[ o0 e e e e e i

|
if
A

(el e o e o S e e e e e e

e 3 e 9 e e 9

SVelale! el e e e e o ol e e o o e e o e e e

Arabic Handwriting Recognition Using
Deep Learning Neural Networks

BY
Mohamed M. O. Eltay

A Thesis Presented to the
DEANSHIP OF GRADUATE STUDIES

KING FAHD UNIVERSITY OF PETROLEUM & MINERALS
DHAHRAN, SAUDI ARABIA

In Partial Fulfiliment of the
Requirements for the Degree of

MASTER OF SCIENCE

In
Electrical Engineering

May 2020

AP A P A A A A AP A PP

&b

VA

\
|

>

\

»

WF

7

Y9
;

SIRSRRE SR SE ISR

7

PR

R

%

!

R

\



KING FAHD UNIVERSITY OF PETROLEUM & MINERALS
DHAHRAN- 31261, SAUDI ARABIA
DEANSHIP OF GRADUATE STUDIES

This thesis, written by Mohamed Muawia Mohamed Omer Eltay under the direction of
his thesis advisor and approved by his thesis committee, has been presented and accepted
by the Dean of Graduate Studies, in partial fulfillment of the requirements for the degree

of MASTER OF SCIENCE IN ELECTRICAL ENGINEERING.

Dr. Abdelmalek Zidouri
(Advisor)

Dr. Abdallah S. Al-Ahmari Qéw g‘t”‘f_’-

Department Chairman

F Dr. Irfan Ahmad

(Member)
S
Dr. Suliman S. Al-Homidan,
Dean of Graduate Studies .
ALyl ?ﬁ/ﬂm
14-05-2020
Date Dr. Azzedine Zerguine

(Member)



© Mohamed Eltay

2020



| dedicate this work to my mother, who inspired me all the way and who motivated me to
do whatever I could to finish what | started. | devote this to my beloved father, who meant
and still means so much to me. Though he's no longer of this world, his memories still

influence my life.



ACKNOWLEDGMENTS

First of all, I would like to thank Dr. Abdelmalek Zidouri of the Department of Electrical
Engineering at King Fahd University of Petroleum & Minerals (KFUPM). When | came to
a problem spot or had a concern regarding my work or writing, the door to his office was

always open. He guided me right anytime he felt | wanted it.

| would also like to acknowledge with much appreciation the crucial role of Dr. Irfan
Ahmad for providing me with unfailing support and continuous encouragement through
the process of researching and writing this thesis. This accomplishment would not have

been possible without him. Thank you.

I would also like to thank Dr. Azzedine Zerguine, who has participated in this research
project validation. The validation survey could not have been carried out effectively

without his active support and feedback.

Finally, I would like to express my heartfelt gratitude to all my KFUPM colleagues for the
constant support and motivation | have provided during my years of study and the process
of research and writing of this thesis. Without them, this success would not have been

possible. Thank you.



TABLE OF CONTENTS

ACKNOWLEDGMENTS ...ttt aae e aee e Vv
TABLE OF CONTENTS ...t VI
LIST OF TABLES ... oo IX
LIST OF FIGURES ... X
LIST OF ABBREVIATIONS ... Xl
ABST R A CT ettt X1
A GBRLA s XIV
CHAPTER 1L INTRODUCTION .....ooiiii ettt 1
1.1 The motivation for the CUrTENt WOIK...........ccooiiiiiiie e 2
1.2 Problem STATEMENT ... 3
1.3 RESEAICN ODJECTIVES ...c.ecviitieiiiitteee bbbt bbbt bbbt ebns 4
1.4 Background and Pre-analysis of ArabiC SCIIPLS .......cooiiiiiiiiiee e 4
1.5 Contributions Of the TNESIS. ........ciiiiiiic bbb 8
1.8 THRESIS STFUCTUIE ..ottt sttt et st et e e s ee st e s seese e s e et e aeseestesseeneeseensentesaentennennens 8
CHAPTER 2 LITERATURE REVIEW ......ooiiii e 9
2.1 Pattern Recognition (PR) .....cciiiiii ittt s te s te e e nb et e sreete e reenne s 9
2.2 Optical Character Recognition (OCR).......c.cuiiiiiiiiiieie e 10
221 OCRIS HISEOTY ..ottt bbb 11
2.2.2 OCR MENOUS .....cuiiitiiieiettete bbb bbbt bbbt bbbt e bbb e b 13
2.2.3  OCR APPHCALIONS ...ttt e bbb b e b e bt b e b e et e b e sb e besbeebesre e 14
2.3 Handwriting ReCOgNITION SYSEMIS........ciiiiiiriiieisiesietse et 14

Vi



P TN N o =T o] o ot=L3 | o OSSPSR URRPPN 17

2.3.2  FEALUIES EXIFACTION. .....eiitiitiiieiiteiet sttt bbb bbbkt nb bbb 17
2.3.3  SEOMENTATION ...ttt bbb bbb bbb bbbt b bbb 19
2.3.4  CIASSITICALION ...ttt 19
2.4 Literature Review on Arabic Handwriting ReCOgNITION .........ccccceveiiiiviieiieiece e 20
241 A Review on Handwritten Arabic Databases ..........cccvreiiriiiinieienseenseesreee e 20
2.4.2  Related Works on Arabic Handwriting ReCOgNITION .........cccoceiiiiiiecieiieiece e 23
CHAPTER 3 METHODOLOGY ..ottt 27
3.1 Modeling Options for Arabic Text RECOGNITION. ........cccviiiiiiiiiecc e 27
3.1.1  Whole-Word Modeling (Holistic-Handwriting-Recognition)...........c.ccccoovreriiinenninenecnee, 27
3.1.2  Using Characters as MOdeling UNITS ..........cooiiiiriiininieiseiese e 28
3.1.3  Using Character shapes as modeling UNItS ...........cccoiriiiiniinineenese e 28
3.1.4  Modeling core shapes and diacritics SeParately ... 28
3.2 Deep Learning Approaches for Handwriting Recognition ...........c.ccccovvevvevieiesie s 30
3.2.1  Convolutional Neural NetWOrks (CNN) ..o 31
3.2.2  Recurrent Neural NetwWorks (RNNS) ......coviiiiiiic ettt 36
3.2.3  Long Short-Term Memory (LSTIM) ....cociiiiiie ettt 39
3.2.4  Connectionist Temporal Classification (CTC) LAYEr ......cccccveiiiiiiiieieeceece e 41
3.25  TOKEN PaASSING DECOURT ..ottt bbbt bbbttt be e 42
3.2.6  Word Beam Search (WBS) DECOUEN .........c.eouiiriiiiiriiieiesie ettt 43
3.2.7  Bi-Directional Long Short-Term Memory (BLSTM) .....ccooiiiiiiiiiinieeeeseee e 45
3.2.8  Multi-stage Deep Neural Network (MDNN) ......cooiiiiiiiseese e 46
CHAPTER 4 ADAPTIVE DATA AUGMENTATION ALGORITHM...........c......... 48
4.1 The Problem of Imbalanced Data ClassifiCation............c.ccoccoiiireiiieneiiienceee e 48
4.2  Adaptive Data Augmentation AIGOrthM ... ... 50

vii



CHAPTER 5 EXPERIMENTS AND RESULTS ..o, 52

5.1  The IFN/ENIT DatahaSE........coiiiiiiriiieiiriiieiisteieiist etttk sb et b et e e nn e 52
5.2 THe AHDB Dat@DaSE........ccueiiuiriiiiiiitiieiisieee stttk b ettt e e nn e 53
oI I o =Y o] 0 Tol 1Sty T S 53
5.4  EXPeriment CONfIQUIAtiONS........c.ciiiiiiiiiii ettt st e et e besneereeneens 55
55  Performance EVAIUALION ... 56
5.6 Results of Holistic Handwriting RECOGNITION. .......c.coveiiiiiiiiieceec e 58
5.7 Results of Arabic Handwriting Recognition Using Characters Shapes as Models...................... 59
5.8 Results of Arabic Handwriting Recognition Using Characters as Models..........cccocovcvvivrivinnnnnn 61
5.9 Results of Arabic Handwriting Recognition Using a Multi-stage Recognition System............... 62
5.10 Results of Using Adaptive Data Augmentation TeChNIQUE .........cccooeiiiniiincnceeeee e 63
5.11 Comparison with Other State-0f-the-Art SYSTEMS. ..o 68
CONCLUSION L.t e e e sbb e e s nnb e e e nsaeeennes 71
REFERENGCES. ... ..ottt e e ae e e s e e e naa e e e nne e e e nneeeennes 73
R N SRS 83

viii



Table 1.
Table 2.
Table 3.
Table 4.
Table 5.
Table 6.
Table 7.
Table 8.
Table 9.

Table 10.
Table 11.
Table 12.
Table 13.
Table 14.
Table 15.
Table 16.
Table 17.
Table 18.

LIST OF TABLES

Arabic Characters and their Position Dependent Shapes...........cccocevveveiiieieenns 5
A Brief Time Frame for Optical Character Reconition Researches. .................. 12
The Databases Available for Arabic Character iRecognition...........ccccccevevueenee. 22
Pseudo-Code for A Basic Word Beam Searching [94]........cccoooeiiiiiiniiininnn. 44
Pseudo-Code for Adaptive Data Augmentation Technique. ........cccocevverieennne. 51
AlexNet vs. RNN (Holistic ReCOgNItion). ..........ccceveiienenieiie e 58
Accuracy Rates of the Systems using character shapes as models (LSTM) ...... 59

Accuracy Rates of the Systems using characters’ shapes as models (LSTM).... 60
Accuracy Rates of the Systems using characters’ shapes as models (BLSTM). 60

Accuracy Rates of the Systems using characters as models (BLSTM)............ 61
Accuracy Rates of the Systems using characters as models (BLSTM)............ 61
Accuracy Rates of the Systems using Multi-stage recognition system............. 63
IFN/ENIT database [57] StatiStICS. ........cuivriiieieieiese st 64
AHDB [58] STALISTICS. ....cvveuveiiieiiesiesieseeee et 65
ALEXNET VS. RNN (HOLISTIC RECOGNITION) ...cocoviiviieiveie e 67
Accuracy Rates of the Systems using characters as models (BLSTM)............ 68
Accuracy Rates of the Systems using character shapes as models (BLSTM).. 68
Comparison with Other State-of-the-Art Systems.........ccccccveviieiiiic e, 69



LIST OF FIGURES

Figure 1. Utilization of dots in some Arabic letters with dots. ..........ccccvvvieeiiiie e, 6
Figure 2. Different diacritics for ArabiC CharaCters. ...........cccevviieieeve s 6
Figure 3. (a) Laam-Alif, (b) Laam-Meem, and (c) Laam-Heh combinations..................... 6
Figure 4. Computer printed and handwritten versions of the same Arabic text. ................ 7
Figure 5. Challenges in handwriting Arabic recognition...........c.ccooveveieienene s 7
Figure 6. Classification of character recognition SYStems. ..........cccevvevveierencnenenesienn 15
Figure 7. General steps for handwritten text recognition. ...........ccocvvveieienenc s 16
Figure 8. Some character shapes to core shapes mapping for Arabic script..................... 29
Figure 9. Words representation using Core-Shape. .........ccoovvverveieiieieese e 29
Figure 10. A rule-based algorithm for separating core-shapes and diacritics................... 30
FIGQUPE 11, LENEL S [77]. weooeeeie ettt 32
Figure 12. lllustration of a single convolutional layer that produces k-feature maps ..... 33
Figure 13. lllustration of pooling layer that produces the same k-feature maps............... 34
Figure 14. AlexNet architeCture [86]. .........ccoveiieiiiieii e 35
Figure 15. A folded recurrent neural network [89]........cccccvvieiieie i 37
Figure 16. Unfolded recurrent neural network through time [89]. ........cccoeviveviiieienne. 38
Figure 17. RNN cell unit vs. LSTM cell unit [91,92]......cccecoiiiiiiieceeceee e 40
Figure 18. CTC output layer connected to the LSTM network. ........cccccooeveiiiinininnnn. 42
Figure 19. The architecture of a bi-directional recurrent neural network...............c........ 46
Figure 20. An illustration of the multi-stage word recognition iSystem. ............c.ccecvvuenne. 46
Figure 21. Samples from the IFN/ENIT database. .........ccccviriniiiiiiiiicec e 52
Figure 22. Samples from the AHDB database. ..........cccccvevevieiicie e 53
Figure 23. A word taken from the IFN/ENIT database rotated at different angles .......... 54
Figure 24. Shearing a word in the database with different shearing factor. .................... 54
Figure 25. Separating core-shapes and diaCritiCs...........cccccvvvveieeiiiiie i 62
Figure 26. Adaptive vs. standard data augmentation (IFN/ENIT Database). ................... 65
Figure 27. Adaptive vs. standard data augmentation (AHDB Database) .............cc.cc....... 67



LIST OF ABBREVIATIONS

Al : Artificial Intelligence

AHR : Arabic Handwriting Recognition

ANN : Artificial Neural Network

BLSTM : Bidirectional Long Short-Term Memory
CAR : Character Accuracy Rate

CNN : Convolutional Neural Network

CTC : Connectionist Temporal Classification
CVv : Computer Vision

DLNN : Deep Learning Neural Network

GT : Ground Truth

HMM : Hidden Markov Model

LSTM : Long Short-Term Memory

MDRNN : Multi-Dimensional Recurrent Neural Networks
OCR : Optical Character Recognition

PAW : Piece of Arabic Word

PR : Pattern Recognition

Xi



RelLU

RNN

SVM

WAR

WBS

Rectified Linear Unit

Recurrent Neural Networks

Support Vector Machine

Word Accuracy Rate

Word Beam Search

Xii



ABSTRACT

Full Name : Mohamed Muawia Mohamed Omer Eltay

Thesis Title : Arabic Handwriting Recognition Using Deep Learning Neural
Networks

Major Field : Electrical Engineering

Date of Degree : May 2020

Recognition of cursive handwritten Arabic text is a difficult problem because of context-
sensitive character shapes, the non-uniform spacing between words and within a word,
diverse placements of dots, and diacritics, and very low inter-class variation among
individual classes. In this paper, we review and investigate different deep learning
architectures and modeling choices for Arabic handwriting recognition. Further, we
address the problem that imbalanced data sets present to deep learning systems. In order to
address this issue, we are presenting a novel adaptive data-augmentation algorithm to
promote class diversity. This algorithm assigns a weight to each word in the database
lexicon. This weight is calculated based on the average probability of each class in a word.
Experimental results on the IFN/ENIT and AHDB databases have shown that our presented

approach yields state-of-the-art results
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CHAPTER 1

INTRODUCTION

Over the last ten years, there has been a significant advance in machine learning
algorithms. Indeed, the increasing power of computer data processing has supported the
analytical capabilities of handwriting recognition systems. Recently, deep learning
methods employed in document analysis have enjoyed tremendous success. These
methods are robust to deformations, scaling, and rotation [1]. Thus, they are best suited
for text recognition. Mainly, Convolutional Neural Networks (CNNs) and Recurrent

Neural Networks (RNNSs) have been extensively used for text recognition.

Optical Character Recognition (OCR) is an old field of Pattern Recognition
(PR). The human reading process is the inspiration behind the development of a
machine capable of reading texts with the same expertise as people. The very first OCR
systems were designed to help blind people to read [1]. Decades of scientific research
have produced many practical systems ranging from the sorting of posts in post offices
[1] to automatic recognition of bank checks [2], and advanced systems that read the text

in natural scenes [3].

The main goal of the handwriting recognition system is to convert handwritten
text documents from digital image format to encoded character format documents that
are readable and editable using word processing application systems. Recognition of
handwriting is becoming more critical as it helps to accomplish the office tasks

efficiently and has solved many problems that lead to a reduction in time and effort.



1.1 The motivation for the current work

More than 400 million people around the world speak Arabic [4]. Besides,
Arabic letters are used in several other languages, such as Persian, Urdu, and Jawi.
Compared to other languages, Arabic has not yet received much research and study.
Handwritten Arabic text recognition can be achieved using either holistic or

segmentation approaches.

The holistic approach generally processes words into smaller components
without segmentation. However, in the segmentation approach, we divide the words
into characters or strokes and then pass the segments to the identifier [5,6,7]. The
development of practical cursive script segmentation algorithms is difficult and requires
extensive expertise. However, algorithms that assume the text is already segmented,
generally lead to significantly higher recognition accuracy [6]. Recentely, holistic
approaches have been more successful in a limited vocabulary handwriting database

[8,9,10].

Several studies and researches have shown that recurrent neural networks
(RNNS) are superior to Hidden Markov Models (HMMs) for sequence labeling tasks
such as speech and online handwriting recognition [11,12,13,14]. One possible reason
for this is that RNNs are trained in a discriminative manner, whereas HMMs are
generative. Discriminative methods tend to give better results in pattern recognition

tasks when a large set of data is available [15,16].

In general, Hidden Markov Models (HMMs) are much simpler than Recurrent
Neural Networks (RNNs). The Markov chain assumes the Markov property; it is

"memoryless.” The probability of the next symbol is calculated based on the k previous

2



symbols. In practice, k is limited to low values because the transition matrix grows
exponentially. Thus, sentences generated by a Hidden Markov Model are very
inconsistent. An RNN may perform better if we have a very large dataset since the extra
complexity can take better advantage of the information in the given data (e.g., with
LSTM units) not bound by the Markov property. Their prosperous internal state allows

them to keep track of long-distant dependencies.

1.2 Problem Statement

In the last decades, many character recognition systems have been developed
and used for commercial purposes. Besides, several applications, including mail
sorting, bank processing, document reading, postal address recognition, and bank
checking process, require a proper and accurate offline handwriting recognition system.
However, recognition of handwritten Arabic text is considered a difficult task compared
to the Latin script due to its cursive nature, presence of diacritics, diagonal strokes,
change in shape of characters according to their location in the word, inter-word, and

intra-word spaces, and difficulty in segmentation.



1.3 Research Objectives

This thesis aims to develop an efficient handwritten text recognition system
based on using Deep Learning Neural Networks (DLNN). Generally, the main

objectives of this research are:

e To build an efficient deep network handwriting recognition system by
selecting the appropriate algorithms for processes in the preprocessing stage
and other stages in the framework.

e Todevelop an algorithm based on using Deep Learning Neural Networks to
recognize handwritten Arabic scripts.

e To outperform other classical approaches and state of the art models.

e To explore different modeling options for the Arabic script.

e To Design a novel data augmentation algorithm that can be used for any

handwritten database.

1.4 Background and Pre-analysis of Arabic Scripts

Arabic is an ancient Semitic language. It is the lingua franca of the Arab world.
Arabic is ranked among the top six most spoken languages in the world [17]. There are
several other languages, including Persian and Urdu, which use Arabic scripts to write;

however, they have a few characters other than Arabic to cover non-Arabic phones.

Most of the Arabic characters are connected while they are written. Arabic has
28 characters that are written from right to left. Each character may have two or four
distinct shapes depending on its position within the word. Table.1 the Arabic alphabets

and the shapes for each letter based on its Position.



Table 1. Arabic Characters and their Position Dependent Shapes.
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Dots play a significant role in Arabic characters. Some of the shapes of the
characters are very similar, but the distinction is made between the characters by the
position and the number of dots that can be either above or below the character body.
For instance, the three characters (Thaa &) (Taa <) and (Baa <) have the same main
body shape and differ only by the dots and their positions. Fig.1 shows Arabic

characters with different position and number of dots.
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(c) Three Dots (b) Two Dots (a) One Dot

Figure 1. Utilization of dots in some Arabic letters with dots.

In addition, short marks, e.g., (Hamza <), may be placed above or below five
characters or may appear as isolated characters. Besides, Arabic utilizes diacritical
imprints (vocalized content) to control the articulation of words, Fig.2 shows different
types of diacritics used in Arabic scripts. However, these are seldom showing up in
handwritten documents. They mostly used in formal documents and where the context

is ambiguous.

w o 2 -

- - - - -
-
2R =
- - -

=

Figure 2. Different diacritics for Arabic characters.

Moreover, when two or more letters are joined as a single glyph, a ligature
occurs. The use of ligature in Arabic is common. For example, (a) "Laam-Alif," (b)

"Laam-Meem," and (c) "Laam-Heh,”. Figure 3 shows cases of associated letters.

y 1 4

(@) (b) (c)

Figure 3. (a) Laam-Alif, (b) Laam-Meem, and (c) Laam-Heh combinations.

Unlike Latin content languages, handwritten and machine-printed Arabic
scripts are extremely comparative. While letter shapes have minor varieties because of

style in handwritten content, the manner in which letters are associated is dependably




the same. Fig.4 demonstrates a case of similar content with a machine-printed form and

a handwritten variant.

Gl olond cgs
Ay el Bladl ulad

Figure 4. Computer printed and handwritten versions of the same Arabic text.

In general, some of the challenging structural characteristics of Arabic

handwriting are described below:

1.

Arabic word comprises at least one associated segment (sub-word), and each one
contains at least one character that can be covered with different characters or
diacritics. Besides, different characters can be consolidated vertically to shape a
ligature. (Fig.5a)

Some words contain touching, interlaced, or broken characters. (Fig.5b)

Each writer has an individual handwriting style. (Fig.5c)

Some Arabic characters have diacritics (a diacritic might be set above or beneath
the body of the character). These diacritics can also be overlapping. (Fig.5d)

(a) Ligature and Overlapping
3

> < .l
gy >a> SO i@)' D g &
(b) Touching and broken characters

A8 5 Lao @ Lo @yJ

(c) Different writers styels
t rt
gyl V A U”L

(d) Confusion in assigning dots/diacritics

55 A

Figure 5. Challenges in handwriting Arabic recognition.




1.5 Contributions of the thesis

This thesis is related to the recognition of handwritten Arabic text by using deep

neural networks (DNNs). Below are the summaries of the main thesis contributions:

1. We present and evaluate differenet deep learning architectures used for Arabic
handwriting recognition. Each system is evaluated and compared with other state-
of-the-art systems.

2. We present various modeling options for Arabic handwriting recognition, such as
(character shapes, characters, and whole-word modeling) and present the
experimental results using these modeling options on a publicly available dataset.

3. We present a novel data augmentation algorithm to handle the imbalanced class

problem in handwritten text recognition tasks.

1.6 Thesis Structure

The thesis consists of five chapters: the present one presents Arabic handwriting
features, challenges, problem statement, list of contributions, and objectives of the
thesis. In chapter 2, the terminology and literature review of related work used in this
thesis are presented. This chapter provides a history and the technical knowledge
required for research on handwritten Arabic text recognition. Chapter 3 presents details
of Arabic handwriting recognition deep learning systems and the different modeling
options for Arabic text recognition. In chapter 4, we present a novel adaptive data
augmentation algorithm that handles unbalanced training data in machine learning. In
chapter 5, we present the experiments and the results, and a comparison with the state-
of-the-art systems. The final section sets out conclusions and plans for future work.

Finally, we present the conclusions of our work and some possible future works.



CHAPTER 2

LITERATURE REVIEW

Handwritten text recognition (HTR) is an active research area in Artificial Intelligence
(Al), Pattern Recognition (PR), and Computer Vision (CV). In this chapter, the
concepts related to and used in handwriting recognition are described in the following

sections.

2.1 Pattern Recognition (PR)

The recognition of patterns is one of the human beings ' most important abilities.
With this ability, people gather useful information about their environment. Today, as
digital computer technology has been used and developed to simulate this unique
capability, it is becoming more realistic to stimulate this unique human capacity with

automated machines [18].

Pattern recognition is aimed at the categorization of data (patterns) using either
prior knowledge or statistical information extracted from patterns. It is usually a group
of measurements or observations that classified patterns, defining points in the relevant,
multidimensional space [19]. A complete system of pattern recognition includes a
sensor collecting the observations to be classified or described; a feature extraction
system that computes numeric or symbolic information on the observations and a
scheme of classification or description using the features extracted [20] that performs

the actual task of classifying or describing the observation.



Automatic (machine) identification, description, classification and grouping of
patterns across a variety of scientific and engineering disciplines such as biology,
psychology, medicine, marketing, computer vision, artificial intelligence, and remote
sensing are all important issues. Watanabe [20] defines a pattern as the opposite of
chaos; it is an entity that could have a name vaguely defined. For example, a pattern
might be a fingerprint image, a handwritten cursive word, a human face or a voice

signal. The pattern recognition area covers the following:

. Character Recognition: printed or handwritten.
. Image Recognition.

. Voice Data Recognition.

. Speech Analysis.

. Person Identification and Industrial Inspection.

2.2 Optical Character Recognition (OCR)

The replication of human functions by machines, like reading, is an old dream.
But machine reading has grown from a dream to a reality in the last five decades [21].
OCR has become one of the best applications in pattern recognition and Atrtificial
Intelligence (Al) in technology. For a variety of uses, there are many commercial
systems for efficient OCR, even though machines still cannot compete with human

readability.

OCR refers to the computer science branch, which involves the reading of paper

text and translation of images into a fully editable form that can be operated by the

10



computer. An OCR system lets you take an electronic computer file with a hard-coded
copy of your book or magazine article and then edit the file using word-processor

applications.

OCR is the process by which a paper document is converted into an editable
format that can be used as a typed text in word and other applications. It is already
commonly used in many fields where the searches that require hours or days can be
carried out in several seconds. OCR systems have a huge potential as they can edit

printed records on Pcs.

2.2.1 OCR’s History

OCR’s research purports to replicate human functions with machines and enable
the machine to carry out tasks like reading. In fact, in 1870, the origins of recognition
can be found. This was the year when the Boston-Massachusetts C.R.Carey invented a
retina scanner that used a mosaic from photocells as an image transmission system [22].
The Polish P. Nipkow invented the sequential scanner two decades later, which was a

breakthrough for both modern TV and reading machines [23].

Several attempts were made during the first decades of the 19th century to create
tools that would help blind people through OCR research. The modern version of OCR,
however, did not appear until the middle of the 1940s when the digital computer was
developed. From then on, the motivation for development has been potential

applications in the business world.

By 1950, the high-speed technology revolution progressed, and electronic data

processing became a key field. Punched cards were used in the data entry, and the

11



increased data quantity needed to be handled economically. At the same time, machine
reading technologies matured enough to be used and in the middle of the OCR of the
1950s [24]. Reader's Digest installed in 1954, the first true OCR reading machine. This

device was used to convert typed sales reports into punched cards for computer input.

Although OCR machines were already available in the 1950s on the market,
only a few thousand were sold worldwide until 1986. The main reason was that the
systems were expensive. The sales increased substantially, though as hardware became
cheaper and OCR systems became available as software packages [25]. Today, there
are several thousand systems sold every week, and over the last six years, costs for an
OCR Omni-font decreased by a factor of 10 every other year. Table 2 shows a brief

time frame for OCR reasearchaes.

Table 2. A Brief Time Frame for Optical Character Reconition Researches.

1870 First attempts
1940 OCR's modern version.
1950 The appearance of the First OCR machines
1960 — 1965 OCR First Generation
1965 — 1975 OCR Second Generation
1975 — 1985 OCR Third Generation
1986 — till now OCR for the public

The first generation of OCRs could be called the commercial OCR systems in
the period 1960 to 1965. The main characteristics of this generation of OCR machines
were limited to read letter shapes. The symbols were designed specifically to read the
machine, and the first ones were not even natural. Multi-font machines began to appear
over time, and up to ten different fonts could be read. The number of fonts was limited
by the template matching pattern recognition method used to compare the character

picture with the prototype image library of each character of each font [26].
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The second-generation reading machines came into being in the mid-1960s and
early 1970s. These systems could recognize regular machine-printed characters and
also could recognize a hand-printed character. The character set was limited to numerals

and a few letters and symbols when hand-printed characters were considered.

Documents of low qualities and large printed and handwritten characteristics
formed the challenge for the third generation of OCR systems in the early 1970s. Low
cost and high performance were also an important target, helped by the significant

advances in hardware technology [27].

2.2.2 OCR Methods

The main principle in automatic pattern recognition is to first teach the machine
which pattern classes can occur and how they look. OCR patterns include letters,
numbers, and specific symbols, such as commas, question marks, etc., while the classes
correspond to the various characters. The training of the machine is done by showing
the machine examples of characters of all classes. The machine creates a prototype, a
description of each character class. Based on these examples. The unknown characters
are then compared to the previously obtained descriptions, and the class that gives the

best match is assigned.

13



2.2.3 OCR Applications

In recent years, commercial optical character recognition products have shown
a widespread appearance that meets the needs of different users. Some of the different

application areas for OCR are:

. Data Entry
. Text entry
. Process automation

. Aid for blind

. Automatic number-plate readers

. Handwriting Recognition

. Signature verification and identification
o Form readers

2.3 Handwriting Recognition Systems

A computer can receive and interpret intelligible, man-input from sources like
paper documents, photographs, touch screens and other devices, known as handwriting
text recognition (HWR) also as Handwritten Text Recognition (HTR). Handwritten
recognition advances have helped automate many challenging tasks in our daily lives.
Many applications rely on the handwritten reading of postal addresses for purposes of
mail sorting, check recognition and word spotting on a handwritten text line, etc. There
are various types of recognition, for example, the recognition of digit numbers, the
recognition of characters, and word recognition. In general, character recognition
systems can be divided into two types, as shown in Fig.6.
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Figure 6. Classification of character recognition systems.

The handwritten text is collected and recognized in real-time in online text
recognition. To generate this type, a special digitizer tablet and pen are used. A digitizer
is an electromagnetic tablet that constantly transfers the pen position coordinates to the
computer. A simple example of the text generation for online text recognition is the
Personal Digital Assistant (PDA) and tablet. Online text recognition is however less
complicated than offline text recognition since dynamic information is usually made
available to recognize online text, such as the number of strokes, order of strokes,
direction for each stroke, and writing speed in each stroke. This valuable information
helps in document recognition and often leads to better system performance compared
to offline text recognition.

The offline recognition techniques work on scanned images. The images are
generally first enhanced and features extracted from the images by digital image

processing techniques. However, the recognition of offline text tends to be more
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challenging because of the noise caused by the processing of input devices. The offline
recognition of handwritten text is more complicated than the printed text. Printed
characters are uniform in shape and structure, while handwritten characters have
different styles and sizes for both the same writer and different writers. Handwritten
words can be recognized in two ways: whole word recognition without segmentation

or segmentation-based recognition.

Generally, recognition of any handwritten script involves several steps, as shown
in Fig.7. The first step is to improve the quality of the text image and to remove any
unwanted details. The pre-processing step usually involves many tasks such as
binarization, noise removal, baseline detection, and normalization. Next, we extract
features from handwritten texts. Typically, the feature vector usually contains the
characteristics of the given character or word. In the final step, we try to identify the given
character or word by comparing its characteristics to one of the classes in the database,

assuming that the training classes and the training model have been provided.

‘ Input Image ’

|
Segmentation H Image. ’
Preprocessing

Without
Segmentation

Y

Features Extraction

Classification

Recognized Text

Figure 7. General steps for handwritten text recognition.
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2.3.1 Pre-processing

In any recognition system, the preprocessing task is an important step [28]. It
aims to improve the readability of the text image and remove those details without
discriminatory power during the recognition process [29, 30]. In [31] standardized
characters in size 64x64 pixel picture, Mowlaei et al. skeletonized the width of the
stroke. Cheung et al. presented a simple noise reduction smoothing method in [32]. In
[33], Nawaz et al. converted the image to monochrome to remove noise and skew
detection and correction of drift is used. Altuwaijri et al. achieved binarization in [34]
by eliminating the noise and smoothing the image. The pre-processing step usually
involves several tasks: binarization, removal of noise, detection of baseline, and

standardization.

2.3.2 Features Extraction

The features capture information from the text image in the printed and hand-
written text. The essential characteristics of the character or word that make it different
from another should be found in this information, i.e., all the characteristics must be
removed and the qualities, which distinguish one character or word from another,
maintained [35]. The information is forwarded to the classifier for classification. The
techniques of feature extraction differ from one application to the next. Techniques that
succeed in one application may not be successful for other applications [36]. The choice
of the technique for the extraction of features, therefore, remains a significant step
towards attaining high precision of recognition. Handwritten text characteristics can be

categorized as follows:
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1)

2)

3)

Structural Features: The most common features that researchers use are

structural features [37]. The geometric and topology of the text image is
illustrated by describing its local and global properties. The structural
characteristics will depend on the pattern category to be classified. The features
for an Arabic text are, for example, dots and their location, stroke, width, and

height of the stroke, directions, line segment intersection, and loop [38, 39].

Statistical Features: Statistical features analyze the spatial distribution of

pixels by counting local features at each pixel and drawing statistics from local
feature distributions [40]. The main statistical characteristics include zoning,
which splits the character into overlapping or non-overlapping areas and
analyzes the pixel density distribution across separate areas. In [41], Mohiuddin
et al. measured the direction of the character's contour by dividing the image
character into zones. Chain codes histograms are then used to calculate the

direction of the contour in these areas.

Global Transformation: Global transformation techniques can convert pixel

representation into a more compact form. Thus, a linear combination of a series
of simple, well-defined functions can represent a signal. The expansion of the
series provides compact encoding through the linear combination coefficients
[46, 47]. Common techniques for transformation used to recognize character
are:

I. Fourier Transform [42].

ii. Discrete Cosine Transform [43].
iii. Wavelets [44].

iv. Hough Transform [45,46].

V. Moments [47].
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2.3.3 Segmentation

Although the segmentation process is the primary source of error recognition,
most systems avoid this step and recognize the word as a whole especially, if the texts
presented in the image are not valid words in the database or the case of open
vocabulary recognition, holistic methods will fail, and we need to rely on segmentation

approaches. Segmentation-based approaches are broadly divided into two categories:

1. Implicit segmentation or internal segmentation where segmentation and character
recognition are achieved at the same time [48]. Implicit segmentation is also
referred to as recognition-based segmentation. The implicit segmentation approach

let the recognizer to decide the best segmentation hypothesis.

2. Explicit segmentation or external segmentation approaches [49], where the input
word image of a sequence of characters is divided into sub-images of individual
characters, which are then classified. Because of the presence of ligature as well as
the cursive style of the Arabic script, several researchers proposed methods relying

on the recognition of the whole term without segmentation [50, 51].

2.3.4 Classification

Classification is a task to identify an object by comparing its characteristics to
one specific class. The classes and the training models are presumed to have been
provided. The training model consists of several instances in which the right outputs
are provided for every input. A classifier is therefore used to identify an object through

its features. In the classification phase, conventional systems [52] are based on:
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I. Decision Trees
ii. K-nearest neighbor
iii. Hidden Markov Model (HMM)

iv. Deep Learning Neural Networks (DLNN)

2.4  Literature Review on Arabic Handwriting Recognition

This section reviews the most popular databases used to evaluate Arabic

character recognition systems.

2.4.1 A Review on Handwritten Arabic Databases

A standard database is needed for a fair comparison of the performance of
Arabic handwriting systems. Many handwriting recognition systems achieve high
accuracy because results were tested on a small database and not a standard database
[46]. Some databases were also developed for particular domains, such as postal
addresses and financial use (such as checks). In the handwritten text, there is no control
over writing style or the writer's ability to produce text with touching or overlapping

characters.

As mentioned before, most of the research has been carried out on the
recognition of Latin handwritten characters. Many databases have, therefore, been

created for handwritten English recognition [53] [54] [55] [56].

However, a limited number of Arabic handwriting databases are available that
have been created for particular domains. The most popular is the IFN/ENIT database

released for handwritten Arabic by Pechwitz et al. [57]. It contains 27,000 Arabic
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handwritten names representing 937 Tunisian town-village names written by 411
writers and is divided into five groups for training and testing and is free for research
purposes.

The Arabic Handwritten Database (AHDB) developed by Alma‘'adeed et al. [58,
59], written by 100 various writers, contains numbers and quantities used in bank
checks in addition to the most popular Arabic words.

Al-Ohali, et al., in [60] have built an Arabic cheque database containing 29,498
sub-words, 15,175 Indian-Arabic digits and 2,499 samples each of legal and courtesy

amounts extracted from 3,000 real-life cheques.

El-Sherif, et al., in [61] have developed the ADBase database for handwritten
Arabic digits, containing 70,000 digits written by 700 different authors, in each of the
ten digits. The database is divided into two groups (60,000 training words and 10,000
testing words). The same authors developed a modified version of the MADBase [62].
This database is in the same format as the Latin database (MNIST) so that comparisons
can be made between problems with the Latin and Arabic digits. The images in the
MADBase are gray, where the images of the ADBase are binary. The ADBase, as well
as the MADBase, are available free of charge for research purposes. Each digital image

is normalized to 28x28 pixels in size.

Awaidah et al. [63] created a database with 21,120 samples by 44 distinct
authors for handwritten Arabic numbers. By using a half-transparent paper over a
tabular grid, each writer wrote 48 samples. The samples were scanned at 300 dpi and
turned into binary pictures. The horizontal and vertical histogram was computed to
obtain the position of each digit for each scanned paper. Every digit was then saved to

a file.
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Lawgali et al. [64] have developed a handwritten Arabic character database.
This database covered all shapes and overlaps of Arabic characters. It contains 6,600
shapes of character. Data from 50 writers aged between 14 and 50 were gathered. Each
writer filled in two forms of all shapes of Arabic character e.g. (isolated, at the
beginning of the word, in the middle and at the end of the word) also the shapes of
overlapping characters, but without dots. The database has two versions. For training
and testing, the first version is used. This version can be used to compare the efficacy
of certain techniques to recognize all shapes of handwritten Arabic characters. The
second version stores all shapes and can be used to train methods that recognize the

word after segmentation. The HACDB is available for academic applications.

KHATT [65] (KFUPM Handwritten Arabic TexT) database is an unconstrained
handwritten Arabic text database written by 1,000 different writers. The database
includes 2000 images of paragraphs of similar text and 2000 images of paragraphs of
unique text and their extracted images of a line of text. The images are accompanied by
manually verified ground-truth and Latin ground-truth representation. Arabic Character

Recognition databases are listed in Table 3.

Table 3. The Databases Available for Arabic Character Recognition

Author(s) Database name Type of data
Pechwitz et al. [57] IFN/ENIT Words
Alma'adeed et al. [58, 59] AHDB Digit + Most popular Arabic

Words
Al-Ohali, et al [60] - Subwords and Digits
El-Sherif et al. [61,62] ADBase Digits

MADbase
Awaidah et al. [63] - Digits
Lawgali et al. [64] HACDB Shapes of Arabic characters and
overlapping ones

Mahmoud et al. [65] KHATT Paragraphs
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2.4.2 Related Works on Arabic Handwriting Recognition

We present in this section the literature review of offline Arabic text recognition
research trying to focus on deep learning techniques. Following a deep learning trend in
computer vision and Graves et al. [50] research on offline text recognition, deep

learning-based recognition systems have gained a high level of interest.

Al-Hajj et al. [66] present a two-stage system for the off-line recognition of
cursive Arabic handwritten words. The proposed method is analytic without
segmentation and can cope with handwriting inclination and with shifted positions of
diacritical marks. First, the recognition stage relies on 3 classifiers based on Hidden
Markov Modeling (HMM). The second stage depends on the combination of these
classifiers. The feature vectors used for recognition are related to pixel density
distribution and local pixel configurations. These vectors are extracted on word binary
images by using a sliding window approach with different angles. They have
experimented with different combination schemes. The neural network-based
combined system vyields the best performance on the IFN/ENIT [58] benchmark

database of handwritten names of Tunisian villages/towns.

Dreuw et al. [67] proposed a continuous HMMs system to explicitly model

white-spaces for Arabic handwriting recognition within different writing variants.

Kessentini et al. [68] presented a multi-stream approach for off-line
handwritten word recognition. The proposed method combines low-level feature
streams, namely, density-based features extracted from 2 different sliding windows
with different widths, and contour-based features extracted from upper and lower

contours.
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The first effective use of Deep Learning Neural Networks (DLNN) for Arabic
handwriting recognition was Multi-Dimensional Recurrent Neural Networks
(MDRNNSs) by Graves et al [50]. Raw image pixels are given as input to a multi-
dimensional RNN (MDRNN). A hierarchical architecture is designed to convert the
two-dimensional image into a one-dimensional sequence which is finally labelled by

the output layer.

Rothacker et al. [69] focus on feature learning by estimating and applying a
statistical bag-of-features model. These models are successfully used in image
categorization and retrieval. The novelty of this work was the integration with a Hidden
Markov Model (HMM) that used for recognition. The method was evaluated on the

IFN/ENIT [57] .

Azeem et al. [70] utilized the slanting window idea, as presented by Al-Hajj et
al. [19], to develop three separate continuous HMM systems. The results of the

individual classifiers were combined using sum, majority vote, and maximum rules.

Abandah et al. [71] used a system similar to the one presented by Graves [17],
but the text was explicitly segmented into graphemes before extracting features from
the graphemes. Their method is based on explicit text line image segmentation into
graphemes. The Arabic text is segmented into PAWSs and subsequently segmented into
graphemes by a rules-based algorithm. Dots and diacritics were isolated from text and
subsequently attached to PAWSs. Several features were extracted from the segmented
graphemes. For training and recognition, RNNs with bi-LSTM (BLSTMs) and CTC
layers are used. The BLSTM architecture enables contextual information to be
integrated from both directions through the handwritten text. Finally, a dictionary is

used to correct the recognizer output based on the decoding lexicon.
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Hamdani et al. [72] presented in combination with an HMM system a Bi-
directional Long Short-Term Memory (BLSTM). In the first step, pixel gray values
were used to extract features from repositioned sliding windows for the HMM system
training. RNN-trained features were used to train HMMs in the next step. Gaussians
were split into two successive HMM states. In addition, contextual HMMs (trigraphs)

were used with decision-tree clusters.

Then, Elleuch et al. [73] investigated two deep architectures: Deep Belief
Networks (DBN) and Convolutional Deep Belief Networks (CDBN), which are
applied respectively on low-level dimension and high-level dimension in textual
images for recognizing Arabic Handwritten Script (AHS). Specifically, they
experimented with two data sets: the HACDB dataset for offline Arabic character

recognition [64] and the ADAB dataset for online Arabic word recognition [39].

Stahlberg and Vogel [74] proposed a novel text line image normalization
procedure and a new feature extraction method using the HMMs system with deep
neural network training. The system was evaluated on IFN/ENIT [58] and KHATT

[65] database.

Ahmad et al. [75] presented a multi-stage HMM-based system where two
separate systems were trained: one for the recognition of the Arabic core-shapes after
removing dots from text image and another for the recognition of the various dots and
diacritics from Arabic text. During recognition, the core shapes recognition system was
used to identify the core shapes of the Arabic text, and finally the Arabic word was
recognized by including information from the diacritics recognition system. Ahmad et

al.[76] also showed a new way of depicting Arabic characters by separating the core
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shapes from diacritic ones and then by depicting them in smaller units called sub-core

shapes.

Hassan et al. [77]. Proposed handwritten recognition method for offline Arabic.
The proposed hand-written method for recognition Arabic word without segmentation
to sub letter based on the Scale Invariant Feature Transformation Extraction (SIFT) and
Support Vector Machines (SVM). The proposed method was analyzed using the
database (AHDB). They previously also in [78] proposed a system depends on the
segmentation of the text in word only. handwriting text recognition system based on

efficient division, DCTs and HOG Features.

Alnuzali et al. [79] examined ELM and SMO classifiers with Gabor's features.
The evaluation is conducted on two Arabic Cheque datasets, AHDB and CENPARMI.

The results from Gabor are superior to earlier studies with the SMO classification.

Rabi et al. [80] proposed a cursive handwritten Arabic text recognition system
based on Hidden Models (HMM). This system is analytical and uses embedded training

to perform and improve the character models without explicit segmentation.

Almodfer et al. [81] improved AlexNet's recognition of handwritten Arabic
words by adopting a drop-out regularization that prevented the proposed system from
overfitting problems and reduced word error rates. Besides, they investigated the
performance of ReLU and tanh activation functions in the fully connected layers. Also,
they have present in [82] an offline Arabic handwriting recognition system by using the
multi-column deep neural networks. Across multiple experiment settings using the

IFN/ENIT benchmarking database, they have increased the accuracy rate of the system.
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CHAPTER 3

METHODOLOGY

3.1 Modeling Options for Arabic Text Recognition.

In this chapter, we present the various modeling options we examined during
this work. In the next three sub-sections, the four different but relevant modeling
approaches that we have examined will be presented. Four broad options for Arabic

handwriting modeling approaches are thus described:

Whole-Word Modeling
Using the characters as models

Using the character’s shapes as models.

> w0 ke

Modeling core shapes and diacritics separately.

3.1.1 Whole-Word Modeling (Holistic-Handwriting-Recognition)

Arabic words or PAWSs have been used by some researchers as modeling units.
There are many issues with this approach. One such problem is that it usually leads to a
huge number of classes as every word is represented by a separate class. A lexicon may
have hundreds, or thousands, or even more words. This will also mean the need for
more training data as each word should have sufficient samples in the training set to
adequately train the model parameters. It may be suitable only for text recognition tasks

involving a very small lexicon size [16, 57].
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3.1.2 Using Characters as modeling units

Researchers selected characters as modeling units, mainly during the initial days
of Arabic text recognition. Since Arabic characters have many position-dependent
forms, it is not best to use characters as models. In this modeling option, the leading
Arabic characters (28 characters, ten digits, and seven ligatures) are used as modeling

units.

3.1.3 Using Character shapes as modeling units

The most successful and widely used approach is the use of Arabic character
shapes as distinct models [75]. Although this approach is generally well-functioning,
there is a problem with using it. The number of modeling units increases four times
from 28 (i.e., the number of Arabic characters) to approximately 100, excluding
numbers and special characters. This creates a large model set with a bulky recognizer.
Besides, a wide range of modeling units requires large amounts of training data to

ensure that each model is adequately trained.

3.1.4 Modeling core shapes and diacritics separately

This modeling choice was presented by Ahmed et al. [75,76]. Due to the fact
that many Arabic characters have the same core shapes, but are only vary based on the
numbers of dots as well as other diacritics we can isolate the main shapes from the
diacritics, then the model set will end up being drastically reduced. Based on these

findings we have examined a multi-stage text recognition approach, which is used to
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independently train a core-shape recognition system from a diacritical recognition

system, and which incorporates the outcomes of both systems to create the final text

recognition hypothesis. The outline of the Multi-Recognition System is presented in the

next few sub-sections. Fig.8 shows some character classes that have the same core

structure but that are distinct because of the diacritics presence or absence. Fig.9 shows

that the words (& « i< « <) could be built with 7 core shapes and four diacritics

one-dot above, two-dots above, three-dots above and one-dot below.

Isolated Core Beginning Core Middle Core Ending Core
character shapes character shaes character hapes character <hapes
shapes p shapes p shapes P shapes P
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Figure 8. Some character shapes to core shapes mapping for Arabic script. (Figure adapted from [74])
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Figure 9. Words representation using core-shape.
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We need to separate the core shapes and the diacritics from the text images in
order to model and train them separately. A text image is thus divided into two images:
one with the core forms and the other with the diacritics. Ahmad et al. [75] presented
the core shapes and the diacritics separation algorithm. Besides, they have modified the
transcriptions for the text images of the IFN/ENIT training sets. They created two
separate transcriptions one for the core shapes and the other for the diacritics [75].
Fig.10 shows the pseudo-code for separating core-shapes and diacritics with two

illustration examples.

Algorithm Hlustration Exampie 1 Hllustration Example 2

Input: Origmal mmage (Img) . [~ C4
Output: Image having core shapes (imgCore), and mmage . ~

having diacritics (ImgDia) l = l
1. Img: The original image

2. ImgDia: ncludes all the components from the origimal ) J <. ]

image whose size 13 less than the average size of
components in the original image l J'

3. Remove from imgDia component ‘¢’ if:
o the length of ‘¢’ is > threshl (30 pixels), AND J s
e the length is at least twice the width ” =
(For Alifs and characters having vertical long stroke) l l
4. Remove from imgDia component ‘¢’ if: L " ’

o the width of ‘¢’ 13 > tlwresh2 (50 pixels), AND . K

s it i3 within the core shape region i.e., it is not too ImgDia TingDia
far from the baseline

(For fragmented core shapes or small isolated

characters like Noon) t_)- L__J u L? )J

5. ImgCore: Img - ImgDia

g
ImgCore TmgCore

Figure 10. A rule-based algorithm for separating core-shapes and diacritics. (Figure adapted from [75])

3.2 Deep Learning Approaches for Handwriting Recognition

Image Classification and object recognition using deep learning is the state-of-
the-art technology in the field of Computer Vision (CV) and robotics. In this section,
we focus on building an efficient and robust Deep Learning Neural Network (DLNN)
to recognize handwritten Arabic scripts. There are numerous handwritten recognition

methods [5], depending on whether one considers an explicit or implicit character
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segmentation, the type of features used, or the choice of classifier implemented for
characters’ recognition. The common point of these approaches is that they all rely on
a lexicon driven decoding stage. Indeed, since character recognition is not free of error,
the common word recognition strategy is to postpone the character decision process at
the end of the word recognition process, where the best character hypotheses
combination forming a valid word are finally selected The various stages in DLNN

along with its operation is discussed in detail.

3.2.1 Convolutional Neural Networks (CNN)

The convolutional neural network is a class of artificial deep-feed-forward
neural networks, usually used for image classification. CNN consists of several layers
which can learn high-level features efficiently from labeled training data. In fact, its
key idea is to use convolutional and pooling layers to gradually extract more abstract
patterns that can be carried out locally [83]. CNN is like other deep neural networks
consist of an input layer, an output layer, and many hidden layers in between. These

layers perform data-specific operations to learn features.

In 1998, Yann LeCun has presented the LeNet5 network [84] one of the initial
convolution neural networks which propelled the area of deep learning. At that time the
LeNet architecture was used mainly for character recognition tasks such as reading zip
codes, digits, etc. There have been several new architectures proposed in recent years
which are improvements over the LeNet, but they all use the main concepts from the
LeNet. The Convolutional Neural Network in Figure 11 is similar in architecture to the

original LeNet.
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Figure 11. LeNet 5 [77].

In general, there are four main building blocks in the CNN shown in Figure 11 above:

1. Convolution
2. Non-Linearity (ReLU)
3. Pooling or Sub Sampling

4. Classification (Fully Connected Layer)

A convolutional layer puts the input images through a set of convolution filters;
each filter will extract a specific feature from the image. In other words, the filter is slid
across the width and height of the input and the dot products between the input and filter
are computed at every spatial position. The output volume of the convolutional layer is
obtained by stacking the activation maps of all filters along the depth dimension. Since
the width and height of each filter are designed to be smaller than the input, each neuron
in the activation map is only connected to a small local region of the input volume. In
other words, the receptive field size of each neuron is small and is equal to the filter
size. The local connectivity is motivated by the architecture of the animal visual cortex
[85] where the receptive fields of the cells are small. The local connectivity of the
convolutional layer allows the network to learn filters that maximally respond to a local
region of the input, thus exploiting the spatial local correlation of the input (for an input
image, a pixel is more correlated to the nearby pixels than to the distant pixels). Besides,
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as the activation map is obtained by performing convolution between the filter and the
input, the filter parameters are shared for all local positions. The weight sharing reduces
the number of parameters for efficiency of expression, efficiency of learning, and good

generalization.

Let layer [ be a convolutional layer. Suppose that we have some M X M square
neuron nodes which are followed by our convolutional layer. If we use an N X N filter
W then convolutional layer output will be of size (M — N + 1) X (M — N + 1) which

produces k-feature maps as shown in Fig.12.

Output Feature maps

Input Image or Feature maps

Figure 12. lllustration of a single convolutional layer that produces k-feature maps

The convolutional layer acts as a feature extractor that extracts salient features
of input such as corners, edges, and endpoints. To compute the pre-nonlinearity input

to some unit. Then the input of layer [ — 1 comprises is computed as:
l —
vi=B"+ TV MW, X{ay+b) )

Where B} is a bias matrix and W is the filter of size N x N. Then the

convolutional layer applies its activation function as:

zi = o(Y/) 2
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The activation function that is used in our proposed approach is Rectified Linear
Units (ReLU) that applies the non-saturating o (¥;') = max(0, ¥;’). We apply the ReLU
non-linearity as an activation function to the output of every convolutional layer and
fully connected layer. The ReLU increases the nonlinear properties of the decision
function and the overall network without affecting the receptive fields of the

convolution layer.

Often convolutional layers are followed by a pooling layer. Pooling layers
compute the maximum or average over a region of a feature map. This results in a
subsampling of the input. Pooling reduces the dimensionality, increases the scale, and
also supports translation invariance in the sense that a slight translation of the input
does not (or only marginally) change the output. Fig.13 shows the pooling layer takes
a small rectangular block from the convolutional layer and subsamples it to produce a
single output from that block. The pooling layer reduces the resolution of the image that
reduces the precision of the translation (shift and distortion) effect. There are several
ways to do this pooling, such as taking the average or the maximum, or a learned linear
combination of the neurons in the block. Our pooling layers will always be max-

pooling layers; that takes the maximum of the block that they are pooling.

Feature maps layer L-1 Feature maps layer

Figure 13. lllustration of pooling layer that produces the same k-feature maps

Convolutional layers and pooling layers take the spatial structure of their input
into account, which is the main reason for their good performance in computer vision
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and image analysis. In contrast, when standard non-convolutional neural networks are
applied to raw (or only slightly preprocessed) images, the images are vectorized. The
resulting vectors serve as the input to the neural network. In this process, information
about the spatial relation between pixels or voxels is discarded and there is neither
inherent equi-variance to translation nor translation invariance, which are important

properties to achieve generalization in object recognition tasks.

Finally, after several convolutional and pooling layers, the high-level reasoning
in the neural network is done via fully connected layers. A fully connected layer takes
all neurons in the previous layer (be it fully connected, pooling, or convolutional) and
connects it to every single neuron it has. Fully connected layers are not spatially located
anymore (you can visualize them as one-dimensional), so there can be no convolutional

layers after a fully connected layer.

In this work, we have adopted the popular AlexNet for Arabic handwritten
words recognition. AlexNet (proposed by Krizhevsky et al. [86]) is one of the deep
convolution nets designed to deal with complex scene classification tasks on the
ImageNet database. The task is to classify the given input into one of the 1000 classes.

The arrangement and configuration of all the layers of AlexNet are depicted in Fig. 14.
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Figure 14. AlexNet architecture [86].
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AlexNet includes five convolutional layers, three max-pooling layers, two
Local Response Normalization (LRN) layers, three fully connected layers, and a linear
layer with softmax activation in the output. The fully connected layers are simply
implementing the dot product between the input and weight vectors, where each neuron
in layer | is connected to all outputs of neurons in layer | — 1. Moreover, it uses the
dropout regularization method to reduce overfitting in the fully connected layers and
applies Rectified Linear Units (ReLUs) for the activation of those and the convolutional
layers function to speed up the learning process. It was initially trained to recognize
1000 different objects. The intuition behind this network is that each convolutional
layer learns a more detailed representation of the images (feature map) than the
previous one. For example, the first layer can recognize very simple forms or colors,
and the last one more complex forms such as full words for instance. The convolutional
layers are representing the image in a much better way for the classification. After the
convolutions, each image is represented as a vector of 4096 features (whereas they were
initially vectors of 227x227x3 = 154,587 features). The two fully connected and
SoftMax layers are similar to a multi-layer perception and could be replaced by other
kinds of classifiers such as Random Forests or SVMs. However, they are really

important for the training phase of the neural net.

3.2.2 Recurrent Neural Networks (RNNs)

The main focus of the research is on the Recurrent Neural Networks (RNN),
which is a specific form of the neural network defined by the presence of interconnected
nodes. A Recurrent Neural Network (RNN) is a robust deep neural network, commonly

used to solve problems of machine learning involving sequence inputs. This particular
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ability enables RNN to learn the context of labels, as the word’s characters cannot be
regarded as genuinely independent components, which is a great advantage in

handwriting recognition.

Although the traditional RNN gives the network a memory, its ability to
preserve old contents is still quite limited due to the vanishing gradient problem [87].
Usually, it is difficult for an RNN to bridge gaps between the presentation of the
relevant input and the relative target events over more than 10-time steps. Because of
this, the Long Short-Term Memory (LSTM) [88] model is used to overcome this
problem. RNNs architecture involving (LSTM) enables it to capture longer contexts

which may be important for offline text recognition tasks.

RNNSs, are capable of modeling sequential data for sequence recognition and
prediction. Unlike traditional neural networks, input and output data are assumed to be
independent of each other. In many applications, using this assumption is not a good

idea.

A simple RNN has three layers, as shown in Fig.15, which are input, recurrent,
and output layers [89]. There are N input units in the input layer. This layer’s inputs are

a sequence of vectors over time t such as {...,x;_1, X X1, .-} Where x; =

{x1,%2,%3, ... , x5}
Output Layer Y1 >CY2> - - - WHH
A Wio
HiddenLayer < h>Ch,> - - - Chy)
A Wy
Input Layer (X H>CXD> - - - D)

Figure 15. A folded recurrent neural network [89].
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The input units in a fully connected RNN are connected to the hidden units in
the hidden layer where a weight matrix W,y is used to define the connections. The
hidden layer has M hidden units h; = (hq, h,,..., hy) connected over time with

recurrent connections [89] see Fig.16.

(—&'H A Wi r—a\‘fv}m b Wio
~ Wi D, A W
( t+1 =+2 Time

Figure 16. Unfolded recurrent neural network through time [89].

The initialization of hidden units with small non-zero elements may improve
overall network performance and stability [15]. The hidden layer defines the system’s

state space or "memory" as
h, = fH(oy), 3
where
0 = Wiyx, + Wyyhe_y + by, 4)

fH(.) is the activation function of the hidden layer, and by, is the hidden units’
bias vector. The hidden units are connected with weighted W, connections to the

output layer. The output layer has P units y; = (y4,¥,,...,yp) thatis computed as
Y = foWyohe + b,) )
where

fo(.) is the activation functions and b,, is the bias vector in the output layer.
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As the input-target pairs are sequential over time, the above steps are repeated over time

t=(@1,...,7).

The equations (3) and (5) show that RNN consists of absolute non-linear
equations of state that can be iterated over time. The hidden states provide a prediction

in each time step based on the input vector at the output layer.

The hidden state of an RNN is a set of values that, apart from the effect of any
external factors, over several time steps, summarizes all the unique information needed
about the network’s past states. This integrated information can define the network’s
future behavior and predict accurately at the output layer [90]. In each unit, an RNN
uses a simple nonlinear activation function. However, such a simple structure is capable

of modeling rich dynamics if it is well trained in time steps.

3.2.3 Long Short-Term Memory (LSTM)

Despite having the right framework for modeling temporal data, RNNs suffer
from some inadequacies. Neural networks learn how to modify network weights by
back-propagating the error. If the network is too large or the number of time-steps is
too long, the distance over which the error has to be transmitted will become unfeasible
and the network will stop learning. In literature, this problem is referred to as the
problem of the vanishing gradient. The LSTM [91] is a modified RNN designed to
overcome vanishing gradients. In addition to the hidden state, the LSTM carries a cell
state that preserves long term information. The LSTM solves the problem by having a
shortcut path to transmit the gradients back. This unique architecture involves three

gates. The forget gate decides the contents of the cell state that are relevant to the
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problem and discards everything else. The input gate’s function is to ensure that
relevant information in the input is stored in the cell state. Finally, the output gate adds
the relevant input to the cell state and passes it on to the next time-step. This architecture

ensures that the gradients are propagated back into the earlier time-steps in the network.

In 1997 Hochreiter et al. [92]. introduced the first LSTM cell as shown in
Fig.17. This cell includes an input t, input modulation g., forget f; and output o, gates

in addition to the memory cell ¢, and the hidden unit h;. as:

ip = c(Wyixe + Wyihe_q + b;) (6)
fe = o(Wypxe + Wyphe_y + by) ()
0r = 0(Wyoxe + Wohy—q + by) (8)
9r = 0(Wyexe + Wyche—y + be) 9)
a=frOc-1+it O ge (10)

hy = 0 O ¢(ce) (11)

Where W are the weights matrices between input or hidden state to the gates

and b are the biases terms.

RNN Unit LSTM Unit

............

Figure 17. RNN cell unit vs. LSTM cell unit [91,92].
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3.2.4 Connectionist Temporal Classification (CTC) Layer

In the context of RNN, the use of Connectionist Temporal Classification (CTC)
enables recognition without prior segmentation [50]. This has enabled the use of neural
network classifiers for offline recognition of handwritten texts, which has become more

popular in recent years [11,50,71,72].

The segmentation process for Arabic text, printed or handwritten, is a highly
error-prone task. The Connectionist Temporal Classification (CTC) layer can transcribe
the data without prior segmentation. Graves et al. [11] presented the CTC layer which
is dedicated to transforming RNN outputs into class posterior probabilities. It was
initially designed to recognize speech [14], and then the idea was extended to recognize
handwriting [50]. The CTC layer predicts the transcription for the test images in the

recognition phase.

By interpreting the network output as a distributed probability over all possible
label sequences on the given input sequence, the CTC uses an objective function
integrating a variable to determine the best path through a lattice of possibilities. These
variables enable the calculation of error between the network output and the ground
truth at every time step for every label. The CTC layer has N+1 (N outputs basic class
labels and one for blank). These outputs specify the probability that each label is
observed or not observed at a given time. With the use of single-character probabilities,
a set of probabilities can be obtained that possible match outputs given to an input one.

This logic can be described by equation (12).

p(mlx) = [l{= ¥t V@ (12)
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where:

x : The input sequence.
T : A possible output sequence.

yL . : The probability of a given label from =& at time ¢t

A special g operator is defined for the correspondence between previous steps
7 and the final output sequence [ through the removal of blank labels. As more than
one sequence of r can be a single final sequence, the probability of a specific final

sequence of [ will be calculated as follows :
p(llx) = Xpm=1p(m|x) (13)

The maximum probability p(L|x) is considered to be the final output for each
given input x and sequence L. For handwriting recognition, a word image is considered
a time sequence, in which time is modeled as one unit of time along the width of the
image with a one-pixel slice. Following pre-processing, pixel values have been used as

network input features. The general recognizer structure is displayed in Fig.14.

Time
4—

3-;\-_,%.\\ —v{\ LSTM H CTC J—’B‘L__S“'.J‘J‘&‘d“

Figure 18. CTC output layer connected to the LSTM network.

3.2.5 Token Passing Decoder

Graves et al. [93] introduced the token passing algorithm which restricts its
output to a dictionary. The token passing decoder solves the problem of word decoding,
i.e. the most likely word in the input sequence, where the word output is limited by
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vocabulary. The CTC token passing algorithm for single words expects a sequence of
letter probabilities of length t as provided by the neural network, along with a word w
as a sequence of ASCII characters, and returns a corresponding score, i.e. the
probability that the input to the neural network was indeed the given word [14]. This

means that, the probability p(l|x) = ¥ g(m)= p(r|x) in(13) could be approximated by:

p(WIX) = MaXz p(m)=w p(”) (14)

3.2.6 Word Beam Search (WBS) Decoder

The output of the CTC layer is a matrix containing character-probabilities for
each time-step (horizontal position). This matrix must be decoded to get the final text.
One algorithm to achieve this is beam search decoding which can easily integrate a
character-level language model. Word Beam Search (WBS) or beam search decoding
is an algorithm used in the CTC layer. The CTC-WBS decoder is placed just following
the RNN layers for output decoding. The main advantages of WBS decoder over token

passing decoder are :
¢ It is faster than token passing.

¢ It allows an arbitrary number of non-word characters between words

(numbers, punctuation marks).
«+ Words constrained by dictionary.

Scheidl et al. [94], presented the Vanilla Beam Search (VBS) algorithm. The
WBS decoder which is a modification of VBS decoding has the following

characteristics :
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Words are limited to words in the dictionary.

Any non-word character number between words is permitted.

Optionally, we can integrate an LM word-level bigram.

A better runtime (in terms of time-complexity and real-time on a computer) than

token passing.

The iterative beam search decoding creates and scores the text (beams). Table

Il displays the pseudo-code for a basic-version : the beam list is initialized with an

empty beam (line.1) and the corresponding scoring score (line.2). The algorithm then

iterates the neural network output matrix in all-time stages (line.3 to 15). At each time-

step, only the best scoring beams from the previous time-step are kept (4). The beam

width (BW) specifies the number of beams to keep. For each of these beams, the score

at the current time-step is calculated (8). Further, each beam is extended by all possible

characters from the alphabet (10) and again, a score is calculated (11). After the last

time-step, the best beam is returned as a result (16).

Table 4. Pseudo-Code for A Basic Word Beam Searching [94].

Input

: NN output matrix mat, BW

Results : decode text

OO ~NOO UL WN -

el el
O WNR O

16

beams= {@}

score {@,0} =1

fort=1...Tdo

bestBeams = bestBeams(beams,BW);

beams = {};

for b € bestBeams do

| beams = beams U b;
scores(b,t) = calcScore(mat, b, t);
for c € alphabet do

|
|
| | b'=b+c;
| | scores(b’,t) = calcScore(mat, b’, t);
| | beams = beams U b’;
| end
|

end
end
return bestBeams(beams, 1);
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Beam search allows arbitrary character strings, which are required to decode
numbers and punctuation marks while token-passing limits its output to words in the
dictionary to avoid spelling mistakes. Of course, all words to be recognized in the

dictionary must be included.

3.2.7 Bi-Directional Long Short-Term Memory (BLSTM)

The Bi-directional Long Short-Term Memory (BLSTM) architectures were
introduced by Graves [50, 93] to overcome limitations of LSTM. One of the main
drawbacks of RNN and LSTM is that they are processing information just based on the

previous context.

In many applications, including speech recognition, we prefer another structure
called Bi-directional LSTM (BLSTM), which can be trained using all available input
information in the past and future of a specific time frame. BLSTMSs contain two
separate hidden layers, one processes the input sequence forwards (positive time

direction), while the other processes it backward (negative time direction).

Both hidden layers are connected to the same output layer, providing it with
access to the past and future context of every point in the sequence. BLSTM
outperforms unidirectional LSTMs and standard RNNSs, and it is also much faster and

more accurate. Fig.13 shows the architecture of a BLSTM network.

The Bi-directional RNN can principally be trained with the same algorithms as
a regular unidirectional RNN because there are no interactions between the two types

of state neurons and, therefore, can be unfolded into a general feed-forward network.
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Figure 19. The architecture of a bi-directional recurrent neural network.

3.2.8 Multi-stage Deep Neural Network

In section 3.1.4, we have explained how to model core shapes individually from
the diacritics, and later mix the knowledge from each source to form the ultimate text
recognition hypothesis. The idea of a multi-stage classifier was originally proposed by
Ahmed et al. [75]. In this approach, two deep learning systems are trained individually
and severally from one another. After splitting the image into core and diacritics
component. We use those components to train two separate (RNN) networks. Finally,
we use a third classifier to obtain the final result based on the output of the first two
networks. Fig.20 illustrates with the help of an example of the multi-stage text

recognition framework.

Core-shape
LSTM Network
ZA)&‘ for the Core-shapes
- Integrate the information
Handwritten Text N J L J from both classifiers to
obtain the final result
I 4 N Gﬂ;\ |
Diacritics =
. LSTM Network
”| for the Core-shapes
. ™
N /

Figure 20. An illustration of the multi-stage word recognition system.
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The LSTM core-shape system is the primary detection engine. For character
recognition, the core-shape image and a diacritics image are separated from the input
image. This system uses the characteristics from the image of the core-shape to assume
a sequence of core shapes. Then, it uses the character to core shape dictionary for
decoding. A character recognition network is constructed based on the hypothesized
core-shape sequence. The diacritics system uses the characteristics of the diacritics
image together with the designed character network to create the final hypothesis of

identification. It uses the character to diacritics dictionary for decoding.

For word recognition, the core-shape system uses the features of the image of the
core-shape to produce an N-best word list. For decoding, it uses a word-to-core
dictionary. A network for word recognition is built to only contain the N-best words.
The diacritic system uses the diacritic image features together with the network of
words built in to record the N-best words. It uses the dictionary word to diacritics for
scoring. System scores are added for each word and the word with the best score is

produced as the final hypothesized word.
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CHAPTER 4

ADAPTIVE DATA AUGMENTATION ALGORITHM

4.1 The Problem of Imbalanced Data Classification

Imbalanced classifications pose challenges as they lead to systems with poor
predictive performance, especially for the minority class. A neural network that is
trained on a database with imbalanced classes will bias its decision towards the
prevalent classes in the set [95]. In the presence of limited training samples, data
augmentation is commonly used in many deep learning approaches. Augmented data
using standard augmentation techniques e.g. (rotation, position shifting, zoom, shear,
etc.) does not affect the distribution of labels in the original dataset. It means that if we

have imbalanced data, the data will continue to be imbalanced after data augmentation.

A neural network that is trained on a database with unbalanced classes will bias
its decision towards the most prevalent class in the set [95]. If there is a class imbalance
in the training data, classifiers usually overclassify the majority because of its increased
prior probability. Consequently, minority classes are more frequently misclassified than
those of the majority. To learn from imbalanced data, it is important to consider the
representation of minority and majority classes. Krawczyk [96] suggested that
irrespective of class disproportion, good results could be obtained if both groups are
well represented and come from non-overlapping distributions. Japkowicz [97]
examined the effects of class imbalance by creating artificial data sets that combine
complexity, training set size, and degrees of imbalance. The results show that

sensitivity to an imbalance increases with increased problem complexity and that non-
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complex, linearly separable problems do not have any impact on all levels of imbalance.
There is a genuine lack of data in some areas because of the low frequency with which
events happen, such as handwriting recognition. Learning from extreme class
imbalanced data, in which the minority class accounts for 0.1 percent or lower of
training data [96, 98], is extremely important since usually, we are interested in these

rare occurrences.

The issue of class imbalance based on the difference in character frequencies is
not specific to any language or dataset. It is a common observation for texts in natural
languages. For example, characters ‘e’, ‘t’, and ‘a’ are the most frequent characters
whereas characters ‘z’, ‘q’, and ‘x’ are the least frequent characters in the English
language [99]. Similarly, for Arabic, based on text analysis of an Arabic corpus
containing more than five million characters [100], it was found that not only the
characters are unevenly distributed but also the distribution is highly skewed. The two
most common characters, i.e., alif () and lam (J), constituted almost a quarter of all the
texts. On the other hand, the five least occurring characters (out of the total of 28

characters) constitute only around 2% of the entire text. The frequency of character

za’(&) was almost 70 times lower than the frequency of character alif (!).

Class imbalance handling methods in machine learning can be categorized into
three categories: data-level techniques, algorithm-level methods and hybrid
approaches. Techniques at the data level attempt to reduce imbalance levels by
different methods of data sampling. Algorithmic methods of handling imbalance in
classes, commonly implemented with weight or cost schemes, include the modification
of the underlying learner or its output to reduce bias in favor of the majority group.

Finally, hybrid systems combine both sampling and algorithmic methods strategically.
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4.2  Adaptive Data Augmentation Algorithm

Now, if we consider the character shapes distribution rather than characters, the
distribution will be even more skewed. There will be very few occurrences in some
character shapes from the low-frequency characters and thus there is the issue of
adequately training them. In this section, we present a novel data augmentation

algorithm that can artificially balance the distribution of any handwriting database.

Our algorithm is simple and straightforward. First, we need to know the size of
the database lexicon (L) and the number of modeling units or classes (n). For example,
if we use Arabic characters as modeling units, in this case, we will have 45 classes (28

basics letters, 10 digits, and 7 ligatures) (n=45).

Second, we assign a weight (W;) to each word in the lexicon. This weight is
calculated for each word based on the sum of the inverse average probability of the
characters that make up that word. The inverse probabiliy were used because we are
interested in words composed of infrequent characters.Therefore, words with a hight
weight are composed of characters that infrqenetly appear in training data, while words

with a low weight value are composed of characters fregently seen in training data.

In general,

w;=—=" (15)

where i ={1,....., L}, N is the total number of characters in the word i and p,, is

the probability of each modeling unit (class) in the training data sets.

__ Total Number of class (n) occurence

= x 100 16
n Total Number of all classes occurence ( )
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After finding all the weights, we normalize them by dividing each of the weights

by the sum of all the weights. Therefore, normalized weights are like probabilities:

W; .
Wi,normalized = 27 ) wherei = {1, ey L}, (17)

4

Now we can use these to augment new samples to the original database e.qg. if
we want to augment M new samples to the original database then we can calculate the

number of augmented samples needed for each word image by:
[W i normatizea < M] = Total No. of samples augmented for classi.  (18)

By applying this to all the words in the lexicon, we will eventually balance the
database, because we augment new data based on the inverse average probability of
occurrence of each class. Words composed of infrequent characters will be augmented
by a greater number compared to words composed from high frequent characters.

Table 5 shows the pseudo-code of our data-augmentation technique.

Table 5. Pseudo-Code for Adaptive Data Augmentation Technique.

Step 1. Determine the lexicon size of the given database (L) and the number of modeling units (n).

step 2: For each word (i) in the lexicon,
calculate the inverse probability of each model (1/p,,).

step 3: For each word (i) in the lexicon,

w; = Pn where i ={1,.....,L};

step 4: For each W;, we normalize it by:

Wi . .
Wi normatizea = W where i ={1,......L};
L

step 5: Determine the number of new augmented data (M).

step 6: For each word (i) in the lexicon,

No. of samples augmented = M X W, ,ormatized
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CHAPTER 5

EXPERIMENTS AND RESULTS

In the next subsections, we present the IFN/ENIT database, AHDB database,
data preprocessing, experiment configurations, results of the evaluation and the

comparison with the state-of-the-art systems.

5.1 The IFN/ENIT Database

The IFN/ENIT database is the most widely used and popular database for
handwritten Arabic text recognition research published by Pechwitz et al [57]. It
consists of 1000 forms, written by 411 distinct authors and it is divided into five
training and testing groups and it is freely available for research purposes. It includes
approximately 27,000 handwritten Arabic names representing Tunisian city names. The
size of the lexicon is 937 place names. A Ground Truth (GT) file has been compiled for
every word in the database. This file contains information on the word, such as the
baseline position and information about the individual characters used. Fig. 21 shows

some sample images from the IFN/ENIT database.
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Figure 21. Samples from the IFN/ENIT database.
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5.2 The AHDB Database

The Arabic handwritten database (AHDB) developed by Alma’adeed et al.
[58,59] includes approximately 10,081 handwritten Arabic words representing numbers
and quantities used in cheques, as well as the most popular words in Arabic writing. The
lexicon size is 96 words, 67 of which were handwritten words corresponding to
numbers that can be used in handwritten cheque writing. The other 29 words were the
most popular Arabic words. Fig.22 shows some sample images from the AHDB

database.
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Figure 22. Samples from the AHDB database.

5.3 Preprocessing

In any recognition system, the pre-processing of the text images is an important
step. The purpose of this step in handwritten text recognition is to improve text image
readability and remove those details that do not have any discriminative power in the
recognition process. The images were already binarized by the authors [57,58], and the

only steps we took in the pre-processing were:

For the LSTM-CTC network, we resized all images to a fixed height of 96
pixels, and the width was chosen such that each image keeps its original aspect ratio.
This step is essential in our system to ensure constant vector dimensions because LSTM

expects a fixed-size vector.
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The depth of the proposed deep learning networks is higher than traditional
classifiers because of the various hidden layers. In this case, we face this serious
problem because we have limited data. To overcome this issue, we used standard data
augmentation techniques. In the first part of the experiments, the standard augmentation

techniques were selected such as:

(i) For each image in the database, we have generated 6 additional augmented
images by rotating images by a small angle from -3 to 3 degrees and adding those
images to our training sets. Fig.23 shows a word image from the IFN/ENIT database

rotated at different angels (-3 to 3 degrees)

s Y @L__..\-" 1 @L N Z__)_J»_,._AH
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Figure 23. A word taken from the IFN/ENIT database rotated at different angles (-3 to 3 degrees).

(i) For each of the original images in the database, we generated five additional
augmented images using shear transformation. Fig.23. shows a word image from the

IFN/ENIT sheared with a different shearing coefficient.

o L s e

Figure 24. Shearing a word in the database with different shearing factor.
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5.4 Experiment Configurations

We have compared the performance of the RNN-LSTM network to CNN
(AlexNet [86]) holistically. The AlexNet network consisted of five convolutional
layers, a max-pooling layer, a dropout layer, and three fully connected layers. After
each convolutional and fully connected layer, ReLU is applied. Before the first and
second fully connected layer dropout is applied. The receptive field of each convolution
layer is 3x3. The fifth convolution layer is followed by three fully connected layers,
with the first two having 512 channels each. The AlexNet was originally designed to
identify 1000 classes. We have replaced the last fully connected layer by a new fully-
connected layer with as many outputs as the number of classes (937 for the IFN/ENIT
database and 96 for the AHDB database). Due to the high training time associated with
such a large network, we have used transfer learning method to retrain the pretrained

AlexNet[101].

The architecture of the LSTM network for classification was chosen such that
it starts with a sequence input layer followed by an LSTM layer. The LSTM layer is
followed by a fully connected layer to predict class labels, a SoftMax layer, and a
classification output layer. The SoftMax layer is connected to the CTC-token passing
decoder. Later, the CTC layer is modified to adopt the word beam search algorithm
[94]. The LSTM was composed 200 LSTM blocks, separated by a subsampling layer

of 100 hidden neurons without bias, and with an hyperbolic tangent activation function.

The BLSTM recognizer was identical to the one used in (Graves [50]). Thus,
we have used the Recurrent Neural Network Library (RNNLIB) for sequence learning
problems which is forked from Alex Graves's work [102]. This library provides 1D and

multidimensional LSTM network with ground truth alignment using the CTC decoder.
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It also provides a heuristic decoding process for mapping the output of the network to
a sequence of symbols. The BLSTM hidden layers were fully connected to themselves,
and the input and output layers. Each memory block contained a single LSTM cell. The
sizes of the input and output layers were determined by the numbers of inputs and labels
in each task. Our purposed network has 200 extended LSTM memory blocks in each of
the forward and backward layers. Each memory block has one memory cell, an input
gate, an output gate, a forget gate, and three peephole connections. The cell input and
output activation functions are tanh while the gate activation function is logistic
sigmoid. A decaying learning rate has been used in all the CTC systems. The initial

learning rate was set to 0.01 and was reduced gradually to 0.0001.

The weights were randomly initialized from a Gaussian distribution with zero
mean and a standard deviation of 0.1. For all the experiments reported in this paper, the
IFN/ENIT database and AHDB were used to train and test all the systems. MATLAB
[103] was used to pre-process the images, and experimental models were implemented

using TensorFlow [104] and OpenCV [105].

5.5 Performance Evaluation

In this section, we present the experiments we conducted, the results we
obtained, and the resulting discussions of all systems presented previously. The

performance of all handwriting recognition systems was evaluated using two metrics.

1. Word Accuracy Rate (WAR): Word percentage correctly recognized with all

characters.
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where:

where:

WAR(%) = [1 _S+I+D

x 100 (19)
=

S, is the total number of substituted words.
I, is the total number of inserted words.

D, is the total number of deleted words.

N, is the total number of words in the evaluation set.

After aligning the recognized word string against the transcription, the number
of words replaced, inserted, and deleted is counted. Alignment is known as the

problem of maximum substring matching [74,75].

Character Accuracy Rate (CAR): The percentage of characters that have been
correctly recognized in all words. This rate is usually measured using the edit
distance method. It is defined as the minimum number of insertions, deletions,
or substitutions of a single terminal needed to transform other of the strings into

the other one.

S+I1+D

CAR(%) = [1-212] x 100 (20)

S, is the total number of substituted characters.
I, is the total number of inserted characters.
D, is the total number of deleted characters.

N, is the total number of characters in the evaluation set.

After aligning the recognized character string against the transcription, the

number of characters substituted, inserted, and deleted is counted [74,75].
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5.6 Results of Holistic Handwriting Recognition.

Table.6 shows the results of AlexNet and RNN’s holistic recognition on the
IFN/ENIT and AHDB databases. Both of the networks were trained using the same
configuration described in Section 5.4 to evaluate their performances similarly. Both of
the systems were trained and tested using similar train-test configurations and both of
the networks were trained for 1,000 epochs. The overall difference in performance
between the two networks was negligible. The AlexNet network was able to achieve
90.29% compared to 89.13% WAR on the IFN/ENIT database without using any
augmented data. On the AHDB database was able to achieve 92.97% compared to
91.30% WAR without using any augmented data. Conversely, standard neural
augmentation performs remarkably better than no augmentation. In AlexNet, the neural
augmentation performed 95.27% to 90.29% compared to no augmentation on the
IFN/ENIT database while it performed 96.80% to 92.97% on the AHDB database. the
RNN with neural augmentation performed the second-best, where the word accuracy
rate increased from 89.13% to 95.77%. on the IFN/ENIT database while it performed

96.69% to 92.97% on the AHDB database.

Table 6. AlexNet vs. RNN (Holistic Recognition).

Database Train-test ALEXNET RNN (LSTM) ALEXNET RNN

configurations (LSTM)
Augmented Data x x N
(Standard)

WAR % WAR % WAR % WAR %
abc-d 90.29% 89.13% 95.27% 95.77%
IFN/ENIT bcd-a 86.34% 85.66% 92.17% 93.29%
abcd-e 83.12% 82.16% 89.39% 90.16%
abcde-f 71.43% 73.67% 83.92% 81.66%
AHDB 70% training 94.97% 93.30% 96.80% 96.69%

20% testing
10% validation
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5.7 Results of Arabic Handwriting Recognition Using Characters

Shapes as Models.

In this section, we shall present the results obtained for word recognition tasks
using character shapes as modeling units. The IFN/ ENIT database contains the
transcriptions for the word image at character-shape level and we have created similar
transcriptions for the AHDB database. We ended up with a total of 157 models in our
recognition system. Table.7 shows the accuracy rate of each system evaluated on the

IFN/ENIT and AHDB database without augmenting any new data.

Table 7. Accuracy Rates of the Systems using character shapes as models (LSTM)
(No Augmented data)

Database Train-test LSTM-CTC LSTM-CTC
configuration (Token Passing). (WBS-Decoder).
CAR % WAR % CAR % WAR %
abc-d 95.23% 94.12% 96.17% 94.83%
IFN/ENIT bcd-a 90.14% 89.97% 93.42% 92.72%
abcd-e 88.29% 86.13% 89.94% 88.91%
abcde-f 77.41% 75.17% 79.12% 81.86%
AHDB 70% training 91.27% 90.21% 92.89% 93.49%

20% testing
10% validation

Table.8 shows the accuracy rate when using augmented data. The results show
that by using standard data augmentation techniques, the accuracy rate is improved.
The maximum CAR obtained on the IFN/ENIT database was 97.17% while the
maximum WAR on the IFN/ENIT database was 96.22%. The maximum CAR obtained
on the AHDB database was 96.77 while the maximum WAR was 95.99 %. In this
experiment we have used the LSTM-CTC architecture with the WBS decoder explained
in Sec.5.5, Clearly, by combining the CTC layer with the WBS decoder, the network

gave much better results.
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Table 8. Accuracy Rates of the Systems using characters’ shapes as models (LSTM)
(Using Standard Data Augmentation)

Database Train-test LSTM-CTC LSTM-CTC
configuration (Token Passing). (WBS-Decoder).
CAR % WAR % CAR % WAR %
abc-d 96.03% 95.39% 97.17% 96.22%
bcd-a 93.16% 92.29% 94.18% 93.17%
IFN/ENIT abcd-e 90.43% 88.19% 91.24% 90.14%
abcde-f 87.33% 85.29% 89.14% 87.94%
AHDB 70% training 94.57% 94.11% 96.77% 95.99%

20% testing
10% validation

A further improvement of the current system can be achieved if we replace the
LSTM layer by the Bi-directional LSTM (BLSTM) layer. The use of BLSTM can
further improve the network. In the BLSTM layer, the forward layer learns the context
of the input by processing the sequence from input to output, while the backward layer
performs the opposite operation by processing the sequence from output to input.
Table.9 shows the results of using the BLSTM network. We can see that the accuracy
rates have improved significantly compared to LSTM. In sporadic cases when using
BLSTM the improvement of the results can be very limited, this is can be explained in
Lee et al. [106] by the prevalence of short words within the dataset but in general,
replacing the LSTM layer with Bi-directional Long Short-Term Memory (BLSTM)

enables higher recognition rates to be achieved.

Table 9. Accuracy Rates of the Systems using characters’ shapes as models (BLSTM)
(Using Standard Data Augmentation)

Database Train-test BLSTM-CTC BLSTM-CTC-WBS
configuration (Token Passing). (Word Beam Search).

CAR % WAR % CAR % WAR %

abc-d 97.23% 96.82% 98.16% 97.70%

bcd-a 95.16% 94.19% 94.98% 93.20%

IFN/ENIT abcd-e 92.13% 91.95% 94.14% 93.75%

abcde-f 91.23% 90.20% 92.33% 91.92%

AHDB 70% training 96.72% 95.41% 97.47% 97.09%

20% testing
10% validation
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5.8 Results of Arabic Handwriting Recognition Using Characters as
Models.

In this section, we shall present the results of Arabic handwriting recognition
using Arabic characters as modeling units. The transcriptions for the word image were
modified to character level for both databases. We ended up with a total of 46 models
in our recognition system. Table 10 shows the handwriting recognition accuracy rates
for standard train-test configurations without using any augmented data. Table 11
shows the handwriting recognition accuracy rates when using augmented data
generated by standard techniques. In all experiments, the accuracy of handwriting

recognition was evaluated by using the BLSTM network combined with the CTC layer.

Table 10. Accuracy Rates of the Systems using characters as models (BLSTM)
(No Augmented data)

Database Train-test BLSTM-CTC BLSTM-CTC
configuration (Token Passing). (Word Beam Search).
CAR % WAR % CAR % WAR %
abc-d 85.33% 81.15% 86.70% 83.90%
bcd-a 84.91% 79.77% 82.78% 81.19%
IFN/ENIT abcd-e 80.13% 77.11% 81.84% 80.72%
abcde-f 74.31% 72.61% 78.10% 77.20%
AHDB 70% training 80.92%% 79.71% 82.74% 81.24%

20% testing
10% validation

Table 11. Accuracy Rates of the Systems using characters as models (BLSTM)
(Using Standard Data Augmentation)

Database Train-test BLSTM-CTC BLSTM-CTC-WBS
configuration (Token Passing). (Word Beam Search).

CAR % WAR % CAR % WAR %

abc-d 91.77% 89.25% 93.10% 91.19%

bcd-a 89.85% 86.17% 91.41% 89.47%

IFN/ENIT abcd-e 85.93% 83.91% 88.16% 86.15%

abcde-f 81.74% 79.74% 84.20% 82.55%

AHDB 70% training 85.66% 84.42% 87.74% 86.52%

20% testing
10% validation

As we mentioned earlier, it is not the best choice to use characters as models
because Arabic characters have different position-dependent shapes. The accuracy rates
of using characters as models are worse than the one obtained using characters shapes

as models. This because many characters have a similar shape, e.g., vauaicos, Which
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makes the task of the system in determining the real character more difficult. Besides,
the shapes of the characters change according to their position in the word, which causes

more confusion for the network for determining the correct class.

5.9 Results of Arabic Handwriting Recognition Using a Multi-stage
Recognition System (Modeling Core-shapes and Diacritics
Separately).

We have constructed two LSTM recognizers, one for the core-shapes and the
other for diacritics. Each network is configured as in Section 5.4. First, for each image
on the IFN/ENIT database we used the algorithm explained in Fig.10 to separate the
input image into two components. Fig.25 shows the results of separating core-shape

and diacritics.

Core-shape Diacritics

o

.__‘)l._..;.]\ G o>

g;g_é\ > )_)\ " " ._'::

Figure 25. Separating core-shapes and diacritics.

We used standard train-test configurations for the first set of experiments. We
have used abc-d as the system development train-test set configuration. The core shape
system has 71 outputs to model all the characters and their shape variation. The
diacritics system has 17 output to model dots and other diacritics e.g. (Shadda and

Hamza). The core-shape system was trained such that it can generate an N-best list of
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words based on core-shape recognition utilizing a dictionary that has entry pairs for
word and its corresponding core-shape definition. The diacritic system was trained on
diacritics. Finally, the word hypothesis was made using Viterbi decoding. Table.12

shows, in comparison to other modelling choices, that the multi stage system is quite

effective.
Table 12. Accuracy Rates of the Systems using Multi-stage recognition system
(modeling core-shapes and diacritics separately).
(Using Standard Data Augmentation)
Database Train-test MULTI-STAGE
configuration SYSTEM
WAR %
abc-d 93.75%
bcd-a 90.13%
IFN/ENIT abcd-e 86.82%
abcde-f 82.22%

5.10 Results of Using Adaptive Data Augmentation Technique

Let us look at the statistics of the IFN/ENIT database. Table 13 shows the
number of occurrences of each character in the database along with its p,,. We can see
that the distribution is highly skewed. By looking at the table, we can notice that there
is a huge difference between the appearance of some characters in the database. For
example, the letter Alif (V) is repeated more than 36 thousand times, compared to the
letter Za (&), which we can barely see in the database. By knowing the characters
sequence of each word in the database, we can calculate W;, e.g., the word (&' _<') has

seven characters with each character has a certain p,, so:

1 1 1 1 1 n 1 n 1
_ pAlif PLaam Pshin  PRaa pAlif Pvaa Pain
Wc__!‘)...ﬂ‘ - 7
1 1 1 1 1 1 1
+ + + + + +
W, = 0.17 ~ 0.092 " 0.0156 0.974 0.17 ~ 0.083 " 0.023 _ 22253

63



Suppose we decide to augment new 100,000 samples to the original database.
We need to decide how many samples should we augment the word &) <) “out of the

100,000 so:

Total No. of augmented samples = [W; ormatizea X 100,000].

W, .
_ Ll x 100,000
YW, (sum of all classes wieghts in the database)
= 22258 _ 100,000 = 140 samples.
YW;= 15900
where, ¥W; = 15900 (for IFN/ENIT)
Table 13. IFN/ENIT database [57] statistics.

Character No. of Occurrence Pn Character No. of Occurrence Pu
0 342 0.162 3 8657 4.106
1 279 0.132 3 1056 0.500
2 384 0.182 B 15621 7.410
6 311 0.147 B 4482 2.126
7 354 0.167 o 7012 3.326
8 284 0.134 o 3270 1551
9 341 0.161 uo 2764 1.311
. 520 0.246 o= 1752 0.831
\ 36394 17.265 L 2310 1.095
y 2357 1118 L 1029 0.488
o 9718 4.610 ¢ 4902 2.325
8 7259 3.443 ¢ 926 0.439
B 1402 0.665 o 3180 1.508
& 1018 0.482 é 9660 4582
z 1564 0.741 d 2536 1.203
) 539 0.255 J 19475 9.238
z 4896 2.322 . 9938 4.714
o 365 0.173 K 458 0.217
ol 64 0.030 o 10021 4.753
= 100 0.047 > 3318 1574
¢ 1640 0.778 3 10040 4.762
& 310 0.147 ¢ 17591 8.345

So, out of the new 100,000 augmented samples, 140 augmented samples will
correspond to the word “a! 4", For all the words in the lexicon, this is repeated to find
the number of increased samples for each class. This will finally balance the database.

Note that it is up to the reader to choose any technique to generate the new augmented
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data, e.g. we used a combination of standard data increase techniques (rotation and

shear) to generate new 140 samples. Fig.26 shows the frequency distribution of the

IFN/ENIT characters after using our adaptive data augmentation algorithm compared

to using the standard data augmentation technique
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Figure 26. Adaptive vs. standard data augmentation (IFN/ENIT Database).

If we look at the statistics of the AHDB database. It contains approximately

10,000 Arabic handwritten words and approximately 31,200 characters corresponding

to numbers that can be used in handwritten cheque writing and the most popular Arabic

words. If the recognition system uses characters as modeling units then Table 14 shows

the number of occurrences of each character in the database along with its p,, .

Table 14. AHDB [58] statistics.

Character No. of Pn Character No. of Occurrence Pn
Occurrences
| 4400 0.141 < 500 0.016
< 1200 0.039 S8 400 0.013
o 1300 0.042 & 400 0.013
& 1300 0.042 d 1300 0.042
C 300 0.01 2 2800 0.090
¢ 700 0.022 8] 3100 0.1
2 300 0.01 ° 400 0.013
3 300 0.01 s 1300 0.042
B 1400 0.045 s 1500 0.048
g 2500 0.080 Y 600 0.019
S 400 0.013 5 2200 0.071
Lk 200 0.006 s 300 0.01
g 1300 0.042
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Unlike the previous database, this database lacks many Arabic characters
because it was specially prepared to identify the famous words in the Arabic language
and the words used in writing checks. By knowing the characters sequence of each word
in the database, we can calculate W;, e.g., the word () has four characters with each

character has a certain P, so:

1,01 1 1

. . . 1 1 1 1
PRaa PYaa PAlif PLaam I t I
WJL.J — . f — 0045 0.04840.141 0042 _ 1848

If we want to augment e.g. 100,000 samples to the original database. We need
to decide how many samples should we augment for each word in the lexicon e.g. for

the word “Jdw
[W i normatizea X 100,000] = total No. of augmented samples.

W,
~ YW, (sum of all classes wieghts in the database)

x 100,000

=142 100,000 = 960 samples. where TW; = 1923 (for AHDB)

So, out of the new 100,000 augmented samples, 960 augmented samples will
correspond to the word “Jv”. We repeat this for all the words in the lexicon to find the
number of augmented samples for each class. This eventually will balance the given
database. Note that it is up to the reader to choose any technique to generate new
augmented data, e.g. we used a combination of classical data increase techniques
(rotation and shear) to generate new 960 samples. Fig.27 shows the frequency
distribution of the characters after using our intelligent data augmentation algorithm

compared to the conventional data augmentation technique on the AHDB database.
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Figure 27. Adaptive vs. standard data augmentation (AHDB database).

Table 15 shows the results of AlexNet and RNN’s holistic recognition on the
IFN/ENIT and AHDB database. the system was trained using the same configuration
described in Section 5.4 to evaluate their performances similarly. Both of the systems
were trained this time by using our adaptive data augmentation algorithm described in
Chapter.5. Table 15 shows that recognition rates are significantly improved. The system
performs better in all training test configurations with balanced data obtained by our

algorithm.

Table 15. ALEXNET VS. RNN (HOLISTIC RECOGNITION)
(Using Adaptive Data Augmentation).
Database Train-test ALEXNET RNN (LSTM)
configurations

WAR % WAR %

abc-d 97.16% 96.91%

IFN/ENIT bcd-a 95.85% 95.05%
abcd-e 92.47% 91.87%

abcde-f 91.77% 88.46%

AHDB 70% training 95.07% 93.87%

20% testing
10% validation

Now, let us consider using the balanced data resampled using our algorithm in
Section 4.2 as training data for the RNN-BLSTM system using characters as models
and by applying the same preprocessing and configurations steps used in Sections 5.3
and 5.4. Table 16 shows the results of handwriting recognition accuracy rates on the

IFN/ENIT and AHDB databases augmented with our data augmentation algorithm. The
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results show that our data augmentation technique improves CAR% and the WAR% in

all train-test configurations.

Table 16. Accuracy Rates of the Systems using characters as models (BLSTM)
(Using Adaptive Data Augmentation)
Train-test BLSTM-CTC-WBS.

configuration

CAR % WAR %

abc-d 95.19% 96.19%

bcd-a 93.33% 93.11%

abcd-e 91.21% 91.96%

abcde-f 90.90% 89.15%

AHDB 70% training 89.67% 88.41%

20% testing
10% validation

The same experiment was repeated, but this time we used the character shapes
as modeling units. Table 17 shows the accuracy rates of the system on all possible train-
test configurations. We can see from the table that there is a small but significant
improvement in the recognition rates. The system performs better with the balanced

data resampled by our algorithm in all train-test configurations.

Table 17. Accuracy Rates of the Systems using character shapes as models (BLSTM)
(using Adaptive data augmentation)
database Train-test BLSTM-CTC-WBS.

configuration

CAR % WAR %

abc-d 99.73% 98.99%

bcd-a 97.66% 96.91%

abcd-e 96.23% 95.05%

abcde-f 94.13% 93.57%

AHDB 70% training 98.49% 98.10%

20% testing
10% validation

5.11 Comparison with Other State-of-the-Art Systems.

In this section, we compare the results of recent state-of-the-art systems
evaluated on the IFN/ENIT and AHDB databases with the results obtained by our
systems. Table 18 presents a comparison of the results from the state-of-the-art systems

evaluated on the IFN/ENIT and AHDB databases.
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Table 18. Comparison with Other State-of-the-Art Systems
Evaluated on The IFN/ENIT and AHDB Databases

Word Accuracy Rate (WAR)

The IFN/ENIT Database
Train-Test Configuration

Author abc-d abcd-e abcde-f
Al-Hajj, et al. [66] 90.96% - -
Dreuw et al. [67] 94.18% 88.78% -
Graves et al. [50] - - 93.37%
Kessentini et al. [68] - 79.69% -
Pechwitz et al. [57] 91.80% - -
Rothacker et al. [69] - 92.09% -
Azeem et al. [70] 97.70% 93.44% 93.10%
Abandah et al. [71] 98.96% 93.46% 92.46%
Hamdani et al. [72] - - 92.20%
Elleuch et al. [73] 83.70% - -
Stahlberg et al. [74] 97.60% 93.09% -
Ahmad et al. [75] 96.07% 94.93% 92.30%
Rabi et al. [80] 87.93% - -
Almodfer et al. [81] 92.55% - -
Ahmad et al. [76] 97.71% 94.76% 93.32%
Almodfer et al. [82] - - 91.50%
Present work 98.99% 95.05% 93.57%

BLSTM-CTC-WBS.
(using adaptive data augmentation)

Author

Word Accuracy Rate (WAR)

The AHDB Database

S. Al-Ma’adeed [58] 45.00%
S. Al-Ma’adeed et al. [59] 63.00%
Al-Nuzaili et al. [79] 89.29%
Hassan et al. [77] 99.08%
Hassan et al. [78] 96.32%
Present work 98.10%

BLSTM-CTC-WBS.
(using adaptive data augmentation)

Many works are carried out on handwritten Arabic text recognition using the

IFN/ENIT and AHDB database. The best-reported systems in the literature on the

evaluation sets (e and f) of the IFN/ENIT database were Ahmed et al. [75] and Graves
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et al. [50]. On the evaluation of set (d) Abandah et al. [71] were the best reported
system. The overall results of our systems are among the best in comparison with the
other state-of-the-art system. It’s also clear that our system integrated with adaptive
data augmentation technique has the highest accuracy rate on the IFN/ENIT database.
In fact, our systems outperforms the best reported systems in the literature on the

evaluation set e and set f of the database.

For the AHDB database, the highest accuracy obtained were Hassan et al [77].
The authors proposed a handwritten Arabic recognition system that use a bag of features
with Support Vector Machine (SVM). Their system was evaluated using AHDB
database with 2072 images for training set and 868 for testing set while our system was
implemented by using 7057 images for training and 2017 images for testing which
explains why they obtained a higher accuracy rate than our system. Also, the other
reason for obtaining higher accuracy from us is that SVM typically perform better on

small datasets [95].
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CONCLUSION

The automatic Arabic handwriting recognition is still a challenging research
area in the field of pattern recognition. Deep Neural Networks (DLNN) has gained a
reputation for taking care of numerous computer vision issues. Its application to the
field of handwriting recognition has been shown to give fundamentally excellent results
over conventional techniques. In this work, we experimented with four different
modeling approaches. Three of them being the standard modeling approaches as
reported in the literature and the remaining one was proposed by Ahmed et al. [75].
Based on the experiments conducted using Arabic charater shapes as modeling unit is
the best choice among the four options although it increases the number of output

classes to approximately 157 models.

Besides, we performed extensive experiments using different deep learning
architectures to recognize handwritten Arabic text. Specifically, we used CNN, RNN,
LSTM, Bi-LSTM, and CTC. Each system was evaluated by using the IFN/ENIT and
AHDB databases. We can see from Table.18 that the overall results from our presented

systems are among the best compared to the other state-of-the-art systems.

Besides, we have proposed an adaptive data-augmentation algorithm that also
attempts to deal with the issue of imbalanced classes. It has been shown that this method
can solve rather effectively the data imbalance problem. Our purposed method is
performed in such a way that the minority classes will be expanded by calculating the
average probability of each class. The results show that the presented algorithm, when
applied to the IFN/ENIT and AHDB databases can balance the distribution of the
minority classes. The presented system in this work is among the best state-of-the-art

systems.
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While all systems have produced excellent results, the accuracy rates were
outperformed by using the CTC layer integrated with Word Beam Search (WBS)
decoder. During the tests, we have noticed that AlexNet and LSTM tend to over-fit and
do not generalize well to the test data. Besides, the BLSTM system is robust to overfit
and has higher accuracy, especially to previously unseen data. During the training stage,
experiments showed that augmenting new samples increases accuracy rates and prevent
over-fitting, but it increases the training time of the network. Besides, using image
transformations, e.g., vertical alignment of characters and removal of unnecessary
white-space at the top and bottom of word images, can be used as some extra

preprocessing steps.

As future works, we plan to use more advanced methods to enhance the current
work, e.g., recursive recurrent nets with attention modeling [106], multi-dimensional
LSTM network [107] and using other modeling options such as using sub-character and
sub-core-shape as modeling units [76] which contributes to significant reductions in the
number of models to be trained for the task of text recognition. Another observation on
the IFN/ENIT we can see the decrease in performance on set f. One of the reasons being
that it was collected in a different environment and was added later to the dataset and

is regarded as a relatively difficult set.
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