However, the results of
Gaussian filtering shows that, see figure 5.8(b), it adds more dots to the binarized images and has
more noise, and the dots sizes are relatively better than AMF. Therefore, inorder to tackle these
added dots and noise we used adaptive histogram equalization before applying filtering as we
have discussed in section 5.5.1. Adaptive histogram equalization restores some of the deleted
dots images and equalizes the dots for adaptive median filtering, however, in the case of
Gaussian filter it greatly increases the noise level by restoring the deleted dots and also increase
the dot sizes. To remove these (in the case of Gaussian filtering) noises (figure 5.8 (d)) we
Perform morphological operations on images. The result of Gaussian and adaptive filter with
histogram equalization is presented in figure 5.8 (c) and (d).
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Figure 5.8 The result of adaptive histogram equalization a) thresholding AMF without histogram
equalization b) thresholding Gaussian filtered image without adaptive histogram equalization c)
thresholding AMF image with adaptive histogram equalization d) thresholding Gaussian filtered image
without adaptive histogram equalization

For this study, we apply the Otsu’s global binarization technique on the gray scale filtered image.
As shown in figure 5.9 (a), some parts of the Braille image is difficult to identify the dots from
the background and some of the dots also connected. This problem is attacked by using the
Otsu’s global thresholding technique. Increasing or decreasing the Ostu’s algorithm diminish the
generated noise. So after extensive experimentation decreasing the threshold value by 0.065 from
the Otsu’s global threshold value generates a better Braille image, as presented in figure 5.9 (b).
This image also have some noise on the edges of the document. This is due to the fact that the
edge of the Braille is the most touchable parts. To eliminate these edge noises we cut four pixels
from the four sides of it. This techniques generates a better result without affecting the Braille
dots (see figure 5.9 c).
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Figure 5.9 Thresholding result: a) Otsu’s global thresholding  b) The new thresholding c) Edge

enhancement

Part of the MATLAB code that performs the thresholding task to enhance the quality of image is

presented in figure 5.10.

/ Threshold_level=graythresh(filtered_image);

K New_thrshold=im2bw(filtered_image, modify_threshval);

Otsu_threshold=im2bw(filterd_image, Threshold_level);

Modify_threshval= Threshold_level -0.065;

\

)

Figure 5.10 MATLAB code for thresholding Braille image

The new global thrsholding techniques produces a satisfactory results for clean, small and

medium level noise with some addition and deletion of dots. However, for high level noise, it

generates the image by deleting some of the dots and also connecting the dots at the edge of the

image. Generally, theresholding the Gaussian filtered image with additional preprocessing image

performs better than thresholding the adaptive median filtering. Because thresholding the

Gaussian filtered Braille images has good dot size and almost preserves all the dots for clean,

small, and medium noise level images.

After the binarization, or sometimes called thresholding, the scanned image has the feature that

the foreground (content of the image) is represented by black color and background with white

color. The result of these image shows that still there is a noise in the document. To remove this
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noise we analyze the pixel size of the dots in the image. Through experimentation we identify
that a dot size less 20 pixels in the documents is a noise, therefore, we avoid the dots. The output
of the binarization module is fed to the next level of processing, which is image segmentation.

5.5.5 Morphological operations

Morphology is a broad set of image processing operations that process images based on shapes,
size, neighborhood. The morphological operation is performed based on a comparison of the
corresponding pixel in the input image with its neighbors. The implementation of morphological
operations is by using MATLAB built in function *bwmorph’ majority operations. The function
sets a pixel value to 1 if five or more pixels in its 3x3 neighborhood are 1 otherwise sets the pixel
value to 0. The complemented result of morphological operation on the noisy Gaussian filtered

image is presented in 5.11.

- w - ¥ -

Figure 5.11 The result of morphological operation on the Gaussian binarized image

The result shows that the small noises in the images clearly removed. This image greatly
improves the performance of the segemetation processes because the mesh grid segementation is

constructed based on the positions of pixels in the image.
5.6 Segmentation

As indicated previously, segmentation refers to the process of separation of dots from Braille
image that can further be grouped into a cell. These cells further grouped into character, words of
any strokes in Braille. The output of this step is used as an input to feature extraction. Hence, an
algorithm that correctly segments the Braille image into cells and among the cells is crucial in

Braille recognition.
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In the present research, mesh grid segmentation algorithms adopted by Teshome [51] is used.
This algorithm is efficient in segmenting Braille image that are not connected or skewed with
similar dot size. Segmenting real-life documents are done successfully since the current system is
supported by noise filtering technique, which minimizes the noise and creates spacing between
dots. However, the segmentation algorithm encounters challenges that are created by the real-life
documents. One of the challenges is because of the fact that real-life documents have different
Braille dot size due to repetitive use and the impact of filtering. The variation of the Braille dots
greatly affects the construction of mesh grid (which is size dependent). Therefore, mesh grid
segmentation algorithm is modified such that the mesh grid is constructed by finding the

minimum and maximum dot size of the Braille dots.
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Figure 5.12 Braille dots with a) Incorrectly segmented  b) correctly segmented

The comparison of mesh grid constructed before and after modification of the algorithm is
shown in figure 5.12. As shown in figure 5.12 (a) the algorithm adopted by Teshome [51]
constructs two mesh grid for a single dot. By finding the minimum and maximum dot size the
mesh grid depicted in figure 5.12 (b) is generated. The modification of the mesh grid is not work
for all image therefore, the system to be efficient the mesh grid segmentation should be adaptive.
A high level noisy image has a large noise at the edge of the image as shown in figure 5.13 (a).
These noise is difficult to separate from the content. Constructing a mesh for such type of image

is difficult because the mesh grid segmentation algorithm is a size dependent. Therefore to
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handle such type of image, the first solution will be cutting such large dots from the document,
the second solution will be using other noise filtering technique that is proposed by AbdulMalik
et.al [2], the technique works by calculating the average gray level of the whole image, and then
calculate for row and column separately. Finally finding a row or column average gray level that
is above and below 15% of the whole image average gray level is an indication to delete it.
From the two techniques we have use the first technique i.e. avoiding the large dots with contents
and then construct the mesh grid for the image as shown in figure 5.13 (b).

@) (b)

Figure 5.13 Mesh grid for high level noise a) with large noise b) after cutting the large noise

Cutting the large noise is not a best solution because it remove the Braille dots with noise. These
greatly affects the performance of the system.

5.7 Feature Extraction

The main function of this phase is to extract the Braille dots from the segmented image and
groups them into cells [12]. The extracted features are used for testing the developed neural
network model. To this end, the present study is used context based feature extraction algorithm
adopted by Teshome [51] with some modification. The modification is that the previous system
store the extracted feature only for the current Braille image, however the current system

appends the output from the previously extracted features. For this study all of the Amharic
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Braille characters are not considered because except the basic Amharic characters with its six
forms and Arabic numerals, most of the punctuation marks and Ethiopic numerals are rarely
apply in the Braille writing [51]. The context analysis has performed to determine the status of
dots in a cell. Based on the result, the cell can be recognized as Braille character alone or part of
a Braille characters. This is because depending on the context, a Braille character may have one,
two or three cells.

The failure of constructing vertical or horizontal mesh grid highly affects the feature extraction
of the Braille document images. For example, adding or missing the construction of horizontal
mesh grid affects a maximum of the whole features in the line. Therefore, the success of the
feature extraction is highly depends on the segmentation phase. The context based feature

extraction is successful for Amharic Braille recognition.

All the features of the Braille dots are extracted and represented with 6 and 12 bits that can

turned on(1) or off(0) in any combination.

5.8 Braille Character Recognition

After extracting the features of the Braille dots they have been feed to the artificial neural
network. This section describes how the artificial neural network is created, trained and refined
to classify an input pattern(binary Braille characters) into one of the target output results (print
characters). The overall task of the recognizer is to be able to classify new input to one of the
possible output values. Since the neural network tool used for the recognizer is the MATLAB
Neural Network tool Box, the discussion on how to design, create, train and test the network is
presented below.

5.8.1 Artificial Neural Network Architecture
The Architecture of the neural network is the first task to create and train the neural network. In

this study, the architecture of the neural network created for the recognition is a feed-forward,

supervised, multilayer perceptron (MLP) network with three (3) layers — input layer, one hidden
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layer and an output layer. Only one output neuron is used that accepts the binary representation
of the segmented Braille character as an input vector. The binary representations of Braille
character as input vector are created from Amharic Braille alphabet in two standards (6 bits and
12 bits) that have equal number of input nodes to the corresponding input layer of the network.
The two inputs with two different standards are prepared representing the Braille character for
training and testing the network.

The following graphical presentation gives the visual impression of the overall architecture of
the recognition system starting from the Braille image input to the recognition phase.
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Figure 5.14 General Architecture of Braille Recognition (taken from Teshome[51])

5.8.2 Neural Network Classifier

A neural network is an adaptable system that can learn relationships through repeated
presentation of data, and is capable of generalizing to new, previously unseen data. They are a
large set of interconnected neurons, which execute in parallel to perform the task of learning. For
this study we have used feed forward multilayer perceptron (MLP) model with back-propagation
learning rule which is based on supervised learning. The approach adjusts the strength of
connection between nodes at different layers after computing the error between the desired and

the actual output of the network at each training iteration. The network is used a mean square
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error to measure the errors of learning (i.e. the error between the desired and the actual output). If
this value is found to be greater than the threshold the error will propagate back to adjust the
weights of each connection in the course of finding the optimal weight for each connation.

The network is designed with two possibilities with respect to the number of nodes at the input
layer: 6 and 12 nodes. The binary representation of the input character extracted and created in
excel file is fed to the network after some rearrangement of the rows and columns of each
patterns.

5.8.3 Braille Character Input Method for the Neural Network

To train the network the first task is rearranging the input pattern into column vector which
contain elements equal to the number of neurons at the input layers. For this purpose, the binary
representation of the characters extracted during the preprocessing stages, which is created in a
file as 6 and 12 bits pattern of Braille character, is converted into one column vector where each

preceding column of the character matrix are appended one after the other, see table 5.3.

1 1 1 1 0 1 1 1 1 1 1 0 1
1 1 1 0 1 1 0.. 1 1 1 0 1 0
0 1 0 1 1 1 0. 0 1 0 1 1 0

0 0 0 1 1 1
0 0 0 1 1 0 1

1 0 0 0 0 1
1 0 0 0 0 1 1

0 0 1 0 0 1
0 0 1 0 0 0 1 5 1 5 1 1 5

1 0 1 0 0 0

0 1 0 0 0 0

@

0 0 1 0 0 0

0 0 0 1 0 0

1 1 0 0 0 0

(b)

Table 5.3 Sample input for the neural network (a) with 6 input (b) with 12 input node
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The number of nodes in the network layer is decided to be one because each Braille character
has a unique representation of binary values. However, preparing output for the network is a
challenging task because the Amharic characters are not represented with a unique ASCII (see
table 5.4), adding the values resulted in the same value for different characters, this creates
confusion in the output. On the other hand, even if representing characters with Unicode
generates a unigue value but the value has a combination of numbers with characters, such type
of representation does not handle by the network. So, to come up with uniform mapping, the
character is assigned index starting from 1 to 34, and 1 to 267 for the four different input set and
this value is converted between the value 0 to 1 to fit the network output with Min-max

normalization formula.

V'= e (New _max , —new _min ,) +new _min ,
Ambharic characters | Latin representation | Latin ASCII code | Amharic ASCII code
Xi X@ 88 | 64 152
= - 152 152
u u? 117 | 63 180
- ’ 180 180
3 %< 37 | 60 97
a a 97 97

Table 5.4 Sample Amharic characters with the same ASCII value

5.8.4 Creating the neural network

The network created is a feed-forward error back-propagation where the type of training is
gradient decent with momentum and adaptive learning rate. These two parameters are important
for the creation of the network because learning rate is used to specify how to make adjustment
to the weights after calculating the errors on the output layer. While, the momentum parameter is
used to adjust the speed of the network for faster convergence. The principle is that, once the
direction of convergence of the learning model is known moving fast towards the minima point
speedup the learning process which helps to minimize the total time required by the network to

learn different patterns. In addition to fast convergence, the momentum constant help the
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network not to get stuck at local minima. A local minimum is a point in the learning curve where

the network error is the minimum only to points in its vicinity and not to the total learning curve.

Based on the above assumption, in MATLAB tool such facility to train the network is accessed
with training function TRAINLM. This function updates weight and bias values according to
Levenberg-Marquardt optimization. This algorithm appears to be the fastest method for training
moderate sized feed-forward neural network (up to several hundred weights). In many cases,
TRAINLM is able to obtain lower mean square errors than any of the other algorithms. This

advantage is especially noticeable if very accurate training is required.

To create network based on TRAINLM using MATLAB, the command is presented in figure
5.15:

/AmharicBraiIIeNetwork = newff(input_range,[12,1], {"tangsig’, ‘purelin’}, ‘trainlm’); \

Where:

newff; is the neural network feed-forward function,

input_range: are the minimum and maximum values at the input nodes,

{"tansig’, 'purelin’}; is the activation function at the hidden and output layers independently.
K [12, 1]; is size of neurons at hidden and output layer respectively /

Figure 5.15 MATLAB code for creating the neural network

4.8.5 Training the Neural Network

Once the network has been designed, the training input space prepared for the purpose is
introduced to the network to achieve the intended target output. We train the network by
optimizing the error function. This process determines the best set of weights and biases for our
dataset. With the objective to consider different pattern (with one/two cells) Braille character and
character type, four training dataset are prepared with the following proportion to train the

networks:

Training dataset 1: contains 34 records for basic Amharic Braille character (that use one cell

representation) and the corresponding print character code.
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Training dataset 2: contains 238 records for basic Amharic character (including the variant 34 *

7), each character presented with 12 bit (2 cells) and the corresponding print character code.

Training dataset 3: contains 257 records for basic Amharic character (38 x 7) and punctuation
marks (19), each with 12 bit (2 cells) and with the corresponding print character code.

Training dataset 4: contains 267 records for basic Amharic character (38 x 7), numerals and
punctuation marks (19), each with 12 bit (2 cells) and with the corresponding print character
code.

Once the network has been created and the training input space prepared the network is ready to
be trained. Some issues that need to be addressed upon training the network are:

e How complex are the patterns for which we train the network? Complex patterns are
usually characterized by feature overlap and high data size.

e What should be used for the values of learning rate and show

e How many Iterations (Epochs) are needed to train the network for a given number of
input sets?

e What error threshold value must be used to compare against in order to prematurely stop
iterations if the need arises?

For the purpose of this project the optimal parameters used are:

e Learningrate =0.01

e Show=50

e Number of Epochs = 1500 ( Maximum)

e Mean error threshold value = 0.0001

The line of instruction to perform the training is:

[AmharicBrailleNetwork,tr]=train(AmharicBrailleNetwork, TrainSet, TargetSet);

Where : AmharicBrailleNetwork is the neural network created in the previous section,
TraingSet is matrix where each column represents one Braille character from the dataset
and TargetSet is pattern of target output for each corresponding input.
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Accordingly, to train the network, the four Braille character input file along with the
corresponding target character file is given to the neural network. Then, it has been repeatedly
trained with the original dataset for 50 iterations, which makes a total of 1500 for each character
pattern in the training set.

4.8.6 Testing the Neural Network

After training the artificial neural network is accomplished, it is required to test the performance
of the modeled network with different test cases. In testing the network, two approaches are
implemented. The first one is testing the network with the pattern that the network is trained
with. This testing scenario helps to see if the network can recognize the original training pattern
correctly. The second approach is evaluating the network performance with new input patterns,
i.e. extracted from the Braille document which prepared as 6 and 12 bits in files.

This approach is important to evaluate the network performance with new input patterns. The
following line of instruction is used to test the network trained so far for the three training set.

Rst=sim(AmharicBrailleNetwork, TestSet);

Where: Rst is the output of the network, AmharicBrailleNetwork is the network created and
trained for different patterns; TestSet is the testing input pattern

The two artificial neural networks created for two different numbers of input nodes with four
training sets are tested for accuracy of classifying new character pattern to one of the 34 and 267
characters of the Amharic language. The output of the network could range between 0 and 1
because as we have described in section 5.8.3, the Amharic characters can’t be represented by
ASCII or the Unicode. Then, this value can be converted back into the indexed value in the range
1-34, and 1-267.

4.8.6.1 Test result using the training set

To see whether the network can recognize the character set used for training, all the four training
dataset that contain 34, 238, 257 and 267 characters set is fed to the network independently. The
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models are learn by using different learning rate, goal and epoch, and with the same show. The
output of the two networks is presented in table 5.5.

Performance/rate of recognition
Network Training set | Training set | Training set | Training set
1(34) 2(238) 3(257) 4(267)
With 6 input nodes 100% - - -
With 12 input nodes | - 100% 97.67% 97.75%

Table 5.5 Network performance for the training set

The above table shows that training the network with first order basic characters sets i.e. the 34
basic Amharic characters results in 100% recognition accuracy. This means the network
recognizes the basic characters without any miss. However, with this network we cannot test the
other training sets (i.e. training set 238, 257, and 267) because there is an input node variation.
Testing the network with 12 input nodes with the three training sets generates better results for
training set 2. All basic characters with their variant characters are correctly recognized. For
others (training set 3 and 4) almost the same level of performance is achieved. Characters that
are not correctly recognized are shown in table 5.6.

Input pattern given Expected Target | Result(error)
Tt -
oOf1(1|1|12|0|2f0f0f0|1]|0
zi Z!
1/{0(1(0j1|1}]2;0|20]|0]|1
E E!
1{1|1f1|(0f1]1]|0]|0|0]|0]|0O
1 2
ojo0|j1j1|1(12|1j0|0f0j0]0
oj0|1]1|1|1/1|1]0]|0]0]0O 2
ojof1]1|1]1/0f1]|0]1]|0]0 9

Table 5.6 Error type and list in validating the network

As presented in the table 5.5, the majority of the errors are punctuation marks. The reason behind
is the high similarity of dot representation of punctuation marks.
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From the above model 3, the model created using training set 4 is selected for further testing the

system. The rationale is that this model is trained with training set contained in the other two
models plus additional numerals set and also has the same number of errors with model training
set 3.

This time the performance is tested with 12 node network because most of the Braille documents
consist of a two cell Braille characters.

5.9 Performance evaluation of the Amharic OBR

To test the performance of the system, new testsets extracted from Braille document are used.
This test helps to see the response of the system to new character input patterns that the classifier
never faced during the training phase. As we have discussed in section 5.4 Braille documents are
grouped into four noise levels: clean Braille, small noise Braille, medium noise Braille, and high
noise level Braille. The model has been tested with a set of Braille characters for each of the
four Braille types.

e Testset 1: contains a total of 200 characters with two cells for clean image.

e Testset 2: contains a total of 200 characters with two cells for small noise level
Braille image.

e Testset 3: contains a total of 200 characters with two cells for medium noise level.

e Testset 4: contains a total of 200 characters with two cells for high noise level.

Accordingly, testset 1, testset 2, testset 3 and testset 4 have been submitted for recognition. The
system is tested on the Braille images filtered with Gaussian filtering and adaptive median
filtering. The performance of the neural network for the two filtering is presented in Table 5.7.
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Testset si Performance
Test data set estset size
Gaussian AMF
Testsetl 200 95.5% 95.5%
Testset2 200 95.5% 95.5%
Testset3 200 90.5% 87.5%
Testset4 200 65% 58.5%

Table 5.7 Performance rates for test dataset

The performance of the system for testset 1 (clean Braille images) and testset 2 (small noise) is
the same however, accuracy decreases from testset 2 (small noise Braille) to testset 4 (high noise
Braille). This indicates that the system clearly removes small noise level from the Braille image
like salt and pepper, Gaussian etc. The performance of the system decreases on testset 3 is
because of the addition and deletion of Braille dots in the image. The reason for high
performance reduction on testset 4 is addition and deletion of Braille dots, the impact of the
repetitive use, bend and highly connected Braille dots of the Braille image. Due to this, both
filtering techniques are ineffcient to restore the removed dots and separate the connected Braille
dots. In addition to this, the mesh grid segmentation is not handle the large dots that are found at
the edge of the Braille image.

In general, the decreasing performance of the system in both filtering techniques is that some
characters found in the test document for which the network is not recognize in the learning
process. This includes the substitution errors as presented in table 5.6.

Table 5.7 shows that the performance of the Gaussian is outperforms the adaptive median
filtering. This is because Gaussian filtering is better to restore dots, and also the dots have high
similarity of Braille dot sizes. Therefore, for real world Braille recognition system we

recommend the use of Gaussian filtering with morphological operations.

There is a great variation of performance between high level noise with other (clean, small noise,
and medium noise images). The reason is that the technique used to remove high connected noise

with dots in the high level noisy image is cutting. This techniques removes the dots that are parts
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of the image. Therefore, to improve the system the high level noise needs advanced noise
removal techniques that clearly separate the noise with contents. In the Amharic Braille
recognition system most of the errors are substitution and addition in the medium noise image
because, the result of adding or deleting a single dot to the image results changing the characters
to their seven forms or replaced by other characters however, in the case of high level noise there
is deletion error in addition to addition and substitution because the connected noise dots in the
image are removed by cutting.

During experimentation of the applicability of these algorithms and approaches, the adaptive
histogram equalization method for the digitized image is found to work very well instead of
global histogram equalization techniques/methods for the problem of interest.
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Chapter Six
Conclusions and Recommendation
6.1 Conclusion

In this study an attempt has been made to recognize the noisy Amharic Braille document
images. Braille has been a very effective means of written communication for the blind and the
partially sighted people. The development of the Braille recognition system can solve the
communication gap between sighted and visually impaired people.

Since most real life Braille document images are with poor quality, this research considers
different preprocessing algorithms like interpolation, noise filtering, morphology operations, and
global thresholding. The results of preprocessing stage enhances segmentation, feature extraction

and the classification task.

When we compare the Braille documents with other vision society reading materials
(documents), it is very exposed to noise due to figure reading system and poor quality of the
paper. To handle such different types of noise, Gaussian filtering with morphological operation
is better. Gaussian filter is robust in retaining the small Braille dots and remove Gaussian noise.

Test results show that there are problems of dot connectivity in some of the Braille documents.
Hence, in attempt to develop generally applicable binarization algorithm, we considered by
adjusting the Otsu’s global thresholding algotitms. The newly developed algorithm is tested with
different intensity noise level Braille in which case a remarkable result is obtained. The

advantage of this algorithm is that it controls the connectivity of Braille dots.

The construction of the mesh grid segmentation depends greatly on the Braille dot size. The
variation of the Braille dot size greatly affect the segmentation phase. Therefore, using similar
dot size (normalized dots) or by finding minimum or maximum size dots (adaptive thresholding)

gratly enhance the performance of the mesh grid segmentation algorithm.
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For classifying different input patterns an artificial neural network classifier is used. The
designed network is feed-forward back-propagation error correction scheme where desired and
actual output errors are computed and used for refining the network.

The Amharic OBR system is tested to evaluate its performance using different noise level Braille
image. The results vary from 96.5% (for clean image) to 65% (for highly noisy image) with the
type of noise level. The severity of the noise increases the performance of the system is decrease.
The most common error in Amharic Braille recognition system for medium noise level is
addition and substitution where as in high level noise addition, substitution and deletion.
However, in the case of clean and small noise image the main error is substitution due to the

problem of neural network classifier.

6.2 Recommendations

This study attempts to develop an Amharic OBR that recognizes real life Braille documents.
Future research in this area should look to the following issues,

1. Normalization techniques should be devised and integrated with present development in
Ambharic OBR, so that the system will be size independent.

2. This system uses properly scanned Braille images. The slanting of the Braille images
affects the construction of the mesh grid segmentation. Therefore, incorporating skewt/tilt
detection and correction algorithm should be develop to enhance the performance of the
system.

3. To enable the Amharic OBR system search for obvious errors and locate possible
alternative for unrecognized words, there is a need to integrate post-processing
techniques (with the help of spell checker, thesaurus, grammar, etc tools).

4. The Braille dot size can be affected by use, type of writing, and the preprocessing
algorithms used. Since the previously adopted segmentation algorithms is not flexible
enough, as expected, to make a generalized one for the recognition of different dot size,
more flexible segmentation algorithm (such as adaptive mesh grid etc.) should be
adopted.
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5. Nowadays, the uses of double sided Braille are started due to the coming of Amharic
Braille printer. The existence of this printer generates a huge amount of information.
However, the previously developed OBR system only considers single side Braille
documents. So, we propose to design an algorithm that recognizes a double sided Braille
document.

6. In the Amharic Braille recognition system neural network has a substitution error in
recognizing the characters. According to Million [35] the use of support vector machine
(SVM) classifier is advantageous because of their generalization capability. Hence, using
SVM is one of the recommendation to increases the performance of the system.

7. The Amharic Braille has a fixed features representation for each character. Therefore,
using rule based classifier instead of neural network will improve the performance of the

system.
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Appendix

I. The first version of Amharic Braille

Table 1.1 List of vowels for first version Braille

Vowels 1:4 2.5 3.6 1.5 2:4 2.6 2.6
Variant 2" |3 4™ 5™ [e™ |77
Table 1.2 List of first version Basic Amharic Braille Characters
U 1:2:4 il 2:3:4
i 1:4:5 (LY 2:3:4:5
h 1:2:4:5 0 1:6
agv 1:2:5 H 1:4:6
w 2:4:5 il 1:3:4:6
I 1:3 3 1:4:5:6
0 1:2:3 £ 1:5:6
fi 1:2:3:6 z 1:2:4:6
& 1:3:4 1 1:2:4:5:6
n 1:3:4:5 (mn 1:2:5:6
T 1:3:5 B 1:2:3:5:6
T 1:3:5:6 A 2:4:5;6
g 1:2:3:4 e 2:4:5:6
T 1:2:3:4:5 A 1:3:6
T 1:2:3:4:5:6 a. 1:3:4:5:6
A 1:2:3:5 T 2:3:4:5:6
h 1:2:6

Table 1.3 List of first Version Extended Amharic Braille Characters

4 1:2:3:4:6 2:3:4

= 1:2:3:4:6 1:3:4

I 1:2:3:4:6 1:2:3:4
T 1:2:3:4:6 1:2:4:5:%6
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The second version Amharic Braille (1945)

Table I1.1 List of second version Basic Amharic Braille character

1= 7 1= 7
U | 1:2:5 U 1:3:4:6 | 2:3:6 Ti 5 2:3:6
A | 456 A 1:2:3 @ | 2:4:56 | 2:4:6
ch Not apply 0 Mot apply
ago | 1:3:4 . 2:3 H 1:3:5:6 H 2:3:4:6
W 2:3:4 M~ |5 H | 3:5:6 H 5:6
4 | 1:2:35] C 1:2:5 v 1:3:4:5:6 | & 1:4:5:6
0 Not apply 5 1:4:5 £ 1:4:5:6
| 1:46 T 1:5:6 E | 245 & 1:2:6
¢ | 1.23.45] ¢ 4:6 1 1:2:45 |7 2:3:5:6
n |12 1l 4:5 m | 2:3:4:56 | T 1:2:3:5:6
+ | 2:3:45 | 123456 e | 1:4 g 3:6
| 16 + 2:5 A | 235 x 3:4:5:6
"t | Notapply 0 1:2:3:4:6 | 6 3:4:5:6
7 1:3:4:5 7 1:2:4:6 A Not apply
T | 3:4:6 T 2:6 O 1:2:4 L™ 5 1:2:4
A 3 A 3-4 T
h | 1:3 il 3:5

Table 11.2 List of vowels for second version Braille

Vowel none | 1:36 |24 |1 1:5 | none | 1:3:5
Variant 1% 2" [37 [4™ [5M [6™ 7"
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The third version Amharic Braille (1949E.C)

Table 111.1 List of vowels for third version Braille

Vowel

2:6

1:3:6 | 2:4

1

1.5

Independent

1:3:5

Character Variant

1St

2nd 3rd

4th

5th

6th

Table 111.2 List of third version Basic Amharic Braille character

6™ 6™
v | 1:2:5 T 2:36
A [ 1:2:3 @ 2:45:6
A | Notapply [J|O Not apply
° |1 1:3:4 H 1:3:5:6
M~ | 2:3:4 " 3:5:6
C 1:2:3:5 < 1:3:4:5:6
(1 | Notapply 1% 145
n | 1:4:6 & 245
+ | 1:2:3:45 |[|7 1:2:4:5
a1 | 1:2 ‘T 2:314:5:6
+ | 2:3:4:5 B 14
T |16 X 235
T | Notapply [l|& 1:2:3:4:6
7 | 1:3:4:5 A Not apply
T | 346 & 124
A | *1:2:356|lIT  1:2:3:4
n |13

* Symbol indicates Braille code change made on the new version.

Table 111.3 List of third Version Extended Amharic Braille Character

Ambharic irregular character

& |13 2:4:5:6
= | 1:2:3:4:5 2:4:5

T+ | 1:2:5 2:4:5:6
T 1.2:45 2:4:5:6
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IV.  The fourth version Amharic Braille (1995E.C)

Table IV.1 List of fourth Version Amharic Braille punctuation marks

Punctu.

Braille code

3

6and3

25

5and 2

4and 1

3:6

3:6and 3:6

5and 2:3:5

2

2:3

2:3:6

3:5:6

6 and 2:3:6

3:5:6and 3

2:3:6

2:5:6

2:35

3,3and 3

2:35:6

6 and 2:3:5:6

* |t | — [~ -

2:3:55:6 and 3

3:5and 3:5
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4:6and 4:6

2:4:6,2:5and 2:5

2:5,2:5and 1:3:5

4:5:6and 1:5

=2V

4:5:6 and 3:5

5:6

<

4 and 3:45

3:4

3:4:5and 3:4:5

6and 3

2:6 and 3:5

3:6

4

5:6

5

2:5and 2:5

6and 3

4:5:6 and 4:6

4:5:6,4:6 and 46

1:3:4:6

@ X

4:5

3:6,and 3:6




V. MATLAB code for preprocessing

%0% Noise detection and Removal, and Binarization

%(1)%%%%%%%%%%%%%% %% %% % %% % %% %% % %% % %% % %% % %% %% % %% % %% % %% % %% % %%
%% Read Image
clear, close all
cle
I=zimread(‘'C:\\MATLAB7\\work\\test\\Br11.bmp");
%(2)%%%%%%%%%%%%%% %% %% % %% % %% %% % %% % %% % %% % %% %% % %% % %% % %% %% % %% %
%% Convert to gray scale
info=imfinfo('C:\\MATLAB7\\work\\test\\Br32.bmp");
ctype=[info.ColorType];
if strcemp(ctype,'truecolor")
imgl=rgb2gray(l);
else
imgl=l;
end;
%(3)%%%%%%%%%% %% %% %% %% %% %% %% %% % %% % %% %% % %% % %% % %% % %%
%% Noise detection and removal
img2 = adapthisteq(imgl); %contrast-limited adaptive histogram equalization
h=fspecial(‘gaussian’,[3,3],0.5);
gauf=imfilter(img2,h,'replicate’);
amf=wiener2(img2);

%(4)%%%%%%%%%%%%%% %% %% % %% % %% %% % % %% %% % %% % %% %% % %% % %% % %% % %% %% % %
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%% Binarization
level=graythresh(amf);
levelg=graythresh(gauf);
levell=level-0.065;
levelgl=levelg-0.065;
modifiedg=im2bw(gauf, levelgl);
modified=im2bw(amf, levell);

modified(1:end,1:4)=1; modified(1:4,1:end)=1; modified(end-4.end,1:end)=1; modified(1:end,end-
4:end)=1;

modifiedg(1:end,1:4)=1; modifiedg(1:4,1:end)=1; modifiedg(end-4:end,1:end)=1; modifiedg(1:end,end-
4:end)=1;

%:(5)%%%%%%%%%%%%%% %% %% % %% % %% %% % %%% %% % %% % %% %% % %% % %% % %% % %% %% % %
%% Morphological Operations

bwgau=bwmorph(~modifiedg,'majority");

Y%bwamf=bwmorph(~modified,'majority");

imshow(~bwgau),title('origonal image");

figure,imshow(modified),title('binarized imageamf);

morphimg=~bwgau;
%:(6)%%%%%%%%%%%%%% %% %% % %% % %% %6%% % %% %% % %% % %% %% % %% % %% % %% % %% %% % %
%% Write the result to file

imwrite(morphimg,'c:\\Braille-DBase\\abay.bmp");

imwrite(modified,'c:\\Braille-DBase\\abayl.bmp");

%%%%%%%%%%%%% %% %% %% %% %% %% %% % %% %% %% %% %% %% %% %% %% %% %% %% %% %% %% %
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VI. MATLAB Code for Recognition

%neural network implementation to create model for 12 bit Braille characters
input=xIsread(‘input_267.xIs");
input=input’;
input_range=[01;01;01;01;01;01;01;01;01;01;01;01];
AmharicBrailleNetwork=newff(input_range,[12 1],{'tansig’,' purelin'},'trainim");
Time_Start=clock;
AmbharicBrailleNetwork.performFcn="mse’;
AmharicBrailleNetwork.trainparam.lr=0.01;
AmharicBrailleNetwork.trainparam.goal=0.0001;
AmbharicBrailleNetwork.trainparam.show=50;
AmharicBrailleNetwork.trainparam.epochs=1500;
AmbharicBrailleNetwork.trainparam.mc=0.8;
AmbharicBrailleNetwork.trainParam.mu_max = 1e10;
AmharicBrailleNetwork.trainparam.min_grad=1.0000e-010;
TrainSet=[input];
target=xIsread(‘output_267.xIs");
target=target’,
TargetSet=[target];
test=xIsread('features32.xls");
test=test’;
testset=[test];
[AmharicBrailleNetwork,tr]=train(AmharicBrailleNetwork,TrainSet, TargetSet);
Rst=sim(AmharicBrailleNetwork, TrainSet);
%convert the output normalized value to index value
Rst=Rst*266+1;
Rst=round(Rst);
x=xlswrite('result.xls',Rst");

time=etime(clock,Time_Start);

disp(time);
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