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Networks 
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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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 ملخص الرسالة

 
 

 محمد معاوية محمد عمر التاي  :الاسم الكامل
 

 التعرف على الخطوط العربية باستخدام الشبكات العصبية العميقة :عنوان الرسالة
 

 هندسة كهربائية التخصص:
 

 2020 مايو :تاريخ الدرجة العلمية
 

 
المكتوبة باليد باستخدام الحاسوب من المسائل التي نواجه فيها تحديات عظيمة ، ولا سيما النصوص إن التعرف على 

وذلك لأن النص العربي عادة ً ما يكتب من اليمين إلى اليسار كما أن   العربية المكتوبة باليد. النصوصالتعرف على 

صعبة تتطلب في بعض الاحيان القيام ة ألتكون متشابكة مما يجعل عملية التعرف على الحروف مسالعربية الحروف 

نظراً لقلة الأبحاث التي تعنى باللغة العربية فإننا في  منفرداً.بتجزئة النص إلى أجزاء صغيرة ثم التعرف على كل جزء  

بسبب التطور  العميقة.هذا البحث سوف نقوم ببناء نظام تعرف على النصوص العربية باستخدام الشبكات العصبية 

رات المعالجة الحاسوبية والتطور السريع لأنظمة الشبكات العصبية فلقد أثبتت الشبكات العصبية خلال المذهل في قد

 العربية.خاصةً النصوص المتشابكة مثل اللغة  باليد،العقد الماضي أنها وسيلة فعالة للتعرف على النصوص المكتوبة 

والقيام  باليد،لتعرف على النصوص العربية المكتوبة إننا نهدف في هذا البحث في بناء نظام فعال وسريع قادر على ا

لقد قمنا ايضا في هذا البحث بتقديم خوارزمية جديدة للتعامل مع مشكلة  النظام.بعدد من التجارب التي تثبت فعالية هذا 

لتعرف على لقد أثبتت هذه الخوارزمية بأنها قادرة على رفع كفاءة ا العصبية.عدم وجود عناصر كافية لتدريب الشبكة 

و قاعدة البيانات   IFN/ENITلقد استخدمنا في هذا البحث قاعدة البيانات المشهورة  المكتوبة.النصوص العربية 

AHDB  مع استخدام الخوارزمية أفضل من بعض الأنظمة التي  نقترحهأن كفاءة النظام الجديد الذي  لإثباتوذلك

 حديثاً   نشرها
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1 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 (RNNs) 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.   
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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 
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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. 
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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: 

• 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. 

• To develop an algorithm based on using Deep Learning Neural Networks to 

recognize handwritten Arabic scripts. 

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

• To explore different modeling options for the Arabic script. 

• 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.  
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Table 1. Arabic Characters and their Position Dependent Shapes.  

 

Dots iplay a isignificant role iin Arabic characters. iSome of ithe shapes iof the 

icharacters are ivery similar, but ithe distinction is made ibetween the icharacters by ithe 

position and ithe number iof dots ithat can ibe either above ior below the character body. 

For instance, the three characters (Thaa ث) (Taa ت) and (Baa ب) 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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Figure 1. Utilization of dots in some Arabic letters with dots. 

 

In addition, short marks, e.g., (Hamza ء), 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. 

 
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. 

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

a handwritten variant. 

 

 تطيب الحياة لمن لايبالي 
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) 

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

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

4. 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) 

 

 

Figure 5. Challenges in handwriting Arabic recognition. 
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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.  
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2 CHAPTER 2 

LITERATURE REVIEW 

Handwritten text recognition (HTR) is an active research area in Artificial Intelligence 

(AI), 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.  
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 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 Artificial 

Intelligence (AI) 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 



11 

 

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 
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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. 
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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 

• 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. 

 

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) 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]. 

 

2) 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. 

 

3) 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 iis needed ifor a fair icomparison of the performance of 

iArabic handwriting systems. iMany handwriting recognition isystems achieve high 

iaccuracy because results iwere tested on ia small database iand not a istandard database 

[46]. Some databases iwere also developed ifor particular domains, isuch as postal 

addresses and ifinancial use (such ias checks). iIn the handwritten itext, there is ino control 

over writing istyle or the writer's iability to produce text with itouching or overlapping 

characters. 

As mentioned before, most of the research ihas been carried out on the 

recognition of Latin ihandwritten characters. Many databases ihave, therefore, been 

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

  However, ia limited number iof Arabic handwriting databases are available that 

have ibeen created ifor particular domains. The most popular is the iIFN/ENIT database 

ireleased for ihandwritten Arabic iby Pechwitz iet al. [57]. iIt contains i27,000 Arabic 



21 

 

handwritten names irepresenting 937 Tunisian itown-village names iwritten by i411 

writers and is idivided into five groups ifor training and testing and is free for research 

purposes. 

  The iArabic Handwritten Database i(AHDB) developed by iAlma'adeed et al. [58, 

59], iwritten by i100 various writers, contains numbers and iquantities used in bank 

checks iin addition ito the most popular Arabic words. 

Al-Ohali, et al., in [60] have built an Arabic cheque database containing 29,498 

sub-words, 15,175 iIndian-Arabic idigits and 2,499 samples each of legal and courtesy 

amounts extracted from 3,000 real-life cheques. 

El-Sherif, et ial., in i[61] have ideveloped the iADBase database ifor handwritten 

Arabic digits, containing 70,000 digits iwritten by 700 idifferent authors, in each of the 

ten digits. iThe database iis divided into two groups (60,000 training iwords and i10,000 

testing words). iThe same authors developed ia modified iversion of the iMADBase [62]. 

iThis database iis in the same format as ithe Latin idatabase (MNIST) iso that icomparisons 

can ibe made between iproblems with the iLatin and iArabic digits. iThe images iin the 

MADBase are igray, where ithe images of the iADBase are ibinary. The ADBase, ias well 

ias the MADBase, iare available free iof charge for research ipurposes. Each idigital image 

is inormalized to i28x28 pixels iin size. 

Awaidah et ial. [63] icreated a database with 21,120 isamples by 44 distinct 

authors for handwritten Arabic numbers. By using a ihalf-transparent paper over a 

tabular grid, ieach writer wrote i48 samples. The samples were iscanned at i300 dpi and 

turned into ibinary pictures. The horizontal and vertical histogram was computed to 

obtain the position iof each digit for each scanned ipaper. Every digit was then saved to 

a file. 
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Lawgali iet al. [64] ihave developed a ihandwritten Arabic character database. 

This idatabase covered all shapes and overlaps iof Arabic characters. iIt contains 6,600 

ishapes of icharacter. Data from i50 writers aged between 14 iand 50 iwere gathered. Each 

writer filled in two forms of all shapes of Arabic character e.g. i(isolated, at the 

beginning iof the word, in the imiddle and at the end of the iword) also the shapes of 

overlapping icharacters, but without dots. The idatabase has itwo versions. For itraining 

and testing, ithe first version iis used. This version can ibe used ito compare the efficacy 

of certain itechniques to recognize iall shapes of ihandwritten Arabic icharacters. The 

isecond version istores 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 iArabic TexT) idatabase is an unconstrained 

ihandwritten Arabic itext idatabase written by i1,000 different writers. The database 

includes 2000 images of iparagraphs of similar text and 2000 images of iparagraphs of 

unique text and their iextracted images of a line of text. The iimages are accompanied by 

manually verified ground-truth and Latin iground-truth representation. Arabic Character 

iRecognition databases iare listed iin Table i3. 

Table i3. The Databases iAvailable for iArabic Character iRecognition 

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 

MADbase 

Digits 

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 ipresent iin ithis isection ithe iliterature ireview iof ioffline iArabic itext irecognition 

iresearch itrying ito ifocus ion ideep ilearning itechniques. iFollowing ia ideep ilearning itrend iin 

icomputer ivision iand iGraves iet ial. i[50] iresearch ion ioffline itext irecognition, ideep 

ilearning-based irecognition isystems ihave igained ia ihigh ilevel iof iinterest. 

Al-Hajj iet ial. i[66] ipresent ia itwo-stage isystem ifor ithe ioff-line irecognition iof 

icursive iArabic ihandwritten iwords. iThe iproposed imethod iis ianalytic iwithout 

isegmentation iand ican icope iwith ihandwriting iinclination iand iwith ishifted ipositions iof 

idiacritical imarks. iFirst, ithe irecognition istage irelies ion i3 iclassifiers ibased ion iHidden 

iMarkov iModeling i(HMM). iThe isecond istage idepends ion ithe icombination iof ithese 

iclassifiers. iThe ifeature ivectors iused ifor irecognition iare irelated ito ipixel idensity 

idistribution iand ilocal ipixel iconfigurations. iThese ivectors iare iextracted ion iword ibinary 

iimages iby iusing ia isliding iwindow iapproach iwith idifferent iangles. iThey ihave 

iexperimented iwith idifferent icombination ischemes. iThe ineural inetwork-based 

icombined isystem iyields ithe ibest iperformance ion ithe iIFN/ENIT i[58] ibenchmark 

idatabase iof ihandwritten inames iof iTunisian ivillages/towns. 

Dreuw iet ial. i[67] iproposed ia icontinuous iHMMs isystem ito iexplicitly imodel 

iwhite-spaces ifor iArabic ihandwriting irecognition iwithin idifferent iwriting ivariants. i  

iKessentini iet ial. i[68] ipresented ia imulti-stream iapproach ifor ioff-line 

ihandwritten iword irecognition. iThe iproposed imethod icombines ilow-level ifeature 

istreams, inamely, idensity-based ifeatures iextracted ifrom i2 idifferent isliding iwindows 

iwith idifferent iwidths, iand icontour-based ifeatures iextracted ifrom iupper iand ilower 

icontours. 
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The ifirst ieffective iuse iof iDeep iLearning iNeural iNetworks i(DLNN) ifor iArabic 

ihandwriting irecognition iwas iMulti-Dimensional iRecurrent iNeural iNetworks 

i(MDRNNs) iby iGraves iet ial i[50]. iRaw iimage ipixels iare igiven ias iinput ito ia imulti-

dimensional iRNN i(MDRNN). iA ihierarchical iarchitecture iis idesigned ito iconvert ithe 

itwo-dimensional iimage iinto ia ione-dimensional isequence iwhich iis ifinally ilabelled iby 

ithe ioutput ilayer. 

Rothacker iet ial. i[69] ifocus ion ifeature ilearning iby iestimating iand iapplying ia 

istatistical ibag-of-features imodel. iThese imodels iare isuccessfully iused iin iimage 

icategorization iand iretrieval. iThe inovelty iof ithis iwork iwas ithe iintegration iwith ia iHidden 

iMarkov iModel i(HMM) ithat iused ifor irecognition. iThe imethod iwas ievaluated ion ithe 

iIFN/ENIT i[57] i. 

Azeem iet ial. i[70] iutilized ithe islanting iwindow iidea, ias ipresented iby iAl-Hajj iet 

ial. i[19], ito idevelop ithree iseparate icontinuous iHMM isystems. iThe iresults iof ithe 

iindividual iclassifiers iwere icombined iusing isum, imajority ivote, iand imaximum irules. 

Abandah iet ial. i[71] iused ia isystem isimilar ito ithe ione ipresented iby iGraves i[17], 

ibut ithe itext iwas iexplicitly isegmented iinto igraphemes ibefore iextracting ifeatures ifrom 

ithe igraphemes. iTheir imethod iis ibased ion iexplicit itext iline iimage isegmentation iinto 

igraphemes. iThe iArabic itext iis isegmented iinto iPAWs iand isubsequently isegmented iinto 

igraphemes iby ia irules-based ialgorithm. iDots iand idiacritics iwere iisolated ifrom itext iand 

isubsequently iattached ito iPAWs. iSeveral ifeatures iwere iextracted ifrom ithe isegmented 

igraphemes. iFor itraining iand irecognition, iRNNs iwith ibi-LSTM i(BLSTMs) iand iCTC 

ilayers iare iused. iThe iBLSTM iarchitecture ienables icontextual iinformation ito ibe 

iintegrated ifrom iboth idirections ithrough ithe ihandwritten itext. iFinally, ia idictionary iis 

iused ito icorrect ithe irecognizer ioutput ibased ion ithe idecoding ilexicon. 
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Hamdani iet ial. i[72] i ipresented iin icombination iwith ian iHMM isystem ia iBi-

directional iLong iShort-Term iMemory i(BLSTM). iIn ithe ifirst istep, ipixel igray ivalues 

iwere iused ito iextract ifeatures ifrom irepositioned i isliding iwindows ifor ithe iHMM isystem 

itraining. iRNN-trained ifeatures iwere iused ito itrain iHMMs iin ithe inext istep. iGaussians 

iwere isplit iinto itwo isuccessive iHMM istates. iIn iaddition, icontextual iHMMs i(trigraphs) 

iwere iused iwith idecision-tree iclusters. 

Then, iElleuch iet ial. i[73] iinvestigated itwo ideep iarchitectures: iDeep iBelief 

iNetworks i(DBN) iand iConvolutional iDeep iBelief iNetworks i(CDBN), iwhich iare 

iapplied irespectively ion ilow-level idimension iand ihigh-level idimension iin itextual 

iimages ifor irecognizing iArabic iHandwritten iScript i(AHS). iSpecifically, ithey 

iexperimented iwith itwo idata isets: ithe iHACDB idataset ifor ioffline iArabic icharacter 

irecognition i[64] iand ithe iADAB idataset ifor ionline iArabic iword irecognition i[39]. 

Stahlberg iand iVogel i[74] iproposed ia inovel itext iline iimage inormalization 

iprocedure iand ia inew ifeature iextraction imethod iusing ithe iHMMs isystem iwith ideep 

ineural inetwork itraining. iThe isystem iwas ievaluated ion iIFN/ENIT i[58] iand iKHATT 

i[65] idatabase. 

iAhmad iet ial. i[75] ipresented i ia imulti-stage iHMM-based isystem iwhere itwo 

iseparate isystems iwere itrained: ione ifor ithe irecognition iof ithe iArabic icore-shapes iafter 

iremoving idots ifrom itext iimage iand ianother ifor ithe irecognition iof ithe ivarious idots iand 

idiacritics ifrom iArabic itext. iDuring irecognition, ithe icore ishapes irecognition isystem iwas 

iused ito iidentify ithe icore ishapes iof ithe iArabic itext, iand ifinally ithe iArabic iword iwas 

irecognized iby iincluding iinformation ifrom ithe idiacritics irecognition isystem. iAhmad iet 

ial.[76] ialso ishowed ia inew iway iof idepicting iArabic icharacters iby iseparating ithe icore 
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ishapes ifrom idiacritic iones iand ithen iby idepicting ithem iin ismaller iunits icalled isub-core 

ishapes. I 

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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3 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: 

1.  Whole-Word Modeling 

2.  Using the characters as models 

3.  Using the character’s shapes as models. 

4. Modeling core shapes and diacritics separately. 

 

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

 Arabic iwords or iPAWs have ibeen used by isome researchers as modeling units. 

There are imany issues with this iapproach. One such iproblem is ithat it iusually leads ito a 

ihuge number iof classes ias every iword is represented by ia separate class. A ilexicon may 

have hundreds, or ithousands, or ieven more words. This will also imean the need ifor 

more itraining data ias each iword should ihave sufficient isamples in ithe training iset to 

iadequately train the imodel parameters. iIt may ibe suitable ionly for itext recognition tasks 

iinvolving a ivery small ilexicon size i[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 (ثابت ، كاتب ، خالق) could be built with 7 core shapes and four diacritics 

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

 

Figure 8. Some character shapes to core shapes mapping for Arabic script. (Figure adapted from [74]) 

 

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. 

 

Figure 10. A irule-based algorithm for iseparating core-shapes iand idiacritics. (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. iThere are inumerous handwritten irecognition 

methods i[5], depending on iwhether one considers ian explicit or iimplicit character 
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isegmentation, the itype of features used, ior the choice of iclassifier implemented for 

characters’ recognition. iThe common point of ithese approaches is that they iall rely on 

a lexicon driven idecoding stage.  Indeed, isince character irecognition is inot free iof error, 

the common word recognition istrategy is to postpone ithe character decision process iat 

the iend of the word recognition process, where the best character hypotheses 

icombination 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 iconvolutional neural inetwork is a iclass 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 ihave been several inew architectures iproposed in irecent years 

iwhich are improvements over ithe LeNet, but they iall use the main iconcepts from the 

LeNet. The Convolutional iNeural Network iin Figure i11 is isimilar in architecture ito the 

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

 

In igeneral, there iare four imain building iblocks in ithe CNN ishown in iFigure 11 iabove: 

1. Convolution 

2. Non-Linearity (ReLU) 

3. Pooling ior Sub iSampling 

4. Classification (Fully iConnected Layer)  

A iconvolutional layer iputs the iinput images ithrough a iset of iconvolution filters; 

ieach filter iwill extract ia specific feature from the iimage. In iother words, the filter iis slid 

across the iwidth and height of the iinput and the dot products between ithe input and filter 

are computed iat every spatial position. iThe output volume iof the convolutional ilayer is 

obtained iby stacking the activation maps of all filters ialong the depth dimension. Since 

the width and iheight of each filter are designed ito be smaller than the iinput, each neuron 

iin the activation map is only iconnected to a small ilocal region of the input volume. In 

iother words, the receptive field size of ieach neuron is small and is iequal to the ifilter 

size. The local iconnectivity is motivated by ithe architecture iof the animal visual cortex 

i[85] where ithe receptive fields of the cells are small. The ilocal connectivity of the 

convolutional layer iallows the inetwork to ilearn filters ithat maximally irespond to ia local 

iregion of the iinput, thus iexploiting the ispatial local icorrelation of the input i(for an iinput 

image, ia pixel iis more icorrelated to ithe nearby pixels than to ithe distant pixels). Besides, 
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ias the activation imap is obtained by iperforming convolution between the ifilter and the 

iinput, the filter iparameters are shared ifor all ilocal positions. iThe weight sharing reduces 

the inumber of parameters ifor efficiency of expression, iefficiency of learning, iand good 

igeneralization. 

Let layer i𝑙 be ia convolutional layer. Suppose that we have isome 𝑀 × 𝑀 square 

neuron inodes which iare followed iby our convolutional ilayer. If we use an 𝑁 × 𝑁 filter 

𝑊 then convolutional layer ioutput will be of isize (𝑀 − 𝑁 + 1) × (𝑀 − 𝑁 + 1) which 

produces 𝑘-feature imaps as shown in iFig.12. 

 

Figure 12. Illustration of a single iconvolutional layer that iproduces 𝒌-feature imaps 

 

The convolutional ilayer acts ias a ifeature extractor ithat extracts isalient features 

iof input isuch as icorners, edges, iand endpoints. To compute the pre-nonlinearity input 

to some unit. Then the input of layer 𝑙 − 1 comprises is computed as: 

𝑌𝑖
𝑙 = 𝐵𝑖

(𝑙)
+  ∑ ∑ 𝑊𝑖 𝑋(𝑖+𝑎)(𝑗+𝑏)

𝑙−1𝑀
𝑏=1

𝑀
𝑎=1         (1) 

Where 𝐵𝑖
𝑙  is a bias matrix and 𝑊𝑖

𝑙  is the filter of size 𝑁 × 𝑁 . Then the 

convolutional layer applies its activation function as:  

𝑍𝑖
𝑙 = 𝜎(𝑌𝑖

𝑙)                (2) 
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The activation function that is used in our proposed approach is iRectified Linear 

iUnits (ReLU) ithat applies ithe non-saturating i𝜎(𝑌𝑖
𝑙) = max(0, 𝑌𝑖

𝑙). We apply the ReLU 

inon-linearity as ian activation ifunction to ithe output iof every iconvolutional layer and 

ifully connected ilayer. 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 ilayers iare followed iby a pooling ilayer. Pooling layers 

compute ithe maximum ior average iover a iregion iof ia ifeature map. This iresults in a 

subsampling of ithe input. Pooling reduces ithe dimensionality, increases ithe scale, and 

ialso supports translation iinvariance in the isense that a islight translation of ithe input 

idoes not i(or only imarginally) change ithe output. iFig.13 shows the ipooling layer itakes 

a ismall rectangular iblock from ithe convolutional ilayer and isubsamples it ito produce ia 

single ioutput from ithat block. iThe ipooling layer ireduces the iresolution of ithe image ithat 

reduces ithe precision iof the itranslation (shift and idistortion) effect. iThere are iseveral 

ways to ido this ipooling, such ias taking ithe average ior the imaximum, or ia ilearned linear 

icombination iof the ineurons in ithe block. i Our ipooling layers iwill always ibe max-

pooling ilayers; that itakes the imaximum iof the iblock that ithey are ipooling.   

 

Figure 13. Illustration iof pooling ilayer that iproduces the isame k-feature imaps 

Convolutional layers iand pooling ilayers take ithe ispatial istructure of itheir input 

iinto iaccount, which iis the imain reason ifor itheir igood iperformance in computer ivision 
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and iimage ianalysis. In icontrast, when istandard non-convolutional ineural networks are 

iapplied to iraw (or ionly slightly ipreprocessed) images, ithe images iare vectorized. iThe 

resulting ivectors serve ias the input ito the ineural network. iIn this iprocess, information 

iabout the ispatial relation ibetween pixels or ivoxels is idiscarded and there iis neither 

inherent equi-variance ito translation inor translation invariance, iwhich are iimportant 

properties to iachieve generalization iin object irecognition tasks. 

Finally, iafter several iconvolutional and ipooling layers, the high-level reasoning 

iin the neural inetwork is idone via ifully connected layers. A ifully connected ilayer takes 

iall neurons iin the iprevious layer (be it fully connected, pooling, ior convolutional) iand 

connects it to ievery single ineuron it has. Fully iconnected layers iare not spatially ilocated 

anymore (you ican visualize ithem as one-dimensional), iso there can be no convolutional 

layers after ia fully iconnected layer. 

In this work, iwe have iadopted the popular iAlexNet for iArabic handwritten 

words irecognition. iAlexNet (proposed by Krizhevsky iet al. [86]) is ione of ithe deep 

convolution inets designed to deal with icomplex scene iclassification tasks on ithe 

ImageNet idatabase. The task iis to classify the given input into one of the 1000 classes. 

iThe arrangement iand configuration iof all the ilayers of AlexNet are depicted iin Fig. i14. 

 

Figure 14. iAlexNet architecture i[86]. 
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 AlexNet iincludes five iconvolutional layers, ithree max-pooling ilayers, two 

iLocal Response iNormalization (LRN) ilayers, ithree fully iconnected layers, and a linear 

ilayer iwith softmax activation iin the ioutput. The ifully connected ilayers are isimply 

implementing the idot product ibetween the input iand weight ivectors, where ieach neuron 

iin layer il is iconnected to iall outputs iof ineurons in ilayer l i− 1. iMoreover, it iuses the 

idropout regularization imethod to ireduce overfitting iin the ifully connected ilayers and 

iapplies Rectified iLinear Units i(ReLUs) for ithe activation of those and the convolutional 

layers function ito speed up ithe learning process. It was initially trained ito irecognize 

1000 different objects. The intuition ibehind this inetwork is ithat each iconvolutional 

layer ilearns a imore detailed irepresentation of ithe images i(feature map) ithan the 

iprevious one. iFor example, the ifirst layer ican recognize ivery simple iforms or colors, 

and the ilast one imore complex iforms such ias full iwords for instance. The convolutional 

ilayers are irepresenting the iimage in ia much ibetter way ifor the iclassification. After ithe 

convolutions, ieach image is represented ias a ivector of i4096 features i(whereas they were 

iinitially vectors iof 227×227×3 i= 154,587 ifeatures). The itwo fully iconnected and 

iSoftMax layers iare similar ito a imulti-layer perception iand could ibe replaced iby other 

kinds iof iclassifiers such as Random Forests or SVMs. However, ithey are ireally 

important ifor the training phase iof the ineural 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. 

RNNs, 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 {… , 𝒙𝒕−𝟏, 𝒙𝒕, 𝒙𝒕+𝟏, … }  where  𝒙𝒕 =

{ 𝑥1, 𝑥2, 𝑥3, . . .  , 𝑥𝑁}.  

 

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 𝑾𝑰𝑯 is used to define the connections. The 

hidden layer has 𝑴  hidden units 𝒉𝒕  =  (ℎ1, ℎ2 , . . . , ℎ𝑀)  connected over time with 

recurrent connections [89] see Fig.16. 

 

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 

𝒉𝑡  =  𝑓𝐻(𝒐𝑡),                                              (3) 

where 

𝒐𝑡  =  𝑾𝐼𝐻𝒙𝑡 + 𝑾𝐻𝐻𝒉𝑡−1 + 𝒃ℎ,                              (4)  

𝑓𝐻(. ) is the activation function of the hidden layer, and 𝒃ℎ is the hidden units’ 

bias vector. The hidden units are connected with weighted 𝑾𝐻𝑂  connections to the 

output layer. The output layer has 𝑃 units 𝒚𝑡 =  (𝑦1, 𝑦2, . . . , 𝑦𝑃)  that is computed as 

𝒚𝑡  =  𝑓𝑂(𝑾𝐻𝑂𝒉𝑡 +  𝒃𝑜)                             (5) 

where 

  𝑓𝑂(. ) is the activation functions and 𝒃𝑜 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, . . . , 𝑇).  

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 𝑔𝑡, forget 𝑓𝑡 and output 𝑜𝑡 gates 

in addition to the memory cell 𝑐𝑡 and the hidden unit ℎ𝑡. as: 

𝑖𝑡 = 𝜎(𝑊𝑥𝑖𝑥𝑡 + 𝑊ℎ𝑖ℎ𝑡−1 + 𝑏𝑖)                        (6) 

𝑓𝑡 = 𝜎(𝑊𝑥𝑓𝑥𝑡 + 𝑊ℎ𝑓ℎ𝑡−1 + 𝑏𝑓)                                       (7) 

𝑜𝑡 = 𝜎(𝑊𝑥𝑜𝑥𝑡 + 𝑊ℎ𝑜ℎ𝑡−1 + 𝑏𝑜)                                       (8) 

𝑔𝑡 = 𝜎(𝑊𝑥𝑐𝑥𝑡 + 𝑊ℎ𝑐ℎ𝑡−1 + 𝑏𝑐)                                       (9) 

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑔𝑡     (10) 

ℎ𝑡 = 𝑜𝑡 ⊙ 𝜙(𝑐𝑡)                                                 (11) 

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

and 𝑏 are the biases terms. 

 

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(𝜋|𝑥) = ∏ 𝑦𝜋𝑡
𝑡  , ∀ 𝜋𝑇

𝑡=1                (12) 
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where: 

𝑥   : The input sequence. 

𝜋   : A possible output sequence. 

𝑦𝜋𝑡
𝑡  : The probability of a given label from π at time 𝑡 

A special 𝛽 operator is defined for the correspondence between previous steps 

𝜋  and the final output sequence 𝑙 through the removal of blank labels. As more than 

one sequence of 𝜋 can be a single final sequence, the probability of a specific final 

sequence of 𝑙 will be calculated as follows : 

𝑝(𝑙|𝑥) = ∑ 𝑝(𝜋|𝑥)𝛽(𝜋)=𝑙                                       (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. 

 

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

 

3.2.5 Token Passing Decoder 

Graves iet al. i[93] introduced the itoken passing algorithm which irestricts its 

output ito a dictionary. The itoken passing decoder isolves the problem of word idecoding, 

i.e. the imost likely word in ithe input sequence, iwhere ithe word ioutput is ilimited by 
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ivocabulary. The iCTC token passing algorithm ifor single words expects ia sequence of 

letter probabilities of length t as provided by the neural network, ialong with a word w 

as a isequence of ASCII characters, and returns a icorresponding score, i.e. the 

iprobability that the input to ithe neural network was indeed the given iword [14]. This 

means that, ithe probability 𝑝(𝑙|𝑥) = ∑ 𝑝(𝜋|𝑥)𝛽(𝜋)=𝑙  iniiii(13) could be approximated by: 

𝑝(𝑤|𝑥) = 𝑚𝑎𝑥𝜋,𝐵(𝜋)=𝑤 𝑝(𝜋)                                      (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 

III 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 

1  beams= {∅} 

2  score {∅, 0} = 1 

3  for 𝑡 = 1 … . 𝑇 do 

4  | 𝑏𝑒𝑠𝑡𝐵𝑒𝑎𝑚𝑠 =  𝑏𝑒𝑠𝑡𝐵𝑒𝑎𝑚𝑠(𝑏𝑒𝑎𝑚𝑠, 𝐵𝑊); 
5  | 𝑏𝑒𝑎𝑚𝑠 = { }; 
6  |      for 𝑏 ∈ 𝑏𝑒𝑠𝑡𝐵𝑒𝑎𝑚𝑠 do 

7  | | 𝑏𝑒𝑎𝑚𝑠 = 𝑏𝑒𝑎𝑚𝑠 ∪ 𝑏; 
8  | | 𝑠𝑐𝑜𝑟𝑒𝑠(𝑏, 𝑡) = 𝑐𝑎𝑙𝑐𝑆𝑐𝑜𝑟𝑒(𝑚𝑎𝑡, 𝑏, 𝑡); 
9  | | for 𝑐 ∈ 𝑎𝑙𝑝ℎ𝑎𝑏𝑒𝑡 do 

10 | | | 𝑏′ = 𝑏 + 𝑐; 
11 | | | 𝑠𝑐𝑜𝑟𝑒𝑠(𝑏′, 𝑡) = 𝑐𝑎𝑙𝑐𝑆𝑐𝑜𝑟𝑒(𝑚𝑎𝑡, 𝑏′, 𝑡); 
12 | | | 𝑏𝑒𝑎𝑚𝑠 = 𝑏𝑒𝑎𝑚𝑠 ∪ 𝑏′; 
13 | | end 

14 | end 

15 end 

16 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. BLSTMs 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 RNNs, and it is also much faster and 

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

The iBi-directional iRNN can iprincipally be trained with ithe same algorithms as 

ia regular iunidirectional RNN ibecause there iare ino interactions ibetween the two types 

of state neurons and, therefore, ican be iunfolded into a igeneral feed-forward inetwork. 
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Figure 19. The architecture iof a ibi-directional recurrent ineural network. 

 

3.2.8 Multi-stage iDeep iNeural iNetwork I 

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.  

 

Figure 20. iAn iillustration iof the multi-stage iword recognition isystem. 
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The LSTM core-shape system is the primary detection engine. For character 

recognition, the icore-shape image iand a diacritics image are separated from ithe input 

image. This system iuses the characteristics from the image iof the icore-shape to assume 

ia sequence of core ishapes. Then, it uses the character ito core ishape dictionary for 

decoding. iA character recognition network is iconstructed based on the hypothesized 

core-shape isequence. The diacritics system uses the characteristics iof the diacritics 

image together with ithe designed character network to icreate the final hypothesis of 

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

For word recognition, the core-shape system iuses the ifeatures of the image of the 

core-shape to produce an N-best word list. For idecoding, it uses a iword-to-core 

dictionary. A inetwork for word recognition is ibuilt to only contain the N-best words. 

The idiacritic system uses the diacritic image features together with ithe network iof 

words built in to record ithe N-best iwords. iIt uses the dictionary word to diacritics for 

scoring. System scores are added ifor each word and the word with the ibest score is 

produced as the ifinal hypothesized iword.   
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4 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] isuggested that 

iirrespective of iclass disproportion, good iresults could be iobtained if both groups iare 

well represented iand come from non-overlapping distributions. iJapkowicz i[97] 

examined ithe effects iof class imbalance by icreating artificial data sets that combine 

complexity, training iset size, and degrees iof imbalance. The iresults show that 

sensitivity ito an imbalance iincreases with iincreased problem icomplexity and ithat 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 itext analysis iof an iArabic corpus 

containing imore than ifive million characters i[100], it iwas found ithat not ionly the 

icharacters are iunevenly distributed ibut also ithe distribution iis highly iskewed. The itwo 

most icommon characters, ii.e., alif i(ا) and ilām (ل), iconstituted almost ia quarter iof all the 

texts. On the iother hand, ithe five least ioccurring characters i(out of ithe total iof 28 

icharacters) constitute ionly around i2% of ithe entire itext. The ifrequency of icharacter 

ẓāʼ(ظ) iwas almost i70 times ilower than ithe frequency iof character alif i(ا).  

Class imbalance handling methods iin machine learning can be categorized into 

ithree categories: idata-level techniques, ialgorithm-level methods iand hybrid 

iapproaches. Techniques at ithe data level iattempt to ireduce imbalance levels iby 

different methods of idata sampling. Algorithmic imethods of handling iimbalance in 

classes, icommonly implemented with weight ior cost schemes, include ithe modification 

of ithe underlying ilearner 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 (𝑾𝒊) 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 freqently seen in training data. 

In general,  

𝑾𝒊 =
∑

𝟏

  𝒑𝒏

𝑵
𝟏  

𝑵
                                                        (15) 

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

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

𝒑𝒏 =
𝑻𝒐𝒕𝒂𝒍 𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒄𝒍𝒂𝒔𝒔 (𝒏) 𝒐𝒄𝒄𝒖𝒓𝒆𝒏𝒄𝒆  

𝑻𝒐𝒕𝒂𝒍 𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒂𝒍𝒍 𝒄𝒍𝒂𝒔𝒔𝒆𝒔 𝒐𝒄𝒄𝒖𝒓𝒆𝒏𝒄𝒆  
×   100                                      (16) 
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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: 

𝑾𝒊,𝒏𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒆𝒅 =
𝑾𝒊

∑𝑾𝒊
 , where 𝒊 = {𝟏, … . . , L};                             (17) 

 Now we can use these to augment new samples to the original database e.g. 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: 

[𝑾𝒊,𝒏𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒆𝒅  × 𝑴] = Total No. of samples augmented for class i.      (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/𝑝𝑛 ). 

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

                 𝑊𝑖 =  
∑

1

  𝑝𝑛

𝑁
1  

𝑁
                 where i ={1,…..,L}; 

step 4: For each  𝑊𝑖, we normalize it by: 

𝑊𝑖,𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑊𝑖

∑𝑊𝑖
                     where i ={1,…..,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 × 𝑊𝑖,𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑  
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5 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 iIFN/ENIT database is ithe most widely used iand popular database for 

ihandwritten Arabic text recognition iresearch published by Pechwitz iet al i[57]. It 

iconsists of 1000 forms, written by i411 distinct authors and it iis divided iinto five 

training iand testing groups and it iis freely iavailable for research purposes. It includes 

approximately 27,000 ihandwritten Arabic names representing Tunisian icity names. The 

size of the ilexicon is i937 place names. A iGround Truth (GT) file has ibeen compiled for 

every word in the database. This ifile contains information on the word, isuch as the 

ibaseline position and information iabout the individual characters used. Fig. i21 shows 

some sample images from the IFN/ENIT idatabase. 

 

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

The iArabic handwritten idatabase (AHDB) ideveloped by iAlma’adeed iet ial. 

[58,59] includes approximately 10,081 handwritten Arabic words representing numbers 

and iquantities used in icheques, as iwell as ithe most ipopular words iin Arabic iwriting. The 

ilexicon size iis 96 iwords, 67 iof which iwere handwritten iwords corresponding ito 

numbers that ican be used in handwritten icheque writing. The other i29 words iwere the 

imost popular Arabic words. iFig.22 shows isome sample images from the iAHDB 

idatabase. 

 

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) 

 
Figure 23. A word taken from the IFN/ENIT database rotated at different angles (-3 to 3 degrees). 

 

(ii) 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. 

 

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

We ihave compared ithe performance iof the iRNN-LSTM network to iCNN 

(AlexNet i[86]) holistically. iThe AlexNet inetwork consisted iof five iconvolutional 

layers, ia max-pooling layer, ia dropout layer, iand three ifully connected layers. After 

ieach convolutional and fully connected layer, iReLU is applied. Before the first and 

isecond fully connected layer idropout is applied. The receptive ifield of each convolution 

layer is 3x3. iThe fifth iconvolution layer iis followed iby three ifully connected ilayers, 

with ithe first itwo having i512 ichannels each. iThe AlexNet iwas originally idesigned to 

iidentify 1000 classes. We ihave replaced ithe last fully connected ilayer by ia new ifully-

connected ilayer with as many outputs as the number of classes (937 ifor ithe iIFN/ENIT 

idatabase iand i96 ifor ithe iAHDB idatabase). Due to ithe high itraining time associated with 

such ia large network, we have used transfer learning method to retrain the pretrained 

AlexNet[101].  

iThe architecture of the LSTM network ifor classification iwas chosen such that 

it starts with a sequence input ilayer followed by an LSTM layer. The LSTM ilayer is 

followed by a fully connected layer to predict iclass 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 ibeam 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 iBLSTM hidden ilayers were ifully connected to themselves, 

iand the iinput and output layers. Each imemory block contained a isingle LSTM cell. The 

sizes of the iinput and output layers were idetermined by the numbers iof inputs and labels 

in each task. iOur 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, ia forget gate, and three peephole connections. The cell input and 

output activation functions are tanh while ithe gate activation function iis logistic 

sigmoid. iA decaying ilearning rate has ibeen used in all the iCTC systems. The initial 

learning irate was set to i0.01 iand iwas reduced igradually to i0.0001. 

 The iweights were randomly initialized ifrom a Gaussian distribution with zero 

mean iand a standard deviation of i0.1. For iall the experiments reported in this paper, ithe 

IFN/ENIT database iand AHDB were used ito train and test all the systems. MATLAB 

[103] iwas used to pre-process the images, and experimental models were implemented 

using iTensorFlow [104] iand OpenCV i[105]. 

 

5.5 Performance Evaluation 

In ithis isection, iwe ipresent ithe experiments iwe conducted, ithe results we 

iobtained, and the iresulting discussions iof all isystems presented ipreviously. 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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𝑾𝑨𝑹(%) = [𝟏 −
𝑺+𝑰+𝑫

𝑵
] × 𝟏𝟎𝟎                       (19) 

where: 

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]. 

 

2. Character Accuracy Rate (CAR): The ipercentage of characters ithat have been 

icorrectly recognized in all words. This rate iis usually measured using ithe edit 

distance method. It is idefined as the minimum number iof insertions, ideletions, 

or substitutions iof a single terminal ineeded to transform other of the istrings into 

the iother one. 

𝑪𝑨𝑹(%) = [𝟏 −
𝑺+𝑰+𝑫

𝑵
] × 𝟏𝟎𝟎                         (20) 

where: 

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 

configurations 

ALEXNET RNN (LSTM) ALEXNET RNN 

(LSTM) 

 Augmented Data 

(Standard) 

× × √ √ 

   WAR % WAR % WAR % WAR % 

 abc-d 

bcd-a 

abcd-e 

abcde-f 

90.29% 89.13% 95.27% 95.77% 

IFN/ENIT 86.34% 85.66% 92.17% 93.29% 

 83.12% 82.16% 89.39% 90.16% 

 71.43% 73.67% 83.92% 81.66% 

AHDB 70% training 

20% testing 

10% validation 

94.97% 93.30% 96.80% 96.69% 
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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 

configuration 

LSTM-CTC 

(Token Passing). 

LSTM-CTC 

(WBS-Decoder).  

 

 

IFN/ENIT 

  CAR % WAR % CAR % WAR % 

abc-d 

bcd-a 

abcd-e 

abcde-f 

95.23% 94.12% 96.17% 94.83% 

90.14% 89.97% 93.42% 92.72% 

88.29% 86.13% 89.94% 88.91% 

77.41% 75.17% 79.12% 81.86% 

AHDB 70% training 

20% testing 

10% validation 

91.27% 90.21% 92.89% 93.49% 

 

 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 

configuration 

LSTM-CTC 

(Token Passing). 

LSTM-CTC 

(WBS-Decoder). 

 

 

 

IFN/ENIT 

  CAR % WAR % CAR % WAR % 

abc-d 

bcd-a 

abcd-e 

abcde-f 

96.03% 95.39% 97.17% 96.22% 

93.16% 92.29% 94.18% 93.17% 

90.43% 88.19% 91.24% 90.14% 

87.33% 85.29% 89.14% 87.94% 

AHDB 70% training 

20% testing 

10% validation 

94.57% 94.11% 96.77% 95.99% 

 

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 

configuration 

BLSTM-CTC 

(Token Passing). 

BLSTM-CTC-WBS 

(Word Beam Search).  

 

 

 

IFN/ENIT 

  CAR % WAR % CAR % WAR % 

abc-d 

bcd-a 

abcd-e 

abcde-f 

97.23% 96.82% 98.16% 97.70% 

95.16% 94.19% 94.98% 93.20% 

92.13% 91.95% 94.14% 93.75% 

91.23% 90.20% 92.33% 91.92% 

AHDB 70% training 

20% testing 

10% validation 

96.72% 95.41% 97.47% 97.09% 

 



61 

 

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 

configuration 

BLSTM-CTC 

(Token Passing). 

BLSTM-CTC 

(Word Beam Search).  

 

 

 

IFN/ENIT 

  CAR % WAR % CAR % WAR % 

abc-d 

bcd-a 

abcd-e 

abcde-f 

85.33% 81.15% 86.70% 83.90% 

84.91% 79.77% 82.78% 81.19% 

80.13% 77.11% 81.84% 80.72% 

74.31% 72.61% 78.10% 77.20% 

AHDB 70% training 

20% testing 

10% validation 

80.92%% 79.71% 82.74% 81.24% 

 

Table 11. Accuracy Rates of the Systems using characters as models (BLSTM)  

(Using Standard Data Augmentation) 

Database Train-test 

configuration 

BLSTM-CTC 

(Token Passing). 

BLSTM-CTC-WBS 

(Word Beam Search).  

 

 

 

IFN/ENIT 

  CAR % WAR % CAR % WAR % 

abc-d 

bcd-a 

abcd-e 

abcde-f 

91.77% 89.25% 93.10% 91.19% 

89.85% 86.17% 91.41% 89.47% 

85.93% 83.91% 88.16% 86.15% 

81.74% 79.74% 84.20% 82.55% 

AHDB 70% training 

20% testing 

10% validation 

85.66% 84.42% 87.74% 86.52% 

 

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., س،ش،ص،ض, 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 iHandwriting Recognition iUsing a iMulti-stage 

Recognition System i(Modeling Core-shapes iand Diacritics 

iSeparately). i 

We have constructed two LSTM recognizers, one for the icore-shapes iand the 

other ifor diacritics. iEach 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. 

 

Figure 25. Separating core-shapes and diacritics. 

We used istandard train-test iconfigurations for ithe first set iof experiments. iWe 

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 

configuration 

MULTI-STAGE 

SYSTEM 

 

 

 

IFN/ENIT 

  WAR % 

abc-d 

bcd-a 

abcd-e 

abcde-f 

93.75% 

90.13% 

86.82% 

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 𝒑𝒏. 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 (ا) is repeated more than 36 thousand times, compared to the 

letter Za (ظ), which we can barely see in the database. By knowing the characters 

sequence of each word in the database, we can calculate 𝑾𝒊 , e.g., the word (الشرايع) has 

seven characters with each character has a certain 𝒑𝒏 so: 

𝑾الشرايع =

1
𝒑𝐴𝑙𝑖𝑓

+
1

𝒑𝐿𝑎𝑎𝑚
+

1
𝒑𝑆ℎ𝑖𝑛

+
1

𝒑𝑅𝑎𝑎
+

1
𝒑𝐴𝑙𝑖𝑓

+
1

𝒑𝑌𝑎𝑎
+

1
𝒑𝐴𝑖𝑛

7
 

𝑾الشرايع =

1
0.17 +

1
0.092 +

1
0.0156

+
1

0.074 +
1

0.17 +
1

0.083 +
1

0.023
7

= 22.253 
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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 “الـشرايع “out of the 

100,000 so: 

Total No. of augmented samples = [𝑾𝒊,𝒏𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒆𝒅  × 100,000]. 

=
𝑾الشرايع

∑𝑾𝒊 (𝑠𝑢𝑚 𝑜𝑓 𝑎𝑙𝑙 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝑤𝑖𝑒𝑔ℎ𝑡𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑏𝑎𝑠𝑒)    
× 100,000 

=
𝟐𝟐.𝟐𝟓𝟑

∑𝑾𝒊= 𝟏𝟓𝟗𝟎𝟎
  × 100,000 = 140 samples. 

where,  ∑𝑾𝒊 =  15900  (for IFN/ENIT) 

Table 13. IFN/ENIT database [57] statistics. 

Character No. of Occurrence 𝑝𝑛 Character No. of Occurrence 𝑝𝑛 

 4.106 8657 د 0.162 342 0

 0.500 1056 ذ 0.132 279 1

 7.410 15621 ر 0.182 384 2

 2.126 4482 ز 0.147 311 6

 3.326 7012 س 0.167 354 7

 1.551 3270 ش 0.134 284 8

 1.311 2764 ص 0.161 341 9

 0.831 1752 ض 0.246 520 ء

 1.095 2310 ط 17.265 36394 ا

 0.488 1029 ظ 1.118 2357 لا

 2.325 4902 ع 4.610 9718 ب

 0.439 926 غ 3.443 7259 ة

 1.508 3180 ف 0.665 1402 ت

 4.582 9660 ق 0.482 1018 ث

 1.203 2536 ك 0.741 1564 ج

 9.238 19475 ل 0.255 539 لج

 4.714 9938 م 2.322 4896 ح

 0.217 458 لم 0.173 365 لح

 4.753 10021 ن 0.030 64 لمح

 1.574 3318 ه 0.047 100 نح

 4.762 10040 و 0.778 1640 خ

 8.345 17591 ي 0.147 310 لخ

  

So, out of the new 100,000 augmented samples, 140 augmented samples will 

correspond to the word “الشرايع”. 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 

 

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 𝒑𝒏 . 

 

Table 14. AHDB [58] statistics. 

Character No. of 

Occurrences 
𝒑𝒏 Character No. of Occurrence 𝒑𝒏 

 0.016 500 ف 0.141 4400 ا

 0.013 400 ق 0.039 1200 ب

 0.013 400 ك 0.042 1300 ت

 0.042 1300 ل 0.042 1300 ث

 0.090 2800 م 0.01 300 ح

 1 .0 3100 ن 0.022 700 خ

 0.013 400 ه 0.01 300 د

 0.042 1300 و 0.01 300 ذ

 0.048 1500 ي 0.045 1400 ر

 0.019 600 لا 0.080 2500 س

 0.071 2200 ة 0.013 400 ش

 0.01 300 ى 0.006 200 ظ

    0.042 1300 ع
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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 𝑾𝒊 , e.g., the word (  ريال)  has four characters with each 

character has a certain 𝑷𝒏 so: 

𝑾ريال =

𝟏

𝒑𝑹𝒂𝒂
+

𝟏

𝒑𝒀𝒂𝒂
+

𝟏

𝒑𝑨𝒍𝒊𝒇
+

𝟏

𝒑𝑳𝒂𝒂𝒎

𝟒
 = 

𝟏

𝟎.𝟎𝟒𝟓
+

𝟏

𝟎.𝟎𝟒𝟖
+

𝟏

𝟎.𝟏𝟒𝟏
+

𝟏

𝟎.𝟎𝟒𝟐

𝟒
= 18.48 

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 “ريال “: 

[𝑾𝒊,𝒏𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒆𝒅  × 100,000] = total No. of augmented samples. 

=
𝑾 ريال

∑𝑾𝒊 (𝑠𝑢𝑚 𝑜𝑓 𝑎𝑙𝑙 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝑤𝑖𝑒𝑔ℎ𝑡𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑏𝑎𝑠𝑒)    
× 100,000 

=
18.48

1923
  × 100,000 = 960 samples. where ∑𝑾𝒊 =  1923 (for AHDB) 

So, out of the new 100,000 augmented samples, 960 augmented samples will 

correspond to the word “ريال”. 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 

configurations 

ALEXNET RNN (LSTM) 

  

   WAR % WAR % 

 abc-d 

bcd-a 

abcd-e 

abcde-f 

97.16% 96.91% 

IFN/ENIT 95.85% 95.05% 

 92.47% 91.87% 

 91.77% 88.46% 

AHDB 70% training 

20% testing 

10% validation 

95.07% 93.87% 

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 

configuration 

BLSTM-CTC-WBS. 

 

   CAR % WAR % 

abc-d 

bcd-a 

abcd-e 

abcde-f 

95.19% 96.19% 

93.33% 93.11% 

91.21% 91.96% 

90.90% 89.15% 

AHDB 70% training 

20% testing 

10% validation 

89.67% 88.41% 

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 

configuration 

BLSTM-CTC-WBS. 

   CAR % WAR % 

abc-d 

bcd-a 

abcd-e 

abcde-f 

99.73% 98.99% 

97.66% 96.91% 

96.23% 95.05% 

94.13% 93.57% 

AHDB 70% training 

20% testing 

10% validation 

98.49% 98.10% 

 

 

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 

 

 

 

Author 

Word Accuracy Rate (WAR) 

The IFN/ENIT Database 

Train-Test Configuration 

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 

BLSTM-CTC-WBS. 

(using adaptive data augmentation) 

98.99% 95.05% 93.57% 

 

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 

BLSTM-CTC-WBS. 

(using adaptive data augmentation) 

98.10% 

 

Many works iare carried iout on handwritten iArabic text recognition using ithe 

IFN/ENIT and iAHDB database. iThe best-reported isystems in the literature on ithe 

evaluation sets (e iand f) of the iIFN/ENIT database iwere Ahmed et ial. [75] and iGraves 
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et ial. [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 ifact, our isystems outperforms ithe best ireported systems iin the literature ion the 

ievaluation set ie and iset f iof 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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6 CONCLUSION 

The automatic Arabic handwriting recognition is istill a challenging iresearch 

area in the field iof pattern irecognition. 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 iwith four idifferent 

modeling iapproaches. Three iof them being ithe standard imodeling approaches ias 

reported in the literature and ithe remaining one was proposed by iAhmed 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 isee from iTable.18 that the ioverall results from iour presented 

systems iare among the ibest compared ito the other istate-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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