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CHAPTER 1: GENERAL INTRODUCTION

1. Overview

Artificial intelligence is a successful technology where most of the ideas and methods are
impossible. Today, it has become the means used in computer science. It is a study of intelligent
behavior (in humans, animals, and machines) and it can be inserted into synthetic machines,
which is the machine's capacity to make decisions in a problem, by finding a way to solve the
problem or decide by following many different inferential processes.

Artificial intelligence contributes to various fields, including the field of Character
Recognition, which seeks to be a direct link between humans and machines through the natural
language of humans (Arabic, English, French, Japanese, Chinese, etc.) whether it is through
speech or writing. Hence the need for written recognition for exploiting what has been written
by modern electronic means, the field of Character Recognition contributed to many studies

where it achieved good results in various languages.

In addition, the Arabic language is one of the most widely spoken languages in the world,
spoken by more than 467 million people living in the Arabic world besides many other
neighboring regions such as Ahwaz, Turkey, Chad, Mali, Senegal, Eritrea, Ethiopia, and South
Sudan. Thus, it occupies the fourth or fifth place in terms of the most widely spoken languages
in the world and it occupies the third place according to the number of countries that recognize
it as an official language [1]. Unfortunately, there is little Arabic computing research, especially
in the field of recognition, due to the difficulty of dealing with Arabic texts because of some

features in Arabic writing which make the recognition process difficult and ambiguous.

Therefore, the work carried out in the framework of this thesis was related to the
development of an offline recognition system for printed Arabic characters. The character
classification process was accomplished by using Convolutional Neural Networks (CNN)

which have proven their efficiency in obtaining quick and reliable recognition results.

2. Problem Statement
We are motivated by the following problems to conduct our research:

* Manual data entry takes a long time using the keyboard, and errors can occur.
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* The images containing text (printed or handwritten) are stored in a computer. The computer

recognizes this text as an image. This text cannot be processed, searched, or edited.

Therefore, developing a recognition system for printed Arabic characters can present a

suitable solution to these problems.

3. Challenges Related to Arabic Text Recognition
e Arabic Characters: The Arabic language is characterized by 28 consonants (29 if
we count the hamza), as shown in Table 1-1.

e Multiple Character Shapes: The Arabic language has 28 characters without
uppercase or lowercase. Each character has two or four shapes according to its
position in the word (Isolate, Beginning, Middle, and End), In Table 1-1, the first
column represents the letter’s order in the alphabet. The second column represents the
letter, the third column represents the letter in its isolated found rm, and the fourth
column represents the letter at the beginning of the word. The fifth column represents
the letter in the middle of the word, and the last column represents the letter at the end

of the word.
™o Name Isolate Beginning Maddle End No Name Isolate Beginning Middle End
1 Alf | B ) - L 15 Drhad o - -y =
2 Baa — - —_— 16 Tia L= L la 1=
3 Taa = = [l 17 Dha 5 b la 1=
+ Thaa s - — 18 Ain = = - -
3 Jeem - = - - 9 CGhain r £ - -
4] Haa - = e - 20 Faa — ] a —i
7 Khaa - = £ - 21 Qaf i) F] F1 ")
] Diaal 3 A 2 Kaal ] 5 [ o
9 Dl 3 22 Laam J ] IS N
1 Raa N - - y 24 Meem - - - -
11 Lan 25 MNoon ) F] a ‘_
12 Seen _ _— — o e Haa s - " -
13 Sheen o = = - 27 WA - - - -
14 Saad - - - - 28 Yaa W - =

Table 1-1: The Different Shapes of Arabic Letters.

Figure 1-1 shows the four different forms of the Arabic letter Baa (<) based on its

position in the word.
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Qs - S A L

Figure 1-1: The letter (<) in its four positions: the beginning, middle, end of the word, and

Isolated.

Some characters such as the Arabic letter Taa (<) have more than four shapes, as presented

Slajeds) s

Figure 1-2:The six forms of the Arabic character (<).

in Figure 1-2.

The Arabic language is written from right to left, as shown in Figure 1-3.

Figure 1-3: Arabic writing direction.

e Dots: The dots play an important role in Arabic characters. The shape of some
characters is similar (& « «) (& <z <€) «(2 «d) (5 <) «(& b) (& <€) (Lh ) (G )
whereas the difference arises with the position of the dot(s); (above or below the
characters) and the number of dots (one, two, three, or no dot), as shown in Figure 1-4
Fifteen characters haven't the dots in Arabic characters, ten characters have one dot,

three characters have two dots, and two characters have three dots.
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Similar Characters

The Shape of Characters

St 1l

—_—

A

o

Figure 1-4: Arabic characters similarity[2].

e Connectivity: Arabic characters are connected (cursive) within the same word, unlike

the Latin characters, as appears in Figure 1-5.

B gl Bl a1 b

(“"H'“'J*T',"") (ptatitptp ) (Hd+H+ J"‘&"“) (HHO+JH) (a4

Figure 1-5: Characters connectivity.

e Ligatures: It is the overlapping of two characters in certain syllables of words in most

Arabic fonts. Figure 1-6 shows some examples of ligatures.

Figure 1-6: Examples of Arabic Ligatures.

e Diacritics: They are used to help clarify text content and resolve linguistic

ambiguities, as clarified in Figure 1-7.
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Figure 1-7: Arabic Text with Diacritics.

e Overlaps Some letters in the word overlap in some types of Arabic fonts, as
illustrated in Figure 1-8.

Figure 1-8: Some overlapping letters in Arabic fonts.

e Sub word(s): some Arabic words are composed of sub-word(s). Figure 1-9 introduces

an example of an Arabic word with four sub-words.

9.05\44&4”‘_9
a+}a5+1_us.;.u+13

Figure 1-9: Example of Arabic word with four sub-words.

e The Arabic Text is a group of words consisting of letters, numbers (0, 1, 2, 3,4, 5, 6, 7,

8, 9), punctuation marks (!,?), and symbols (/, <, >, ...).

4. Objectives of the Present Research

Arabic is the official language of millions of people around the world. Therefore, presenting
this famous language with Arabic characters is unified, and specialized researchers needed to
improve applications in the field of Arabic writing recognition. The research objectives are:

e Another alternative to the method of entering data into the computer instead of using

the traditional keyboard.
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e Ease of obtaining a copy of the paper document without the possibility of errors in the
entry process.

e Ease of modifying and editing the paper document after converting it to an electronic
document using editing programs.

e Recognition of Arabic characters with a high accuracy rate.

5. Research Importance

e The system is used in the field of Arabic characters recognition by entering a large
number of data (printed characters), where a large number of paper-typed data is
entered into the computer in a very short time and without errors compared to
entering it in the traditional way (by the keyboard).

e Solve the problem of easy damage and loss of paper documents.

e Improving the performance and outcome of OCRs especially for Arabic texts.

e Fraud detection for manuscript characters.

6. Research Scope
There are two types of Optical Character Recognition systems (OCR): offline and online
systems as shown in Figure 1-12:
6.1. Online Character Recognition
Online Character Recognition is a character recognition process performed at the same time
that characters are written. Usually, an optical pen is used for writing characters to be displayed
on the computer.
6.2. Offline Character Recognition
Offline Character Recogpnition is recognizing the character that is present on the image and
scanned through a digital device like a scanner or camera, then the image is stored in the
compulter.
6.2.1. Machine Printed
Machine printed characters can be classified into two categories:
» Single font: Characters in the scanned image are written only in one
type of font such as Andalus shown in Figure 1-10.
» Omni-font: Characters in the scanned image are written in more than

one type of font.
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2993l (@(ld @ganll 9wl

Figure 1-10: Example of printed Arabic script: Andalus Font.

6.2.2. Handwritten
This writing style is the most challenging because the same letters may differ from
one person to another due to a person’s mode, health, and speed. Figure 1-11 presents

an example of a handwritten sentence.
)
) ) b e "
S l .
L6 & f[‘ﬁf-- VG )52

Figure 1-11: Example of Arabic handwriting.

Therefore, this research works on the offline recognition of printed Arabic characters -

Omni-font-.

~ ~
\

Characier Recogmtion

p
L 1
- ;
/( Ofn-Line ‘ On-Laine

Handwritten)

) | 1

| : | | |
\ ”~
Machine \ o Isolated

W

Cursive Words ]

Printed | Characiens

\ > . A
= { " b
Isolated
Single Font e -
Characters
-~
~ E, N
) Cuarsave
Omm Font L — —s 5 .
i Words
7 “~ >

Figure 1-12: Character Recognition Mechanisms[3].

7. Thesis Organization
The proposed structure of our manuscript can be presented as follows:
e Chapter 1: In it, we present a general introduction to artificial intelligence and its
contribution to the development of the field of natural language processing, and the

status and importance of the Arabic language among the peoples of the world. And Our
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problem statement. It presents the most important Challenges that delayed the
emergence of Arabic Character recognition systems. We also discussed the objectives

and importance of the research. and mentioning the types of Characters Recognition.

e Chapter 2: Here we show the definition of a dataset in the Oxford Dictionary. and the
importance of data set in machine learning and artificial intelligence projects. We also
show the definition of a database for our project and how it is collected and stored.

e Chapter 3: This chapter presents previous studies.

e Chapter 4: In this chapter, the printed Arabic character recognition system is described
Where a detailed presentation of the system is presented.
e Chapter 5: It contains the most important findings of the research in addition to

discussing the obtained results.

And in the end, the conclusion, which contains the summary of the research as well as the

prospects for this system.



CHAPTER 2: THE USED DATASET

1. Introduction

Artificial Intelligence is the transfer of the cognitive ability of the computer and the
performance of any intellectual task with the same accuracy that comes with the human being.
Machine Learning is an analytical approach associated with Artificial Intelligence and
technology to learn regularity and judgment criteria from relatively large data and to predict
and judge unknown things. The main idea behind machine learning is that a computer can be
trained to complete tasks that are impossible for the human mind. Deep learning contributes to
achieving the goals of machine learning on the system more systematically.

In most cases, computers are programmed to simulate the task of the human brain using
Artificial Neural Networks ANNS.

Impulses carried toward cell body
dendrnite

. \ presynaptic
f ~ termenal

call bosly

Impulses carried away

from cell body /
Figure 2-1: A Biological Neuron

As shown in figure 2-1, a neuron is a cell whose task is to transmit an electrical signal under
certain conditions. It consists of a nucleus and the body of the neuron is connected on one side
by a group of dendrites (the entrance to the cell) and on the other hand the axon (the entrance
to the exit). While neurons receive electrical signals at the level of dendrites, they transmit them
to the axon. In addition, the synapse is the part where the entire signal is transmitted from cell
to cell. The human brain consists of countless neurons trying to process, interpret and classify

data and compare it with previous data.

15
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Artificial intelligance

Figure 2-2: Relation between Al, Machine Learning, and Deep Learning

However, deep learning is a subset and complementary to machine learning algorithms and
takes another concept in the name of Deep Neural Networks. Figure 2.2 shows the relationship
between Artificial Intelligence, Machine Learning, and Deep Learning.

Deep Learning is trained to handle unlimited amounts of data by adding layers to a network.
The deep learning model can extract properties from raw data without the need for specific
rules. This is done through multiple processing layers consisting of several linear and nonlinear
transformations.

Supervised learning is an approach to create Artificial Intelligence (Al), in which a computer
algorithm is trained on input data that has been labeled for a given output. The model is trained
so that it can detect basic patterns and relationships between input data and output labels,
enabling it to obtain accurate classification results when presented with data it has never seen

before.

Supervised learning is good for classification and regression problems, such as character
recognition. In supervised learning, the goal is to understand the data in the context of a specific

question.

2. DataSet

Oxford Dictionary defines a dataset as “a collection of data that is treated as a single unit by
a computer”. This means that a dataset contains a lot of separate pieces of data but can be used

to train machine learning algorithms, to find predictable patterns inside the whole dataset.
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Now it's important to collect this data into datasets. Sufficient volumes of data must be
analyzed to extract hidden patterns and make decisions based on the dataset. However, this
process is more complicated since it requires a proper treatment of the data to be usable.

Usually, a dataset is used not only for training purposes. A single training dataset that has
already been processed is usually split into several parts, which is needed to check how well
the training of the model went. For this purpose, a testing dataset is usually separated from the
data. Next, a validation dataset, while not strictly crucial, is quite helpful to avoid training your
algorithm on the same type of data and making biased predictions [4].

Figure 2-3 depicts the data division used in machine learning projects, where a large amount
of data is required because machine learning models and Al projects cannot be trained without
data. One of the most important aspects of creating machine learning and artificial intelligence
projects is gathering and preparing the data set. Any machine learning project's technology
cannot function properly unless the data set is properly prepared and processed beforehand.
Developers rely entirely on data sets when working on a machine learning project. When
developing machine learning applications, the data set is split into two parts:

e Training dataset.
e Testing dataset.
e Also, a part of the training set is allocated for validation, which is called the

validation set.

The training set is the data that the algorithm will learn from. Learning looks different
depending on which algorithm is used. Following training with the training set, the image in
the validation set is used to calculate the workbook's accuracy or loss, where accuracy is one
metric for evaluating classification models. Informally, accuracy is the fraction of predictions
our model got right. Formally, accuracy is the number of correct predictions out of total number
of predictions and loss is the penalty for a bad prediction. That is, loss is a number indicating
how bad the model's prediction was on a single example. If the model's prediction is perfect,
the loss is zero; otherwise, the loss is greater. The goal of training a model is to find a set of
weights and biases that have low loss, on average, across all examples.

The basic idea here is that we know what the true labels are for each image in the validation
set, but we're pretending we don't. Each image in the validation set can be used as input to our
classifier. After that, we'll get a rating for that image. We can now check the actual label of the
verification image to see if we were correct. We can calculate the validation error if we do this

for each image in the validation set. Following training with the training set, the image in the
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validation set is used to calculate the workbook's accuracy or loss. The basic idea here is that
we know what the true labels are for each image in the validation set, but we're pretending we
don't. Each image in the validation set can be used as input to our classifier. After that, we'll get
a rating for that image. We can now check the actual label of the verification image to see if we
were correct. We can calculate the validation error if we do this for each image in the validation

set.

Full DataSet

L h 4

Training Set Testing Set
|
; x |
Training Set Validation Set | | Testing Set
Training

Machine Learning
Algorithm

Classification/Predictive «

Final performance estimate

Figure 2-3: Splitting of a dataset into training, testing, and validation datasets [5].

3. The Used DataSet

Datasets are necessary components of any computer vision system. The normative dataset

enables researchers to quickly and fairly compare various methods and techniques for machine
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learning. In this section, we describe the dataset which we have used in our research. It contains
Arabic printed characters in different positions, the numbers from (0-9), and some symbols
(<,>, (,)) which were collected from Microsoft Word software. Data was collected in various

formes.

Next, we explain the process of data acquisition and pre-processing, and we provide a

detailed description of the dataset.

4. Data collection

For data collection, the matrix (11*13) was printed in Microsoft Word software, as shown
in Figure 2-4. As the Arabic alphabet has 28 characters, the matrix then represents 143 different
characters shapes based on the character positions: at the beginning of the word, at the end of
the word, and in the middle of the word, in addition to numbers (0, 1, 2, 3,4, 5, 6, 7, 8, 9) and

some symbols (¢, >, <, (), /,2,).

S o o+ 4o L)L L
= x> & S A 3 S A& A
3 > 3 o S & o
Ao o M e e ) o)
b wp o 0 o or e W P o
& 2 S ¢ b h b b b
2 3 S & xR S a9 & K3 S
P A=
y o N 0 S 3 & o
4 ; pe ¥oa 0 ce . 3 4
DA S S T S SV SR SRS
0 9 g 7 6 5 ¢ 3 2 7
L - )

~ o L. P {'Jq:-“(‘()'ts-?f}»‘c\f L. —

Figure 2-4: DataSet Matrix.
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5. The Compiled DataSet

Several Arabic printed datasets were introduced by the community during the past time,
including DARPA, APTI, PATDB, APTID/MF, and RCATSS [6]. Nonetheless, there is no
agreement on a standard dataset that the community can use for benchmarking printed text

recognition. As a result, the available datasets differ in terms of content, size, formatting styles,

and font types. The main objective of this work is to recognize the Arabic text that was printed.

For that purpose, no suitable ready dataset. For that, this dataset was prepared using the (21)

fonts depicted in Figure 2-5 below where characters were written in different types (21 types
of fonts) and sizes (20 to 41) of fonts.

Font Type :

Font exemple :

(A) Arslan Wessam B

Sandl Al S (s, S Bl S el el ke e

A Hemmat

ozl aleill 4,385 plasiuwl Acgahall a el ol (she Coyeill

AGA Aladdin Regular

Copen) el ks ol xsianly Exsguabl &gy 2N e gaill s b il

Akhbar MT

Guaal) plaill L85 plasinly Legubll Lo yall pogadll e U3 yasll

Andalus

Fsaxll glegll 2585 glangaly 22ggball By sl (momill @l 2 yesll

Arabic Typesetting

Geedl) M) L plasaal deglall dp ) josadl fe ol

Aref_Menna

sl alsal| 3x3as ol a3l Aegrhall 8y 2l wogaill gle O sl

Arial

Grand) alaill 4585 AlaAinl Ao sdaall Ay el G geadll Sle el

Calibri Light

Grandl @ladll 305 oldsuinl de gulaol) & yall Lo geaidl e C3yaill

DecoType Naskh

Crmall o 2 plasZ A lal) il ol e O30

DecoType Naskh
Special

Cpom| AR o Al Lyl ol s 3,0

DecoType Naskh

Variants el adal e slasialasdallig Al pogadl e s 2l
F5_Nice @02\ aled) auid) e\ asdul aegubal) anyal pogedl e vyad
Hayah &1a2)) pl2il] 44185 plaaiuly dcquinall Ayl goginil) e By=ill
K Kamran Geodl (eladl| 4l (ol pitinly e ghol] ypdl] opal] e sl
Kamran

Gl (ele| &it7 (ol pianly degiholl dypel] ogal] e sl

Monotype Koufi

Juoall olasill daids olsidiamls dc gsholl dassall jagnill gle .50l

Mudir MT

Grord | ol A5 plusiasls A2 guland | Ayl oguaildl e Byl

Sakkal Majalla

Guaall @lazll duas alusswl dcgdall dpall ogadl (Je (8,21l

Times New Roman

M‘M‘%ﬁs#mb&#‘@ﬂ‘ 04}.4.‘1.\\‘;:_@):5]\

Traditional Arabic

Goeall adl 335 alisanl Asgloll Ay all psedl e 3 oad)

Figure 2-5: The Set of the Selected Fonts.
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6. Data Storage

Divide DataSet matrices into characters and save them as images. Next, the set of images of
the same letter was saved in different forms (Isolate, Beginning, Middle, and End words). After
that, we label the folder in Latin characters to represent each character in the dataset.

As a result, 84162 files were obtained and classified into 58 classes, as shown in Table 2-1,
the first column represents the order of the letters in the alphabet. The second column represents
the letter, and the third column represents the name of the folder in which the images of the
character mentioned in the second column were collected. The name of the folder is named in
Latin letters to pronounce the letter to which it belongs, and the fourth column represents the
number of images for each letter. The last column represents the ratio of the number of images

for each category to the total number of the dataset.

Chara- | Folder M Percent- Chara- | Folder Name(Classe) M Percent-

ctrer : | Mame(Classe) | Files: | age: ctrer Files : | age:
1! Alif 1134 | 1.34% 30| Hamza Above Alif 1134 | 1.34%
2 | = Baa 2268 | 2.68% 3 Hamza Under Alf 1134 | 1.34%
3 | < Taaa 2268 | 2 6B% 32| s Hamza Alif Broken 1134 | 1.34%
4 | = Thaa 2265 | 2.6B% 33| 5 Hamza Above Waaw 1134 | 1.34%
5 | = Jiim 2268 | 2.68% 34| Y Laaa 1134 | 1.34%
B |~ Taa 2268 | 2.68% 35 | ¥ Laam and Hamza Above Alf| 1134 | 1.34%
7 |7 Ehaa 2268 | 2.68% 36| Y Laam and Hamza Under AlLf | 1134 | 1.34%
B |= Daal 1134 | 1.34% 37 | =] Laam+7aa 260 0.3%
g |z Thaal 1134 | 1.34% 38 | == Miim+Taa 170 0.2%
10| & Eaa 1134 | 1.34% 39| = Alif Broken 1134 | 1.34%
11| 2 Laay 1134 | 1.34% 40 | = Taaa Closed 1134 | 1.34%
12| = S1in 2268 | 2.68% a0 ] 1085 | 1.34%
13 | & Shiin 2268 | 2.68% 421 1 1085 | 1.34%
14| = Saad 2268 | 2.68% 43| 2 2 1085 | 1.34%
15 | = Daad 2268 | 2.68% 44| 3 3 1085 | 1.34%
16| = Taa 2268 | 2.68% 45| 4 4 1085 | 1.34%
17 | & Thaaa 2268 | 2.68% a6 | 3 3 1085 | 1.34%
18| 7 3yn 2268 | 2.6B% 47 | 6 ] 1085 | 1.34%
19 | & Ghayn 2268 | 2.68% ag | 7 7 1085 | 1.34%
20| = Faa 2268 | 2.68% 45 | & 3 1085 | 1.34%
21| & Gaaf 2268 | 2.68% 50| 9 Q 1085 | 1.34%
22 | < Kaaf 2268 | 2.68% 51! Exclamation Marls 567 0.67%
23| d Laam 2268 | 2.68% 52| T Cuestion Marks 567 0.67%
24 | - Miim 2268 | 2.68% 53 | = Inferieur a 567 0.67%
25| 0 Nuun 2268 | 2.68% 584 | = Superieure a 567 0.67%
26 | = Haaa 2268 | 2.68% 85| ( Left 567 0.67%
27| s Waaw 1134 | 1.34% 56 | ) Fight 567 0.67%
28 | Yaa 2268 | 2.68% 57| Slash 567 0.67%
29| = Hamza 567 0.67% 58| : 2Poimts 567 0.67%

Table 2-1: DataSet Storage.
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Some Images from DataSet

Figure 2-6 depicts a sample of Arabic printed characters written in different word positions

and different fonts. Some ligatures are also introduced below.

Alif 1

(&2
Alif_Broken 1

d

Ayn

Daal 1

Haaa 1

Laaa 1

Raa 1

Siin (1)
Lo

Taa (1)

28

Waaw (1)

C

Alif 2

]

Alif_Broken 2

-

Ayn 2

Daal 2

Haaa 2

Laaa 2

Raa 2

Siin (2]

da.

Taa (2)

X

Waaw (2]

Alif 3

(>

Alif_Broken 3

-

Ayn 3

Daal 2

Haaa 3
W

Laaa 3

Raa 3
e
Siin (3)

b

Taa (3)

28

Waaw (3)

L

Alif 4

(o=

Alif_Broken 4

&

Ayn 4
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Daal 4

Haaa 4
|

Laaa 4

Raa 4
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Siin (4]
L

Taa (4)

X

Waaw (4)

|

Alif 5

6

Alif_Broken 5

h

Ayn 5

b

Daal 5

Haaa 5

Laaa 3

Raa 5

whid
Siin (3]
.2

Taa (3)

o

Waaw (3]

Figure 2-6: Some Images from DataSet.
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7. Conclusion

that most research literature uses multiple datasets for various uses of some recognition
systems, for example, successfully accomplished high accuracy because they used a small
dataset. However, the lack of a reference datasets for the Recognition of printed Arabic
characters that cover all shapes of Arabic characters and include overlapping characters makes
it difficult to compare different approaches and evaluate their accuracy consistently. The
proposed dataset is intended to include all shapes of Arabic characters, including those that
overlap. It includes 84162 files with character shapes written by 21 different fonts.



CHAPTER 3: LITERATURE REVIEW

1. Introduction

Character recognition refers to technical operations that a computer performs to convert text

written on images, whether handwritten or printed, into text files. The computer requires

character recognition software to perform this task. This allows you to retrieve the existing text

in the image and save it in a file that can be used in a word processor or stored in a database by

a computer system. Today, there are many character recognition engines in use, some are paid

and some are free, which recognize the Arabic text using a large amount of data and various

techniques.

2. Previous Studies

The quality and accuracy of character recognition tools have become more effective and

improved over the years. Today, there is a wide range of character recognition systems available

for use. Table 3. 1 introduced a sample of previous character recognition studies carried out in

the last seven years:

Year:

Langu-

age:

Search Name:

Method:

Accur-

acy:

Researchers:

DataSet:

2020

Arabic

Algorithm design to
recognize continuous
Arabic writing

using artificial neural

networks [7].

Gradient
Descent

Algorithm

82%

-Abdul Hafeez
Hamed
Muhammad
Babiker

200 Arabic
words:
-(100)
Quranic
words
-(22) Arab
countries
-(28)
Islamic
countries
-(50)
Sudanese

cities

24
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2020 | Arabic | Developing an | CNN 99.86% | -Tahmi hassina | -60.000
efficient CNN model training
for recognition images
Handwritten  digits -10.000
[8]. testing

images.

2019 | Arabic | A novel features and | Svm 99.2% - Amani Ali. 16800
classifiers fusion CNN - Ahmed Ali characters
technique for | Mlp - M. Suresha,
recognition of Arabic
handwritten character
script [9].

2020 | Arabic | Efficient Arabic | LR, LDA, | <50% Said Gadri 13440
Handwritten KNN, DT E;‘i‘ggsg
Character (CART), -3350
Recognition based on | NB, SVM. Erensgggs
Machine  Learning
and Deep Learning CNN 95,15%

Approaches [10].

2019 | English | Size invariant | Svm 98.08% | A. Yousaf, 19.422
Hindian | handwritten character | ANN Digits M. J. Khan, English
kannaba | recognition using HMMs 96.98% | M. J. Khan, 7.720 digits

single layer alphabets | N. Javed,
feedforward H. lbrahim,
backpropagation K. Khurshid,
neural networks [11]. K. Khurshid,

2019 | English | Automated grading | CNN 92.86% | -Eman Shaikh, | 250 images
for handwritten Iman
answer sheets using Mohiuddin,
convolutional -Ayisha
neural networks [12]. Manzoor

Ghazanfar

Latif,
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-Nazeeruddin

Mohammad.

2019 | English | Performance ANN 88% -Muna Ahmed | 60000
comparison of ANN -Dr. Ali Imam | training
and template Abidi images
matching on English 10000
character recognition testing
[13]. images

2019 | English | Intelligent character | FCNN 92.4% -Raymond 12000
recognition using the | (fully Ptucha word
fully  convolutional | convolu- Felipe Petroski
neural net- tional Such;

Works [14]. neural -Frank
netWorks) Brockler

2018 | Arabic | Optical character | Multi- 92.10% | -Syed.S. 98.4%
recognition  system | channal -R.Rizvi's ; training
for nastalique Urdu- | neural -Sagheer images
like script languages | network Abbas; and
using supervised | (MCNN) - Muhammad | 97.3% of
learning [15]. Adnan Khan; | testing

- Muhammad | images
Asadullah.

2018 | Arabic | Deep sparse auto-en | Sparse 99.40% | - Najoua Rahal | 1414
code features learning | autoencoder -Amir Hussain | training
for  Arabic  text | (SAE) images
recognition [16]. Hidden 6472testing

Markov images
(HMMs).

2017 | Arabic | Making scanned | Svn 97.30% | Rand. 109 Arabic
Arabic  documents Elanwar, document
machine-accessible Wenda. Qin,

using an ensemble of
SVM classifiers [17].

Margrit. Betke,
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2017 | English | Accurate recognition | Hog 90% - Bolan. Su 1156
Indian | of words in scenes | Rnn - Shijian. Lu, | training
without character images
segmentation  using 1110
recurrent neural testing
network [18]. images
2017 | English | Robust shared feature | CNN 95.46% | - Z. Feng, 23179
Chinese | learning for script and - Z. Yang, training
Indian | handwritten/machine- - L.Jin, images
printed identification - S. Huang, 7750
[19]. - J. Sun, testing
images
2016 | Arabic | Arabic Handwritten | CNN 100% -Samar  Fath | 350
Names by using Deep | (Holistic AlRahman training
learning [20]. approach) Babiker Adam | images
-Mayada 70 testing
Hamad Al | images
Obaid

3. Novel Contributions

We can introduce our contributions as follows:

Table 3-1: A sample of previous character recognition studies.

e Using an efficient method to recognize mixed fonts printed Arabic characters.

e Collecting a large number of images (thousands) that can be used for educational purposes

related to data mining and processing.

e Covering a wide range of characters that should exist in text files besides the letters such

as digits and punctuation symbols.

The achieved results are quite encouraging. We propose enhancing these findings by

modifying various model parameters such as the number of filters, the number of convolution

and max-pooling layers, the size of each filter, and the number of training epochs, and the size

of data batches.




CHAPTER 4: THE PROPOSED RECOGNITION
SYSTEM

1. Introduction

This chapter presented the working environment and the various steps to implement a
recognition system for printed Arabic characters .

This chapter aims to present offline recognition of the printed Arabic characters and evaluate
its performance, which was implemented using the Convolutional Neural Network.

There are several major steps in the development of the proposed system. Each step affects
the accuracy and performance of the recognition, so we concentrate on improving the character
recognition accuracy by employing effective features, which are capable of improving
recognition accuracy by extracting information related to the statistical shape of the characters.
2. Architecture of the Proposed System:

The system input is a scanned image of an Arabic letter, a photograph taken with the camera,
or an image stored on a computer, as shown in Figure 4-1, and the output is the printed Arabic

character.

Printed Recognition The
Arabic of Printed Recopnized

Character Arabie Character
[mage Characters

Figure 4-1:General view of the system.

Figure 4-2 depicts a detailed view of the system, in which the image goes through four steps
before the character is recognized. Each of these steps will be discussed separately in the

following sections.

28
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[ Image A cguisition ]

|

Pre processing

Feature Extraction

[ Classaftication ]

Figure 4-2: The Proposed printed Arabic characters recognition system.

2.1.  Image Acquisition
The first step in the recognition of the printed Arabic characters system is image acquisition.
Image acquisition aims to convert an optical image (real-world data) into a numerical array
that can then be manipulated on a computer. Image acquisition is accomplished through the use

of scanners as shown in Figure 4- 3:

Image Acquisition

J

Image File
Arabic Text || | == | Scanner |== Image

document n file

o ——— ———————— —

1
s . e o e

Figure 4-3: Image Acquisition.

2.2.  Preprocessing
It is a series of operations that occur on the image file which are aimed at improving the

images and removing redundant in the recognition process. For any image processing
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application, the image requires going through the preprocessing step which incorporates the
procedures such as shifting, binarization, diminishing, smoothing, and so on. The goal of the
preprocessing phase is to reduce the level of noise without changing the information in the
document [21], as shown in Figure 4-4:

Pre processing

Image File ;—{ gl’ﬂ}’SCﬂl& images

[ Noise Removal & Binarization

|

Invert images

H - H
F =

Remove Borders

H %, <2

H - H
s =

Character Enhancement (Dilation)

H .,

Uniform images sizes

Clean Image

Figure 4-4: Image Preprocessing Phase.

2.2.1. Adjusting Colors Intensity (grayscale images)
The images have three-channel RGB (height x width x 3), which were converted from a 3-
channel color (RGB) into a single channel grayscale image (height x width x1). The channels

were reduced by using an Open CV function as described in the Figure 4- 5.

:
=

——

Color Image Consisting Gray Scale Image Consisting
of three Channels of Single Channel

Figure 4-5: Grayscale image.
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2.2.2. Noise Removal and Binarization

Noise is caused by a change in pixel value or the addition of an unwanted bit pattern that has
no meaning in the output. It could be introduced during the acquisition procedure as a result of
image reproduction and transmission. It's the same as making gaps in document lines, filled
loops, or disconnected segments. Noise is commonly found in low-quality documents. This
noise appears as either isolated pixels or off-region pixels. Filtering can help us remove this
noise.

Moreover, binarization is the process of converting a colored image into one that only has
black and white pixels (black pixel value=0 and white pixel value=255). As a general rule, this
can be accomplished by setting a threshold (normally threshold=127, as it is half of the pixel
range 0-255). If the pixel value exceeds the threshold, it is considered a white pixel; otherwise,
it is considered a black pixel.

» Otsus Binarization Algorithm was used for Image Thresholding and Noise Removal.

Threshold

ee--

grayscale images binary images

Figure 4-6: Binary Image.

 Otsus Binarization Algorithm: The objective of this method is to calculate the
boundary value of the binary images (the images have two values in the graph). For
non-binary images, non-binary images, Otsu's algorithm will not be accurate.

In Figure 4-7, the input image is noisy in the first case, we will apply general
Thresholding V=127(Simple Thresholding) to the image. in the second case, we apply
Otsus Binarization Algorithm. in the third case, we will first remove the noise from
the image by applying a Gaussian filter and then apply the Otsus Binarization
Algorithm.



Chapter 4 — The Proposed Recognition System

Original Noisy Image Histogram Global Thresholding (v=127)

Lt ? : N L o -

e e s U g‘:;i‘t_:'__‘_;;_“_ A
Original Noisy Image Histogram Otsujs Thresholding

N e
M U YU

Gauss;;\n ﬁ]feréd Image Histogram Otsu"s Thfesholding

Figure 4-7: Otsus Binarization Algorithm.

2.2.3. Invert images
Inverting an image is inverting the pixel values, this converts the white pixels to black

(background) and the black pixels to white (Characters). As shown in the figure 4-8:

[nvert
-

bmary image Invert binary image

Figure 4-8: Invert the image.
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2.2.4. Remove Borders
The main purpose of this step is to cut the unimportant part from the four sides (Top, Bottom,
Left, and Right) of the image (Columns and rows whose sum is 0) and save the image region

of interest, as shown in figure 4-9:

.

Figure 4-9: Remove Border.

2.2.5. Character Enhancement (Dilation)

Dilation is a primary image operation. Dilation is used to dilate binary images. The primary
effect of dilation on a binary image is to continuously increase the boundaries of foreground
pixel regions (for example, white pixels, typically). As a result, foreground pixel areas grow in
size, while holes within those regions shrink. Figure 4-10(b) shows the Dilation process of
Figure 4-10 (a).

Figure 4-10: Character Enhancement (Dilation).

2.2.6. Uniform images sizes

The image has been reduced to a fixed size which can be entered into CNN, the larger the
image size, the greater the processing time. The delay can be reduced by dimensions reduction.
The standard set by the MNIST dataset was followed to reduce the image size to (28x28), as
clarified in figure 4-11:
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P, ™

i
(28x28)

Figure 4-11: Resize.

2.3.  Feature Extraction

The feature extraction phase's goal is to take the most important and discriminating
characteristics of the character image to recognize. The selection of various advantages can
have a significant impact on the classification performance.

In our system, convolutional neural networks were used for feature extraction.

2.3.1.  Convolutional Neural Networks

The name” Convolutional Neural Network” indicates that the network employs a
mathematical operation called convolution. Convolutional networks are a specialized type of
neural network that uses convolution in place of general matrix multiplication in at least one of
their layers [22]. It is a class of Deep Neural Networks (DL) inspired by the visual system of
living things. It is more popular for analyzing visual images. It provides effective solutions to
many problems and structures due to a strictly mathematical perspective that improves
machine-learning methods to recognize letters. Networks are local connections, shared weights,
aggregation, and the use of multiple layers. CNN is based on a mathematical operation called
convolution. Convolution is a specialized type of linear operation. At least one matrix
multiplication in its layers to play each pixel in the image with each value of each kernel.

The goal of the latter is to generate a lot of original images that enhance the different features
extracted from the original images, making the classification process more powerful in CNN.
The network contains a sequence of layers, as will be explained in detail soon.

First, Convolution: extract features and apply filters.

pooling Max Reduce size and keep mission features.
Faltering Convert to a one-dimensional array.

There are two main parts to a CNN architecture, as shown in the figure 4-12:
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e A convolution tool that separates and identifies the various features of the image for
analysis in a process called as Feature Extraction.
o A fully connected layer that utilizes the output from the convolution process and

predicts the class of the image based on the features extracted in previous stages.

Fully

Convolution Connected

Pooling .- o
Input E .. O, Output

T -

Feature Extraction Classification

Figure 4-12:Convolutional Neural Networks

2.3.1.1. CNN architecture and layers:

Convolutional Neural Networks (CNN) is a type of feedforward network that is also known
as a multilayer perceptron and is trained using backpropagation. The primary goal of CNNs is
to recognize visual patterns in images. CNN inputs are processed through a series of steps
known as layers. The convolutional layer is the first layer of a CNN, and it is followed by the
ReLU layer, pooling layer, normalization (flattening) layer, and fully connected layer.
2.3.1.1.1. Convolution Layer

The CNN's core building block is the convolution layer. It carries the majority of the
computational load on the network.

This layer is the first layer that is used to extract the various features from the input images.
In this layer, the mathematical operation of convolution is performed between the input image

and a filter of a particular size MxM. By sliding the filter over the input image as shown in the
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figure 4-13, the dot product is taken between the filter and the parts of the input image with
respect to the size of the filter (MxM).

Kernel

3)

)

(5)

(6)

Figure 4-13:1lustration of Convolution Operation

This layer computes the dot product of two matrices as shown in the figure 4-14, one of
which is the set of learnable parameters known as a kernel and the other is the restricted portion
of the receptive field. The kernel is smaller in space than an image but more detailed. This

means that if the image has three (RGB) channels, the kernel height and width will be small,
but the depth will span all three channels.
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Figure 4-14:Convolution Operation

The kernel slides across the image's height and width during the forward pass, producing an
image representation of that receptive region. This generates a two-dimensional representation
of the image known as an activation map, which contains the kernel's response at each spatial

position in the image. A stride is the sliding size of the kernel.

2.3.1.1.2. Pooling Layer
In most cases, a Convolutional Layer is followed by a Pooling Layer. The primary aim of
this layer is to decrease the size of the convolved feature map to reduce the computational costs.
This is performed by decreasing the connections between layers and independently operates on
each feature map. Depending upon method used, there are several types of Pooling operations.
In Max Pooling, the largest element is taken from feature map. Average Pooling calculates

the average of the elements in a predefined sized image section, as shown in the figure 4-15.
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Figure 4-15:Pooling Operation
2.3.1.1.3. Flattening Layer

Pooled feature maps are flattened into a vector of input data to be passed through the fully
connected layer in this step. Figure 4-16 depicts a flattening operation in action.
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Figure 4-16:Example of Flattening Operation.

2.3.1.1.4. Fully Connected Layer

A fully connected layer is one in which a convolutional neural network evolves into an
artificial neural network. This layer is shared by all neurons. By the end of this layer, the
network has made a prediction, and the cost function, also known as the loss function in
Convolutional Neural Networks, has been calculated. The loss function measures how accurate

the network is, and to improve its effectiveness, weights, and feature detectors are adjusted.
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In general, at the final fully connected layer, a special activation function is used to generate
a probabilistic result for each class. For multi-class problems, mostly the Softmax function is
preferred.

2.3.1.1.5. Softmax Function
The softmax function calculates the probability of each class. In other words, it shows which
class the input is more likely to match and since it outputs the probabilities, the sum of all values
equals 1. Softmax function can be expressed as:
e*k

softmax(x,) = W
i=

Here, C is the number of classes.

2.3.2. Building Deep Convolutional Neural Network Model

A framework library in computer programming comprises preset routines for certain
purposes. Deep learning frameworks such as Pytorch, Theano, and TensorFlow are popular.
Keras, a high-level neural network API, was used for implementation in this study. Keras is a
deep learning API open-source written in Python, running on top of TensorFlow’s machine
learning platform. It was developed with a focus on enabling fast experimentation. Being able
to go from idea to result as fast as possible is key to doing good research [23].

The time required to train a Deep Convolutional Network may vary depending on the size
of the dataset and available processing power.

Furthermore, Anaconda JetBrains PyCharm Community Edition 2019.3, the scientific
python development environment was used for programming purposes.

The dataset was divided into training and testing sub-datasets to assess network performance.
The training set is used to train the model using known outputs, while the testing set is used to
evaluate the final model performance after training. A frequent ratio for partitioning datasets is
80% to 20%, which is also known as the Pareto principle [24]. This means that 80% of the data
is used to train the network and 20% is utilized to verify it.

To recognize printed Arabic characters in this study, the dataset was first divided by 80
percent to 20 percent, with 67542 images used for training and 16620 images used for testing.
In testing, the images were chosen at random.

Because there is no rule of thumb for suitable layer setup, the best way to start a deep neural

network configuration is by trial and error. Because the primary goal of this study is to classify
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the given input into 58 classes, multiple layer configurations were tested with the created dataset
to attain better testing results.

We created two models to classify and compare the results between them.

2.3.3. Training

During Model training, we strive to minimize the loss while also ensuring that the model
generalizes effectively on new data for the model to capture the underlying structure of the data.
Iterative updates are made to Convolutional Neural Network training. A single training period
is insufficient and leads to underfitting where underfitting is a scenario in data science when a
data model is unable to correctly represent the relation between input and output variables,
resulting in a high error rate on both the training set and unseen data. It happens when a model
is overly simplistic, which might happen when a model requires more training time, more input
characteristics, or less regularization. When a model is underfitted, it cannot identify the
dominating trend in the data, resulting in training mistakes and poor model performance. A
model that does not generalize effectively to new data cannot be used for classification or
prediction tasks. The ability to generalize a model to new data is ultimately what allows us to
utilize machine learning algorithms on a daily basis to make predictions and classify data.

Given the complexities of real-world challenges, training a Convolutional neural network
may require hundreds of epochs where in machine learning, an epoch is defined as one complete
run of the training dataset through the algorithm. This number of epochs is a critical
hyperparameter for the algorithm. It defines the number of epochs or full passes of the whole
training dataset through the algorithm's training or learning phase. The dataset's internal model
parameters are modified with each epoch. As a result, the batch gradient descent learning
algorithm is named after a single batch epoch. An epoch’s batch size is often one or more and
is always an integer value in what is epoch number.

When developing a Convolutional Neural Network model, we set the number of epochs
parameter before the training starts. However, we don't know how many epochs are appropriate
for the model at first. We must determine when the network will achieve high recognition
accuracy based on the Convolutional neural network design and data set.

To determine model convergence for Convolutional neural network models, learning curve
graphs are commonly examined. In general, we produce graphs of loss (or error) vs. epoch or
accuracy vs. epoch. As the number of epochs rises during training, we predict the loss to reduce
and the accuracy to increase. However, we anticipate that both loss and accuracy will normalize

at some time.
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As a result, we anticipate that the learning curve graphs will improve over time until they
reach convergence. If we continue to train the model, it will overfit, and validation errors will
rise.

2.3.4.  CNN Model 1

In machine learning, data normalization is used to make model training less sensitive to
feature size. This enables our model to converge to better weights, resulting in a more accurate
model. The model also contains two convolution layers with a filter size of 3x3 in every layer
they are followed by a max-pooling layer that has a pool size of 2x2, respectively. The first
convolution layer creates 8 filter detectors that are convolved with the input layers to produce
a tensor of outputs whereas the second convolution layer creates 16 filters. In this case, the
input of the layer is the binarized character images (28x28x1). Then, each output in the
convolution layer was activated by using the rectified linear unit as an activation function.
Finally, pooled feature maps were flattened and the fully connected layer at the end classified
the given input to one of 58 neurons of the output layer. The layers structure of the proposed

model is shown in Figure 4-17.

k.3 k.4
Fully-Connected Fully-Connected
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Figure 4-17: Structure of the CNNs Model 1.

The Softmax activation function was used to output probabilities of each class to represent
which class is more likely to match the given input.
Adam optimizer with adaptive learning rate was used to find the minimum point of the cost

function.
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The CNN Model 1 has seven layers. Rescaling on the first layer. The second layer is made
up of an input image with the size (28x28x1). It is convolved using 8 filters of size 3x3, resulting
in a 28x28x8 dimension. The third layer consists of a Pooling operation with a filter size of 2x2.
As a result, the final image size will be 14x14x8. Similarly, the fourth layer performs a
convolution operation with 16 filters of size 3x3, resulting in a dimension of 14x14x16,
followed by a fifth pooling layer with a similar filter size of 2x2, resulting in a dimension of
7x7x16. After reducing the image dimension, the eighth layer is a fully connected convolutional
layer with 784 units. The final layer will be a Softmax output layer with ‘58’ possible classes,

as shown in Table 4-1.

Layer (type) Output Shape Param #
Rescaling 28 x28x1 0
Conv2D 28x28x8 224
MaxPooling2D 14x14x8 0
Conv2D 14x14x16 1168
MaxPooling2D 7X7x16 0
Flatten 784 0
Dense 58 45530
Total params: 46,922

Trainable params: 46,922

Non-trainable params: 0

Table 4-1: Architecture of the CNN Model 1.

2.3.5. CNN Model 1 Training

The network was trained by using 67542 images while the dataset was split by 80% to 20%.
Epoch number was selected 10 while the batch size was 128. This means weights were updated
in every 128 samples and this process was repeated 10 times. Training and validation results

were shown in following Figure 4-18.
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Figure 4-18: Accuracy and Loss Results of the CNN Model 1 (Epoch=10).

Then, the number of epochs was increased to 30, and the model was trained and evaluated

again by using the same dataset. As seen in Figure 4-19,
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Figure 4-19: Accuracy and Loss Results of the CNN Model 1 (Epoch=30).
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Furthermore, the number of epochs was raised to 70, and the model was trained and assessed

using the same dataset. As shown in figure 4-20,
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Figure 4-20: Accuracy and Loss Results of the CNN Model 1 (Epoch=70).

After that, the number of epochs was raised to 150, As shown in the figure 4-21.
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Figure 4-21: Accuracy and Loss Results of the CNN Model 1 (Epoch=150).
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Finally, the number of epochs was increased to 300, As shown in Figure 4-22.
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Figure 4-22: Accuracy and Loss Results of the CNN Model 1 (Epoch=300).

2.3.6.CNN Model 2

A Convolutional Neural Network with a rescaling layer for normalization was created (it is
the process of converting real-valued numeric properties into a 0 to 1 range). Data normalization
is used in machine learning to reduce the sensitivity of model training to feature size. This
allows our model to converge to better weights, resulting in a more accurate model. It also
features three convolution layers with a filter size of 3x3 in each layer, followed by a max-
pooling layer with a pool size of 2x2 in each layer. The first convolution layer generates eight
filter detectors, which are convolved with the input layers to form a tensor of outputs. The
second convolution layer generates 16 filters. The third convolution layer generates 64 filters.
In this case, the layer's input is binarized character pictures (28x28x1). The rectified linear unit
was then used as an activation function to activate each output in the convolution layer. Finally,
the pooled feature maps were flattened, and the fully connected layer assigned the supplied
input to one of the output layer's 58 neurons. The suggested model's layers structure is depicted
in Figure 4-23.
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Figure 4-23: Structure of the CNNs Model 2.

The Softmax activation function was used to generate probabilities for each class, indicating
which class is most likely to match the supplied input. The Adam optimizer with adaptive
learning rate was used to identify the cost function's minimal point.

CNN Model 2 consists of 9 layers. The first layer is rescaling. The second layer consists of
an input image with dimensions of (28x28x1). It is convolved with 8 filters of size 3x3 resulting
in the dimension of 28x28x8. The third layer is a Pooling operation with a filter size of 2x2 and
a stride of 2. Hence the resulting image dimension will be 14x14x8. Similarly, the fourth layer
is also involved in a convolution operation with 16 filters of size 3x3 resulting in the dimension
of 14x14x16, followed by a fifth pooling layer with a similar filter size of 2x2. Thus, the
resulting image dimension will be reduced to 7x7x16. Similarly, the sixth layer is also involved
in a convolution operation with 64 filters of size 3x3 resulting in the dimension of 7x7x64,
followed by a seventh pooling layer with a similar filter size of 2x2. Thus, the resulting image
dimension will be reduced to 3x3x64. Once the image dimension is reduced, the eighth layer is
a fully connected convolutional layer with 576 units. The final layer will be a Softmax output

layer with ‘58’ possible classes. As shown in the Table 4-2:
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Layer (type) Output Shape Param #
Rescaling 28 x28x1 0
Conv2D 28x28x8 224
MaxPooling2D 14x14x8 0
Conv2D 14x14x16 1168
MaxPooling2D 7X7Xx16 0
Conv2D 7X7X64 9280
MaxPooling2D 3x3x64 0
Flatten 576 0

Dense 58 33466

Total params: 44,138
Trainable params: 44,138
Non-trainable params: 0
Table 4-2: Architecture of the CNN Model 2.

2.3.7. CNN Model 2 Training
The network was trained on the same data set for epoch = 10. The training and validation

results are shown in the figure 4-24.
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Figure 4-24: Accuracy and Loss Results of the CNN Model 2 (Epoch=10).

Then, the model was trained and evaluated again using the same data set. As shown in the

figure 4-25., after increasing the number of epochs to 30.
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Figure 4-25: Accuracy and Loss Results of the CNN Model 2 (Epoch=30).
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Figure 4-26: Accuracy and Loss Results of the CNN Model 2 (Epoch=70).
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As shown in figure 4-27, when the number of epochs is increased to 150.
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Figure 4-27: Accuracy and Loss Results of the CNN Model 2 (Epoch=150).

The number of epochs has been increased to 250, As shown in the figure 4-28.
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Figure 4-28: Accuracy and Loss Results of the CNN Model 2 (Epoch=250).

2.4. Classification

Classification is the generic process for grouping entities by similarity. The goal is to make
each cell of the classification as similar as possible (to minimize within-group variance). This
may involve maximizing between-group variance, by maximizing the distance between each
cell. The individual cell or category within the larger classification is called a class. The term
“classification” is used to refer both to the process and the result of the process, as in “The
classification process produced an excellent classification.” An adequate classification must be
simultaneously mutually exclusive and exhaustive. In other words, the classification must

provide a place (but only one place) for every individual in the sample [25].
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This process, as well as the extraction of features, are regarded as key factors in the
recognition processes. The retrieved features are compared with other attributes of previously
known characters (model) to determine the closest match (58 classes).

We recall that our dataset was separated into three subsets: training, validation, and testing.
First, we ran our proposed CNN model 1 on the training set for 10, 30, 70, 150, and 300 epochs
with batch sizes of 128. Then, using the same batch size, we ran CNN model 2 on the training
set for 10, 30, 70, 150, and 250 epochs. The inclusion of convolutional layers speeds up training

and boosts accuracy dramatically.

The Table 4-3 summarizes the accuracy and loss values for you from CNN Model 1 and CNN
Model 2.

Model Training Validation Testing  Training Validation Testing
Accuracy Accuracy Accuracy Loss Loss Loss

CNN Model 1 | 99.94% 98.86% 99.53% 0.22% 7.98% 0.46%

CNN Model 2 | 99.99% 99.47% 99.86% 0.0026% 4.43% 0.13%

Table 4-3: Accuracy and Loss
In comparison between CNN model 1 and the CNN model 2, we find that the CNN model 2

IS more accurate, as it outperforms the other in training accuracy, verification accuracy, and
testing accuracy, and the lowest percentage of training Loss, validation loss and testing loss of
the CNN model 1.

Figure 4-29 presents a detailed diagram of the use of the printed Arabic character recognition

system CNN model in order to improve the performance of the classification task.
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Figure 4-29: Used CNN Model
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3. System Interface

Figure 4-30 shows the design of the system interface. The interface contains the following

areas:

New: is Button opens a new screen to file dialog to choose the image of the character to
be recognized.

Character Recognition: Recognize an image and display the result in Label2.
Labell: is Label Shows the image of the character being selected.

Label2: is Label Shows character classification.

In addition to six other buttons for operations in the processing stage.
grayscale image: is a button to convert the image to a gray image.

Noise Removal and Binarization

Invert image

Remove Borders

Character Enhancement

Resize(28, 28).
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Figure 4-30: Interface.

4. Conclusion

In this chapter, we have presented a detailed description of the printed Arabic characters
recognition system.
We developed a recognition system that has three stages: preprocessing, feature extraction, and
classification.

Basically, Convolutional Neural Network was used for feature extraction and classification

which has proven its efficiency in the recognition process.



CHAPTER 5: EXPERIMENTAL RESULTS

1. Introduction

After continuous training of the Convolutional Neural Network models, starting with the
first stage where the number of epochs is 10, and testing the models after each training. The
number of times reached by the training of the two models was five, until the network reached
a relatively high recognition accuracy, as the two models recognized a large number of letters,
estimated by accuracy of 99.53% and an error of 0.46% for the first model, and an accuracy of
99.86% and an error of 0.13% for CNNs Model 2. The two Convolutional Neural Network
models were tested after the training phase on a database consisting of 67,542 images (20% -
80%).

When training a convolutional neural network, we keep the generalization of the bypass
neural network in mind. Generalization refers to the network's ability to learn from the data
supplied to it and apply what it has learnt to different types of input. When training a
convolutional neural network, some data is used to train the network and some data is saved to
test its performance. If the convolutional neural network performs well on the untrained data,
we may conclude that the network has generalized well on the data.

generalization improvement methods, in general, there are several ways to improve

generalization ability:

o Increasing the number of Epochs

o Increasing/decreasing the number of filters for a convolutional layer.

o Use the correct cost function.

o Use good weight conditioning techniques.

o Increasing the population of learning samples, based on the augmentation
of data.

o The regularization of the architecture such as weight decay and dropout.

o An important method for increasing generalization capability is the

modification of network structures.

53
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Below we present an intuitive result for the theories of parameter optimization through the
experimental results of two methods: increasing the number of epochs and increasing the
number of convolutional layers of a neural network.

2. Testing

The purpose of testing is to compare the outputs from the neural network against targets in
an independent set (the testing instances). Note that the testing methods are subject to
classification Printed Arabic Characters. The model was tested from 16,620 images (80%-20%)
and the recognition accuracy was calculated help us diagnose if the model has ffi-learned,

under-learned, or fits the learning set.
3. CNN Model 1

When building a bypass neural network model, we set the number of epochs parameters
before starting training. However, at first, we cannot know how many tenses are suitable for
the form. Depending on the structure of the neural network and the data set, we need to
determine when the neural network weights converge. Variables identified in or training (stage
1):

batch size = 128.

epoch=10

batch size: Represents the number of images that will be sent to the network at a given time.

epochs: The number of times the training data is entered into the network.

The number of epochs in the model training was increased in order to improve the model's
performance.

These variables are considered the basic variables that control the training of the network, in
each stage Training for the network only number epochs are changed. Five experiments were

conducted to train the CNN 1 model as follows:

DataSet Testing
Epochs | Testing | Recognized | Unrecognized
DataSet | DataSet DataSet pocuracy | Loss
Stage 1 10 16491 129 99.22% 0.77%
Stage 2 30 16522 98 99.41% 0.34%
Stage 3 70 16620 16561 59 99.64% 0.35%
Stage 4 150 16555 65 99.60% 0.39%
Stage 5 300 16542 78 99.53% 0.46%

Table 5-1: Training stages and the testing results by CNN Model 1.
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Table 5-1 shows the training stages that occurred and the test results after each training of
the Convolutional Neural Network Model 1, where the model was trained in stage 1 by
specifying the number of epochs 10, so the model was able to recognize 16,491 characters out
of 16,620 characters, but it did not recognize the remaining 129 characters, meaning that the
accuracy is 99.22% and the error rate is 0.77%. Testing it on the same set of data by changing
the number of epochs to 30. At this stage, the model was able to recognize 16522 characters
out of 16620 characters. Failed to recognize 98 characters. In stage 3, in which the number of
epochs was determined at 70, the performance of the model improved better than the previous
times, as it was able to recognize 16,561 characters, but failed to recognize 59 characters out of
16,620 characters. As for the last two stages, when the number of epochs was raised to 150 and
300, the model’s accuracy decreased to 99.53% after it rose to 99.64%, and the error rate
increased to 0.46% after it reached 0.35%.

In stage 1, 2 and 3: The reason for the failure of the model in recognizing some letters is due
to the lack of learning of the model well, due to the similarity of the Arabic letters among
themselves.

In stage 4 and 5, the so-called overfitting has occurred. When training a convolutional neural
network model, a sample dataset is used to train the model. However, if the model trains on
sample data for too long, it may begin to learn the "noise,"” or irrelevant information, inside the
dataset. The model gets "overfitted"” when it memorizes the noise and fits too closely to the
training set, and it is unable to generalize adequately to new data. If a model is unable to
generalize adequately to new data, it will be unable to accomplish the classification or
prediction tasks for which it was designed.

This model fails to recognize some characters at every stage of training. Samples of these

characters are shown in Figures 5-1, 5-2, 5-3, 5-4, and 5-5.
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Figure 5-1: Samples of unrecognized characters using CNN model1 in the stage 1.
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Figure 5-2: Samples of Unrecognized characters using CNN model1l in the stage 2.
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Figure 5-5: Unrecognized Character Samples using CNN Model 1 in Stage 5.

Table 5-2 shows the number of samples and the recognition accuracy of each class. The total
number of samples is 16620. Samples were collected from different types of fonts (21 fonts).

Table 5-2 summarizes the final results of the recognition of printed Arabic characters of the
CNN model 1 for each class, where the first column represents the character (class), the second
column represents the number of the testing set for each class, and the third column represents
the number of characters that the CNN model 1 could not recognize, the fourth column
represents the recognition accuracy achieved by the CNN model 1 from the testing process for
each class, the last column represents the loss rate for each class of the CNN model 1, where

the total number of testing set is 16620 images.
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K 114 1 99.12% |0.87% ) 114 0 100% 0%
¢ 456 0 100%  |0% / 114 0 100% 0%
e 114 0 100%  |0% : 114 0 100% 0%

Table 5-2: Recognition accuracy and Loss rate of the CNN Modell form for each class.

The Table 5-3 shows the types of fonts that do not achieve 100% of recognition rate:

Fonts Type Accuracy Fonts Type Accuracy

(A) Arslan Wessam B 98,14% Calibri Light 99.36%
A Hemmat 98,92% DecoType Naskh 99.53%
AGA Aladdin Regular 99.08% FS_Nice 99.21%
Akhbar MT 99.01% Hayah 98.15%
Andalus 99.55% Kamran 99.79%
Arabic Typesetting 99.86% Sakkal Majalla 99.60%
Aref_Menna 99.34%

Table 5-3: Types of fonts that do not achieve 100% of recognition rate by CNN Model1l.

The model CNN1 was able to recognize some types of fonts with 100% accuracy. However,
most other types of fonts could not be recognized with 100% accuracy. The reason for the low
recognition accuracy is due to the similar structure of the characters.

4. CNN Model 2

It may help to add more hidden layers to see the abstract features of the input image. Increase
character recognition accuracy and reduce error. Therefore, a second convolutional neural
network model was created by adding a third convolutional layer. so that we can generalize
data outside of the model accurately.

Table 5-4 displays the Convolutional Neural Network Model 2 training stages and testing
results after each training, where the first column denotes the stage number. The number of eras
in each stage is shown by the second column. The third column shows how many images were
used to test the model. The fourth column shows how many images the model was able to
recognize. The fifth column shows how many images the model did not recognize. The sixth
column summarizes the accuracy for each level. The error rate for each stage is shown in the

last column.
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DataSet Testing
Epochs | Testing Recognized | Unrecognized
DataSet | DataSet DataSet Acauracy Lo
Stage 1 10 16420 200 98.79% 1.20%
Stage 2 30 16542 78 99.53% 0.47%
Stage 3 70 16620 16551 69 99. 58% 0.41%
Stage 4 150 16597 23 99.86% 0.13%
Stage 5 250 16597 23 99.86% 0.13%

Table 5-4: Training stages and testing results using CNN Model 2.

To improve the model's performance, the number of epochs in the model training was
increased. The failure of the model to recognize some letters is due to the lack of model learning
due to the similarity of the Arabic characters among themselves.

By following the same training method for the CNN model 1 as for the CNN model 2, we
get a test accuracy of 99.89%, which is a good recognition rate.

This model fails to recognize some characters at every stage of training. Samples of these
characters are shown in Figures 5-6, 5-7, 5-8, 5-9, and 5-10.
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Figure 5-6: Unrecognized character samples Model CNNs 2 in the stage 1.
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Figure 5-10: Unrecognized character samples using CNN model 2 in the stage 5.

Table 5-5 shows the final results in the recognition of printed Arabic characters of the CNN

process for each class.

model 2 for each class, where the first column represents the character (class), the second
column represents the number of test sets for each class, the third column represents the number
of characters that the CNN model 2 could not recognize, the fourth column represents the
recognition accuracy achieved by the CNN model 2 from the test process for each class, and

the last column represents the recognition accuracy achieved by the CNN model 2 from the test
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E) 114 0 100% |0% ) 114 0 100% | 0%
¢ | 456 0 100% |0% / 114 0 100% | 0%
e 114 0 100% |0% : 114 0 100% | 0%

Table 5-5: Recognition accuracy and Loss rate of the CNN Model 2 form for each class.

The Table 5-6 shows the types of fonts that do not achieve 100% of recognition rate

Fonts Type Accuracy Fonts Type Accuracy
(A) Arslan Wessam B 99.16% Aref_Menna 99.62%
A Hemmat 99,80% Kamran 99.79%
AGA Aladdin Regular 99,61% K Kamran 99.80%
Andalus 99.85%

Table 5-6: Types of fonts that do not achieve 100% of recognition rate by CNN Model 2.

The CNN model 2 was able to achieve a high accuracy in the recognition of printed Arabic
characters. This model was able to recognize 14 out of 21 fonts types with 100% accuracy. At
an accuracy of no less than 99.16% in 7 other types of fonts. The failure of the model is due to
the method of writing unclear letters in these types of fonts.

5. CNN Model 1 and CNN Model 2

Both models were designed by Keras. We created a CNN 1 model from two convolutional
layers. The CNN2 model is constructed from three convolutional layers.

The task of the network is to generalize. And we get to it through training using appropriate
algorithms. Representing the training in finding the optimal set of weights to achieve the correct
classification.

The method of training the two models is supervised and of the Bath Training type. That is,
the weights are modified after all the examples are entered. In contrast to the second type
(Online Training), in which the weights are modified after each example is entered.

In comparison between the CNN1 model and the CNN2 model, we find that the CNN model
2 is more accurate, as the CNN-2 model outperforms the other in training accuracy, verification
accuracy, and test accuracy. As shown in the figure 5-11.

And the lowest percentage of training Loss, validation loss and test loss of the CNN model
1, as shown in the figure 5-12.

We relied in our system on the CNN model 2 because it is more accurate.
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6. Conclusion

Convolutional Neural Networks (CNNs) are powerful models that achieve high performance
in character classification. It managed to achieve high accuracy in Recognition of printed
Arabic characters accuracy reached 99.86% in Recognition of printed Arabic characters.

too many epochs may cause model to over-fit the training data. It means that model does not
learn the data, it memorizes the data. so, the accuracy of validation data has to be found for each

epoch or maybe iteration to investigate whether it over-fits or not.
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Increasing the number of convolutional layers of a convolutional neural network model

improves network performance to some extent.



Conclusion and Future Work

Although this research came as a preliminary study in the field of recognition, it has made
progress in the right direction. The results were promising and the accuracy rate is high
compared to previous research. Therefore, the work we have done is an important step and an
effective contribution to the recognition of printed Arabic characters which is different from
other languages. As a result, this research can be used as a basis for many future projects.

Undoubtedly, the issue of character recognition is a very important topic because it can
provide assistance in various aspects of life, whether it is for those who speak Arabic or for
non-Arabs who are interested in the Arabic language. Also, character recognition programs
make a significant contribution to exploiting the cultural balance of Arab nations after it was
outside the field of exploitation and investment because it was an incomprehensible content that
could not be exploited by the computer.

Recognition of printed Arabic characters is an important field due to its different
applications. In addition, it is an active field of research that always needs accuracy
improvement. Object recognition is based mainly on Machine Learning methods that give high
performance especially with the emergence of a new subfield called deep learning where the
latter depends mainly on the use of many Convolutional Neural Networks. So, we have
developed a system for the recognition of printed Arabic characters using deep learning
technique. Our system has succeeded in designing and implementing a CNN that works
efficiently. We have used CNN to perform the feature extraction and the classification of the
characters.

In this study, convolutional neural networks were used to recognize printed Arabic
Characters. The convolutional neural network was trained using Character data set that was
compiled using 21 types fonts of Word to process. Characters were divided into 58 classes and
a total of 84,162 images were obtained. After the data set was acquired, it was split 80% to 20%
as training and testing set. Then, a CNN model with two convolution layers is built to
Recognition it 58 classes. The network was trained with 67542 images and tested with 16620
images. The same process was repeated to create a second CNN consisting of three

convolutional layers to observe the effect of system depth. on performance recognition. It has

68
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been noticed the best system discrimination result is obtained when the number of convolutional

layers is increased.
This study only looked at the recognition of printed Arabic characters; however, it can be

broadened by creating a new dataset with examples of handwriting.

Some suggestions for the future work:
e Expand the recognition phase to include different types of Arabic fonts.

e Develop a segmentation algorithm for Arabic ligatures.
e Include punctuation.

e Add special characters like mathematical symbols.
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Summary:

Many languages have made great progress in the field of character recognition, including:
Latin, Chinese, Japanese ... where high rates of recognition reach 100%, while the recognition
of Arabic letters is witnessing low rates, due to some characteristics in the Arabic language that
hinder It is difficult to identify. Therefore, the work carried out in the framework of this
memorandum was related to the development of the system for the recognition of printed Arabic
characters. In this regard, a study on the structure of the Arabic language was presented,
followed by a presentation of the convolutional neural network technique, which proved its
efficiency in rapid recognition and obtaining more reliable results. Where two models CNN1
and CNN2 are proposed to measure the recognition accuracy and monitor the effect of the depth
of convolution layers on the recognition performance. CNN1 consists of two convolutional
layers (3x3) and CNN2 consists of three convolutional layers. Where the weights are adjusted
after entering all the examples (Bath training), in contrast to the weights are adjusted after each
example is entered (online training). The results showed that the CNN2 model was

distinguished to get better accuracy and loss Less.



Keywords: recognition of printed Arabic characters; neural networks convolutional;

processing; feature extraction; classification;

Résume :

De nombreuses langues ont fait de grands progrés dans le domaine de la reconnaissance
des caracteres, notamment : le latin, le chinois, le japonais... ou les taux de reconnaissance
élevés atteignent 100 %, tandis que la reconnaissance des lettres arabes connait des taux faibles,
en raison de certaines caractéristiques de I'arabe langue qui entrave Il est difficile a identifier.
Ainsi, les travaux menés dans le cadre de ce mémorandum ont porté sur le développement du
systtme de reconnaissance des caractéres arabes imprimés. A cet égard, une étude sur la
structure de la langue arabe a été présentée, suivie d'une présentation de la technique des réseaux
de neurones convolutifs, qui a prouve son efficacité dans la reconnaissance rapide et I'obtention
de résultats plus fiables. Ou deux modéles CNN1 et CNN2 sont proposés pour mesurer la
précision de la reconnaissance et surveiller I'effet de la profondeur des couches de convolution
sur les performances de reconnaissance. CNN1 se compose de deux couches convolutives (3x3)
et CNN2 se compose de trois couches convolutives. La ou les poids sont ajustés apres la saisie
de tous les exemples (formation au bain), contrairement aux poids sont ajustés apres la saisie
de chaque exemple (formation en ligne). Les résultats ont montré que le modéle CNN2 se

distinguait pour obtenir une meilleure précision et moins de perte.

Mots clés : reconnaissance des caracteres arabes imprimés ; réseaux de neurones

convolutionnels ; En traitement; extraction de caractéristiques; classification;



