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Abstract

The scientific community continues to face challenges in developing effective solutions for
recognizing handwritten Arabic words, primarily due to limited research addressing the unique
complexities of the Arabic language, such as its cursive nature and the variability in handwriting
styles across individuals and over time. This study proposes a hybrid framework that integrates
deep learning and natural language processing to enhance handwritten Arabic word recognition.
The model combines Convolutional Neural Networks (CNN) for extracting visual features with
Long Short-Term Memory (LSTM) networks for processing the features extracted from CNN,
further improved by an N-gram-based correction mechanism. The framework was trained and
evaluated using the Arabic Handwritten Database (AHDB), comprising 6,615 images of 63 dis-
tinct words written by 100 different writers. While not fully overcoming the inherent challenges
of handwritten Arabic recognition, the proposed approach yielded promising results, achieving
an accuracy of 84%, with additional improvements from the correction mechanism, demon-
strating its potential to advance the field and laying the groundwork for future enhancements.

Keywords: Arabic word recognition, Deep learning, CNN, LSTM, N-gram



Résumé

La communauté scientifique continue de faire face & des défis dans le développement de so-
lutions efficaces pour la reconnaissance des mots arabes manuscrits, principalement en raison
du nombre limité de recherches abordant les complexités uniques de la langue arabe, telles
que sa nature cursive et la variabilité des styles d’écriture manuscrite entre les individus et au
fil du temps. Cette étude propose un cadre hybride qui intégre l'apprentissage profond et le
traitement du langage naturel pour améliorer la reconnaissance des mots arabes manuscrits.
Le modéle combine des réseaux neuronaux convolutionnels (CNN) pour extraire les caractéris-
tiques visuelles avec des réseaux & mémoire a long et court terme (LSTM) pour traiter les
caractéristiques extraites par le CNN, avec une amélioration supplémentaire grace a un mécan-
isme de correction basé sur un modele N-gram. Le cadre a été entrainé et évalué en utilisant la
base de données de I’écriture manuscrite arabe (AHDB), comprenant 6 615 images de 63 mots
distincts écrits par 100 écrivains différents. Bien qu’il n’ait pas complétement surmonté les défis
inhérents a la reconnaissance de I’écriture manuscrite arabe, I’approche proposée a donné des
résultats prometteurs, atteignant une précision de 84 %, avec des améliorations supplémentaires
grace au mécanisme de correction, démontrant ainsi son potentiel pour faire avancer le domaine
et poser les bases d’améliorations futures.

Mots clés: Reconnaissance des mots arabes, Apprentissage profond, Réseaux

neuronaux convolutifs, Réseaux de mémoire a long et court terme,N-gramme
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1.1. INTRODUCTION:

1.1 Introduction:

The field of Artificial Intelligence (AI) and Machine Learning (ML) has experienced rapid
advancements, profoundly impacting various sectors, including science, technology, and in-
dustry.[l] Among these advancements , deep learning (DL) has emerged as a powerful tool,
particularly in computer vision applications such as object detection, image classification, and
video analysis |2|. More recently, deep learning has been successfully applied to natural lan-
guage processing (NLP)|3|, leading to significant progress in areas like machine translation,
speech recognition, and text generation |4].

One of the emerging applications of deep learning and NLP is handwriting recognition,
which is particularly challenging for scripts with complex structures, such as Arabic. Hand-
writing word recognition (HWR) has become one of the most intriguing yet challenging areas
in computer vision and pattern recognition|5|. Automatic handwriting recognition refers to a
system’s ability to accurately interpret and understand handwritten input |6]. The main objec-
tive of such systems is to correctly identify input characters or images, which are then analyzed
and processed through various automated operations. These systems are applied in multiple
domains to detect and interpret handwritten text in different formats and writing styles|7].

Despite the widespread use of the Arabic script, developing a robust handwriting recogni-
tion system continues to present significant challenges. This difficulty is primarily due to the
inherently cursive nature of Arabic script,variability in personal handwriting styles, and the
contextual shape changes of Arabic letters [8] . Moreover, Arabic poses unique challenges for
natural language processing (NLP) due to several inherent features, while significant progress
has been made in handwriting recognition for Latin-based scripts, research on Arabic hand-
writing recognition (AHR) remains limited [9].

Although some studies have attempted to address the problem of Arabic handwriting recog-
nition, many of them focus solely on visual features without considering the linguistic context,
or do not effectively integrate between visual and semantic aspects. This highlights the need for
more comprehensive solutions that leverage both the visual and semantic aspects of the texts.

Based on the above, this research aims to propose a hybrid framework that combines deep
learning techniques with natural language processing (NLP) to improve the accuracy and ro-
bustness of Arabic handwriting recognition systems. This framework addresses both the visual
and semantic challenges associated with Arabic script. It consists of multiple stages, including
image pre-processing and feature extraction, both of which contribute to improving recognition

accuracy and reducing error rates, particularly in cursive texts with diverse handwriting styles.

13



1.2. PROBLEMATIC:

1.2 Problematic:

1.2.1 Linguistic Complexity of Arabic Script:
The recognition of Arabic handwritten characters remains a challenging problem due to the

unique linguistic and structural features of the Arabic language .[10]

e Several aspects contribute to this complexity:

Arabic is inherently a cursive script, where most characters are connected within a word.
This nature complicates the process of segmenting handwritten text into individual char-

acters and reduces recognition accuracy [11].
sL—6 ¢y éﬁc d"/j”'(j o 1 5%,
ol 3 oo oS 2V 3 o 1)

Figure 1.1: Example of cursive nature in Arabic handwritten script.|12]

e Some Arabic characters share highly similar shapes, with differentiation primarily based

on the position and number of dots placed above or below the character body. For

example, the letters Thaa &, Taa &, and Baa o have an identical base structure but

are distinguished solely by the number and placement of their dots|13].

14



1.2. PROBLEMATIC:

at
| — u.
() (a)

O -

(d) (c)

Figure 1.2: Example of Arabic Characters with Similar Base Structures Differentiated by
Dots.|14]

e Arabic characters are linked along an imaginary reference line called the baseline, which

adds further complexity to the segmentation and recognition processes.|15|

Ascenders

\

Baseline

pN

K

Descenders

Figure 1.3: Baseline, Ascenders and Descenders as shown in a Word.|16]

e Each Arabic letter can have two to four distinct shapes, depending on its position within

15



1.2. PROBLEMATIC:

a word-whether at the beginning, middle, end, or in isolation.|17|

Figure 1.4: The letter 4 in its three positions: the beginning, middle, end of the word.

1.2.2 Scarcity of Comprehensive and Open Datasets:

e The limited availability of large-scale, publicly accessible datasets for Arabic handwriting

hinders the training of models and limits their performance improvement.|15]

1.2.3 The impact of diverse handwriting styles on recognition sys-

tems:

e Variability in individual handwriting styles: Individual differences in handwriting
styles pose significant challenges to accurate character recognition, as each person’s unique

writing characteristics complicate the identification process.|17|

e Character Connectivity: In cases where characters lack sufficient spacing, particu-
larly in cursive scripts, makes it difficult to segment and recognize individual characters

accurately, hindering effective segmentation and recognition.|17| For example, the same

Arabic letter, such as (nwor " may appear completely differently depending on the writer’s

style or writing speed, complicating the process of feature extraction and classification.

16



1.2. PROBLEMATIC:

O So— —

Figure 1.5: Variation in the shape of the same Arabic letter based on handwriting style and
speed..[18]

Previous studies have attempted to address these challenges using various approaches. For

example:

e Biadsy et al. (2011) |19] proposed a system for Arabic handwriting recognition without
the need to segment words into individual letters, relying on Hidden Markov Models
(HMM) with effective handling of delayed strokes. Training was conducted at the letter
level, while recognition was performed at the word-part level. The system achieved high

accuracy, exceeding 98% in writer-dependent cases and 94% in writer-independent ones.

However, the study did not incorporate contextual linguistic analysis (NLP) after recog-
nition, which may limit the system’s ability to distinguish between visually similar words,

especially in the absence of diacritics.

e Dreuw and colleagues |20] proposed an offline Arabic handwriting recognition system
based on Hidden Markov Models (HMM), introducing explicit white-space models be-
tween characters or pieces of Arabic words (PAWs). Unlike systems that implicitly embed
white-spaces within character models, they used a separate white-space character model,
which significantly improved recognition accuracy. The approach also included model
length adaptation and the use of virtual training samples to enhance model robustness.
The system achieved strong performance on the IFN/ENIT database, outperforming pre-

vious systems in various benchmark evaluations.

However, the system does not incorporate contextual or lexical analysis (e.g., NLP or
language modeling), which limits its effectiveness in cases where visually similar words

require semantic understanding for accurate recognition.

e In their study [21], Altwaijry and Al-Turaiki developed an automatic handwriting recog-
nition model trained on the Hijja and Arabic Handwritten Characters (AHCD) datasets.

17



1.3. MOTIVATION:

The model achieved an accuracy of 97% on the AHCD dataset and 88% on the Hijja

dataset.

e El-Sawy et al.|22| proposed a deep learning architecture for recognizing handwritten Ara-
bic characters. The system was trained on the Arabic Handwritten Character Dataset
(AHCD), comprising 16,800 handwritten Arabic characters. They utilized a Convolu-
tional Neural Network (CNN) model, implementing various optimization techniques to

enhance performance. The model achieved an accuracy of 94.9% on the AHCD dataset.

Despite previous research efforts that have addressed some of these challenges using statistical
models or conventional neural networks, the lack of integration between visual analysis and
contextual linguistic processing remains a significant research gap. Therefore, there is a pressing
need for a hybrid framework that combines Deep Learning techniques with Natural Language
Processing (NLP) to enhance the accuracy of Arabic handwriting recognition, particularly
in visually complex and cursive scripts. This research aims to fill this gap by proposing a
comprehensive solution that addresses both the structural and semantic aspects of handwritten

Arabic text.

1.3 Motivation:

The selection of this research topic is driven by several scientific, practical, and personal moti-
vations, in addition to the potential impact of developing an efficient system for Arabic hand-

writing recognition using artificial intelligence..

1.3.1 Scientific Motivation handwriting arabic:

The existence of unresolved research challenges in Arabic handwriting recognition, such as
difficulty in character segmentation, variations in handwriting styles, and handling diacritical
marks.

The need to develop more accurate Al techniques capable of better understanding Arabic

script

1.3.2 Practical Motivation:

The importance of converting handwritten text into digital text for use in electronic archiving,

governmental institutions, and banking sectors.

18



1.4. CONTRIBUTIONS:

Enhancing processing speed and efficiency of documents while reducing the need for manual
text entry, thereby saving time and effort.
Supporting Optical Character Recognition (OCR) technologies, which currently suffer from

low accuracy in Arabic text recognition.

1.3.3 Personal Motivation:

A strong interest in deep learning and natural language processing (NLP) and exploring their
integration to solve complex linguistic challenges. A motivation to contribute toward the devel-
opment of cutting-edge technological solutions that benefit both the academic and industrial

communities.

1.3.4 Potential Impact of the Research:

If successful, this research will enhance Al-based Arabic handwriting recognition systems, fa-
cilitating their application in education, digital archiving, and historical manuscript analysis.
Providing a precise and efficient tool that can be utilized in various fields such as translation,

scientific research, and handling legal documents.

e Bank Check Recognition: Handwriting recognition helps scan checks and convert their
content. into digital text, enabling signature verification and real-time check processing,

which enhances the speed of banking transactions.

e Healthcare Sector: Contributes to the digitization of medical records and patient his-
tory, facilitating access to past diagnoses, test results, and insurance records while reduc-

ing reliance on paper files.

e Legal Sector: Used for digitizing legal documents such as certificates, court rulings,
contracts, and wills, making it easier to store them in searchable databases instead of

relying on traditional paper records.

1.4 Contributions:

This research aims to provide scientific and applied contributions in the field of Arabic hand-
writing recognition, through:
Developing a new hybrid framework that integrates Deep Learning (DL) and Natural Lan-

guage Processing (NLP) to enhance the accuracy of Arabic handwritten text recognition.

19



1.5. THESIS STRUCTURE

Analyzing the impact of NLP on improving handwriting recognition by incorporating NLP
techniques to correct errors and enhance contextual understanding of texts. Enhancing the
understanding of Arabic handwriting characteristics, particularly regarding connected letters,
diacritical marks, and shape variations based on letter positioning within words.

Developing an advanced Al model capable of handling the unique challenges of the Arabic

language, such as connected letters and variations in handwriting styles.

1.5 Thesis Structure

e Chapter 1: General Introduction

This chapter provides a general background on the research topic, highlighting its sig-
nificance, the addressed problem, the motivations for its selection, and the expected

contributions.

e Chapter 2: Work Background: This chapter aims to present the scientific and tech-
nical context of the research, covering fundamental concepts, applied techniques, and

previous studies.

e Chapter 3: Methods Used in the Model: This chapter presents a detailed overview
of the components used to build the proposed model, including Convolutional Neural
Networks (CNN), Long Short-Term Memory (LSTM) networks, and a linguistic correction

mechanism based on the N-gram model.

e Chapter 4: Implementation and Results:

In this chapter, the results of the experiments conducted using the proposed model are

presented and analyzed, along with a comparison of its performance with other models

20
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2.1. INTRODUCTION :

2.1 Introduction :

This chapter provides the scientific and technical foundation of our research. It presents the
essential theoretical concepts, related works, and technologies relevant to the field of Arabic
handwriting recognition. By exploring fundamental elements such as the characteristics of
Arabic handwriting, digital image processing, Natural Language Processing (NLP), and deep
learning techniques, we establish a clear understanding of the research domain. In addition, this
chapter reviews existing studies and systems that have addressed similar challenges, highlight-
ing their contributions and limitations. The goal is to provide the reader with the necessary

background to understand the motivations and methodologies adopted in this study.

2.2 Arabic Handwriting:

Handwriting is one of the oldest and most fundamental forms of communication, continuously
evolving in response to cultural and technological advancements. Before the advent of writing,
verbal communication and sign language were the primary means of conveying information.
The development of writing enabled the documentation of history, events, culture, literature,
law, science, mathematics, and various other domains. Writing can be defined as a structured
system of standardized symbols governed by specific rules to represent and convey ideas.|23]

Arabic writing is a complex system consisting of a set of letters that historically evolved
from the Aramaic alphabet, with the earliest recorded document dating back to 512 AD. As
the Arabic language expanded, diacritical marks were added to some letters in the 7th century
AD to distinguish different phonetic sounds, leading to the emergence of multiple forms of the
same letter. Today, this writing system is used by more than 100 million people in over 20
countries, in both printed and handwritten texts.|24]

On the other hand, Arabic handwriting is a specific form of Arabic writing that relies
on fine motor skills, requiring coordination among the human visual, cognitive, and motor
systems. The quality of handwriting is influenced by several factors [25], such as motor control,
writing speed, and precision in letter formation. Unlike printed text, which follows standardized
typographical rules, handwriting varies significantly from one individual to another, making the
automatic recognition of handwritten Arabic text more challenging than recognizing printed

text.

22



2.2. ARABIC HANDWRITING:

<o el L
s = e JRRFIN

Figure 2.1: Handwritten vs. Machine-Generated Arabic Writing.|26]

2.2.1 Characteristics And Challenges Of Arabic Handwriting:

e The Arabic script is inherently cursive, meaning that the characters within a word are
connected along an imaginary horizontal guideline known as the baseline. Additionally,
certain strokes extend above and below this baseline, commonly referred to as ascenders

and descenders [13].

2N
sasten ) G

Figure 2.2: Example of baseline, ascenders, and descenders in arabic script|27].

e Words in Arabic are written in horizontal lines from right to left, while numerals follow

a left-to-right writing direction.|28|

&
Figure 2.3: Arabic writing direction.[29]

e Most Arabic letters change their shape based on their position within a word, whether

they appear at the beginning, middle, end, or in isolation.|28|

23



2.2. ARABIC HANDWRITING:

L).AL)A._L.Q._&Q

5 a_ - -

Figure 2.4: The change of letter shape with position in the word.|30]

e Irregular spacing between words and characters, along with curved or non-linear text

lines.|31]

e In certain Arabic calligraphic styles, such as the Diwani script, characters within a word

may overlap or intertwine, resulting in complex and highly stylized word formations.|28§]

GG

Figure 2.5: Some overlapping letters in Arabic fonts.|29]

2.2.2 Types of Handwriting Recognition:

Handwriting recognition is a specialized area within pattern recognition and document im-
age analysis that focuses on identifying and interpreting handwritten content. This content
can be either textual or graphical, including elements such as musical notation, mathematical
expressions, sketches, and diagrams.|32]

Handwriting recognition systems are generally classified into two main types: online hand-

writing recognition and offline handwriting recognition.

24



2.2. ARABIC HANDWRITING:

Text Recognition

|
v v

Offline Recognition Online Recognition

|
v v

Printed Text Handwritten Text

|
v v

Hand Printed Text ‘ ‘ Cursive Text
¥ h 4
Recognition with Recognition without
Segmentation Segmentation

Figure 2.6: Classification of handwritten text recognition systems.|33|

2.2.2.1 Offline handwriting recognition:

Offline handwriting recognition is an advanced technique aimed at identifying handwritten text
from images. Due to the variability in individual writing styles, accurately recognizing hand-
written characters and digits presents a significant challenge [34]. The process of recognizing
words from images is a complex task, as each person has a unique writing style, making it
difficult to achieve correct recognition of handwritten characters and digits.|34]

Offline handwriting recognition is generally considered more challenging than online hand-
writing recognition. This is because, in offline recognition, the system works with static images
of handwritten text, without any information about the process of writing|35|, Offline character
recognition, a subset of this technique, focuses on identifying the final form of al character or
digit directly from the image. In this approach, there is no knowledge of how the writer com-
posed the character; recognition relies solely on the final written form, which adds an additional
layer of complexity due to the diverse nature of individual writing styles.|36]

It has several applications, such as:

e Mail sorting: recognizing addresses or handwritten text on envelopes.
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e Bank check reading: identifying handwritten text and numbers on checks.

e Transcription of books and handwritten notes: converting handwritten con-

tent into digital text.|37]

2.2.2.2  On-line handwriting recognition:

On-line handwriting recognition refers to the process in which a system identifies handwritten
text as the user writes. This method is often referred to as real-time or dynamic handwriting
recognition, as the recognition occurs simultaneously with the writing process .|38|

In online handwriting recognition, the trajectory of the pen tip is captured continuously by
recording its position on the writing surface at regular time intervals. The primary objective is
to translate this sequence of pen movements into a corresponding sequence of written words.|39]

Online handwriting recognition technology has a wide range of applications, such as:

e Pen input devices: Recognizing handwriting in real time on digital tablets and

drawing boards.|37]

e Personal digital assistants (PDAs): Allowing users to take notes and issue

handwritten commands. 37|

e Smartphones: Supporting handwriting recognition through stylus input for tex-

ting, searching, or interacting with applications.|37|

e Computer-assisted instruction: Enabling students to write answers or notes by

hand and receive immediate feedback.|37|

e Interactive learning tools: Facilitating dynamic, handwriting-based assessments

and exercises. |[37]
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2.3 Digital Image:

2.3.1 Introduction to Digital image:

A digital image is a finite set of pixels, each encoded by bits derived from a sampling process.
Each pixel is represented using 8 bits, allowing color values to range from 0 to 255. Each pixel
contains three primary components: Red (R), Green (G), and Blue (B), with 8 bits allocated
to each component to represent the intensity of each color in the RGB color model. This
representation forms a vector that characterizes the intensity of each color within the RGB
space. Consequently, the digital image can be viewed as a matrix of numbers that represent

the color values for each pixel.|40]

2.3.2 definition of Digital Image (Mathematical Perspective):

An image can be defined as a two-dimensional function, where x and y are spatial (plane)
coordinates, and the amplitude of f at any pair of coordinates (x, y) is called the intensity or
gray level of the image at that point. When the values of x, y, and the intensity of f are all finite
and discrete, the image is referred to as a digital image. The field of digital image processing

refers to processing digital images using a digital computer. [41]

2.3.3 Digital Image Representation and the Digitization Process

The process of converting an image from analog to digital representation is a fundamental step
in digital image processing. This process, known as digitization, involves two main stages:

sampling and quantization. It can be summarized as follows:

e Analog Representation of the Image:
The original image is represented as a continuous function in two-dimensional space:
a(x,y)a(x, y)a(x,y).
This function may depend on other variables such as depth (z), color A, and time (t), but
in most applications, it is processed as a static 2D image.|42]

e Spatial Sampling:

The continuous image is divided into a grid of rows and columns to define a finite number

of spatial coordinates.
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The intersection of each row and column defines a pixel.

Each point on the grid is mapped to integer coordinates [m,n|, where m = 0... M — 1

andn=0...N —1.]42|

e Quantization:

A numerical value is assigned to each pixel, representing the intensity (in grayscale images)

or color (in colored images) at that location.
In grayscale images, this value typically ranges from 0 to 255 (8 bits).

In color images, each pixel contains three values (R, G, B), each represented using 8 bits

to define the intensity of the corresponding color channel.|[42]

e Result of Digitization: The digital image becomes a two-dimensional matrix of num-

bers representing the intensity or color values at each pixel location.

This matrix is then used for further analysis and processing using digital computers.|[42]

2.3.4 Digital Image Processing Stages:

Digital image processing encompasses a sequence of systematic steps that transform a raw image
into a form suitable for analysis and interpretation. These steps can be broadly categorized
based on whether the process outputs an image or extracts specific features from the image.

The primary stages are as follows:

e Image Acquisition:

This initial phase involves capturing the digital image through devices such as scanners
or digital cameras. It may also include preliminary preprocessing (e.g., scaling) to ensure

that the image is in an appropriate format for further analysis. [43]

e Image Enhancement: In this stage, the quality of the captured image is improved.
Techniques are applied to adjust brightness, contrast, and sharpness, thereby enhanc-
ing the visibility of critical details and making the image more suitable for subsequent

processing tasks.[44]

¢ Image Restoration: Unlike enhancement—which is subjective—restoration focuses on
objectively correcting image degradations. This process uses mathematical and proba-
bilistic models to remove artifacts such as blur or noise, thereby recovering the original

appearance of the image as closely as possible. [44]
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e Color Processing: Color processing involves manipulating color information to extract
useful features or convert the image into grayscale or binary formats. This step simplifies

analysis when structural features are more important than color information.|43]

e Transforms: Mathematical transformations (e.g., Fourier or Wavelet transforms) are
employed to extract essential frequency and spatial features from the image. These trans-
forms facilitate better compression, enhancement, and recognition by representing the

image at various levels of resolution.[43|

e Compression and Watermarking: This step focuses on reducing the storage require-
ments or transmission bandwidth of the image while preserving its critical information.
Although not always essential for recognition, compression plays a significant role in man-
aging large datasets.Watermarking is used for authentication and copyright protection.

It has two major approaches: (a) Lossless Compression and (b) Lossy Compression. [45|

e Morphological Processing: Morphological operations are applied to extract and ana-
lyze the shape and structure of the image components. This stage is crucial for separating

individual elements and removing noise or irrelevant details from the image. 46|

e Segmentation: Image segmentation is a fundamental step in image processing that aims
to divide an image into distinct regions or segments with homogeneous characteristics.
This process is used to simplify the representation of an image or transform it into a more
meaningful and analyzable form. By focusing on the most important parts of the image
and ignoring irrelevant elements, segmentation enhances the efficiency and accuracy of

automated systems in image analysis and interpretation. [47]

e Feature Extraction: In this phase, key features of the segmented regions—such as
edges, curves, and intersections—are detected and quantified. These features serve as the

basis for further classification tasks.[48]

e Pattern Classification: With the extracted features, machine learning or deep learning
models (e.g., convolutional neural networks) are utilized to classify and identify patterns
within the image. This classification assigns a label or identity to each recognized com-

ponent. [43|

e Knowledge Base: A repository of prior knowledge, such as language models or character

databases, is integrated into the system. This knowledge base supports and refines the
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recognition process, ensuring that the final interpretation aligns with established data

and linguistic patterns.|43|

e Example: Application to Arabic Handwriting Recognition

Stage Application to Arabic Handwriting
Recognition

Image Acquisition Capturing an image of handwritten Arabic
text via scanner or camera.

Image Enhancement Enhancing contrast or removing noise to
make the characters clearer.

Image Restoration Correcting distortions caused by poor light-
ing or camera shake.

Color Processing Usually converts the image to grayscale or
binary to simplify processing.

Transforms Used to extract features or improve the im-

age using techniques like Wavelets.
Compression and Wa- | Not directly essential, but useful for reducing

termarking the size of stored data.

Morphological ~ Pro- | Used to distinguish character boundaries or

cessing remove impurities such as isolated dots.

Segmentation Very important! To divide the image into
lines, words, and individual characters.

Feature Extraction Extracting character features (such as curves

or lengths) for recognition.

Pattern Classification | The core of the project! Classifying each
character to its numeric or textual equiva-
lent using algorithms like CNN.

Knowledge Base Can include a database of characters, dictio-
naries, or language models to improve recog-
nition.

Table 2.1: Organized Table for Arabic Handwriting Recognition Process

2.3.5 Key Challenges and Limitations in Digital Image Processing:

Digital image processing technologies face a number of challenges that affect their accuracy and

efficiency. The most notable challenges include:

e Nontrivial Issues: Image processing involves multiple stages such as filtering, registra-
tion, classification, and merging. These steps requireconsiderable time and computational
effort. Dealing with images that are visually similar but belong to different categories

adds complexity and can significantly delay further processing steps.[49|
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Limited Accuracy: Achieving 100% accuracy in image processing is extremely chal-
lenging, especially when handling low-quality images or unclear handwritten texts. This

limitation directly affects the reliability and acceptability of the results.[49]

Hard Coded Solutions:

Embedding data directly into the program’s source code limits flexibility. It makes it
difficult to adapt or improve algorithms, as hard coding restricts the ability to generalize

and modify processing methods efficiently.[49|

Ongoing Need for Research and Development: The field of image processing re-
quires continuous innovation to address emerging challenges. This involves identifying

weaknesses in existing techniques and developing smarter, more efficient algorithms.19

High Demand for Storage and Processing Power: Digital image processing con-
sumes large amounts of memory and computational resources. Progress in this field
heavily depends on advancements in digital computers and supporting technologies such

as data storage, display systems, and transmission infrastructure.|50]

Environmental Influence on Image Quality: Environmental factors such as lighting,
noise, and interference can degrade the quality of captured images, leading to less accurate

processing outcomes. [50]

Data Redundancy: Digital images often exhibit several types of redundancy, including
spatial, spectral, and inter-pixel redundancy. These redundancies necessitate efficient

compression techniques to optimize performance and reduce resource usage.|50|

Difficulty in Segmenting Complex Images: Segmenting nontrivial or complex images
remains one of the most difficult tasks in digital image processing due to overlapping

elements or unclear features.|50]
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2.4 Deep Learning:

2.4.1 Definition of deep learning:

Deep learning is a specialized subset of machine learning that employs artificial neural net-
works composed of multiple hierarchical layers—hence the term "deep"—to learn and model
complex patterns within data. Inspired by the structure and function of the human brain,
deep learning enables systems to automatically extract high-level features from raw inputs and
perform sophisticated tasks such as image recognition, natural language understanding, and
speech processing . [51]

It encompasses a family of algorithms designed to learn multiple levels of abstraction, where
higher-level representations are built upon lower-level ones, forming what is known as a deep
architecture. These models can operate in both supervised and unsupervised settings for tasks
such as feature extraction, transformation, and pattern classification. Furthermore, deep learn-
ing contributes to the broader goal of artificial intelligence by facilitating the discovery of more

effective data representations across various domains, including vision, speech, and text.|52]

2.4.2 Deep learning characteristics:

One of the main limitations of traditional machine learning methods lies in their heavy reliance
on manual feature extraction from raw data. This process requires significant human effort and
may not be effective when dealing with unstructured data.This is where deep learning (DL)
comes in. It is capable of handling raw data such as images, texts, and audios, and can learn
directly from them without the need for prior transformation. DL is based on artificial neural
networks (ANNs), which are inspired by the human brain in how they analyze and understand
information.Unlike shallow learning methods, which are composed of a limited number of layers,
deep learning consists of multiple interconnected layers—forming deep neural networks. This
allows DL models to learn representations at multiple levels of abstraction, enabling them to

model highly complex functions more effectively.[53|

2.4.3 Deep Learning Approaches

e Supervised Learning:

Supervised learning is one of the fundamental approaches in deep learning. It involves

constructing a mathematical model based on a dataset that includes both input variables
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XXX and target outputs YYY. This approach teaches the model to learn the relationship

between inputs and outputs using an algorithm that approximates the mapping function

Y=f(X)Y = f(X)Y=£(X).

During the training process, the model compares its predicted outputs with the actual
target values to iteratively adjust and reduce prediction errors. Learning continues until

the model achieves satisfactory accuracy across all input samples.

Typical tasks in supervised learning include regression, classification, and prediction. In
deep learning, commonly used models include deep neural networks (DNNs), convolu-

tional neural networks (CNNs), and recurrent neural networks (RNNs).[54]

Unsupervised Learning:

In unsupervised learning, the primary task is to uncover hidden relationships, structures,
or associations within the provided data without relying on predefined outputs. Sim-
ilar samples are grouped into clusters based on similarity or distance measures, which
facilitates a deeper understanding of the data and the underlying processes generating
it. Among the commonly used techniques are those that rely on calculating distances
between samples to form clusters, or extracting highly discriminative features that allow

for better data separation.

In some cases, supervised learning mechanisms can be indirectly applied, as seen in
anomaly detection. Here, the model is trained using only normal samples, enabling it

to later recognize unfamiliar patterns as anomalies. [55|

Semi-Supervised Deep Learning:

In recent years, semi-supervised deep learning has emerged as an exciting new research
direction in deep learning. These methods address situations where only a few labeled
training examples are available, accompanied by a significant number of unlabeled sam-
ples. In such scenarios, semi-supervised learning (SSL) methods are particularly appli-
cable to real-world applications where unlabeled data is readily available and easy to

acquire, while labeled instances are often hard, expensive, and time-consuming to collect.

The main advantage of semi-supervised deep learning techniques is their ability to build
better classifiers that compensate for the lack of labeled training data. However, for
these methods to be effective, certain assumptions must hold, such as assuming that the
decision boundary should avoid regions with high density. This facilitates the extraction

of additional information from unlabeled instances to regularize training.
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Despite their advantages, SSL techniques require careful implementation. Misalignment
between the problem structure and the model’s assumptions can lead to a degradation in

classification performance.|56|

2.4.4 Deep Learning Techniques in Arabic Handwriting Recognition:

e Convolutional Neural Networks (CNNs): Used for hierarchical feature extraction
from images of handwritten Arabic text. CNNs are effective in distinguishing visually
similar characters, especially in the presence of diacritics, and in identifying spatial struc-

tures within connected scripts.

e Recurrent Neural Networks (RNNs): Applied to model the sequential nature of
handwriting by processing the writing order and temporal dependencies between char-
acters. However, vanilla RNNs are limited in handling long sequences due to vanishing

gradients.

e Long Short-Term Memory Networks (LSTMs): A specialized form of RNNs de-
signed to capture long-term dependencies. LSTMs are particularly suitable for Arabic
handwriting due to their ability to manage variations in character connectivity and writ-

ing styles over long text lines.

e Recursive Neural Networks (RecNNs): Used to model hierarchical or structured
information, though they are less commonly applied in handwriting recognition. In theory,
they may be used to represent structural relationships in Arabic words, such as root-

pattern morphology, but practical applications in handwriting recognition remain limited.

e Hybrid Models: Combine multiple architectures (e.g., CNN + LSTM) to leverage
both spatial and temporal features. Such models have shown improved performance in
recognizing cursive and connected Arabic handwriting by integrating visual and sequential

analysis.

2.5 Natural Language Processing (NLP):

2.5.1 Definition NLP:

Natural Language Processing (NLP) is a research and application field concerned with en-

abling computers to understand, interpret, and generate human language in a way that is both
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meaningful and contextually appropriate[57|. NLP relies on a set of computational techniques
supported by linguistic theories, used to analyze and represent naturally occurring texts at one
or more levels of linguistic analysis. The overarching goal is to model language processing in
a manner that approaches human-like understanding, facilitating a wide range of applications
across both text and speech domains. 58|

In recent years, this field has expanded significantly with the integration of machine learning
approaches, particularly statistical methods, which have greatly enhanced the accuracy and
efficiency of language interpretation. As a result, NLP has become an interdisciplinary domain,
drawing from areas such as psychology, cognitive science, and linguistics, and has led to the
development of various software tools for modeling and understanding human language more

effectively.|59)

2.5.2 The Importance of Natural Language Processing:

Natural Language Processing (NLP) is considered one of the fundamental pillars of artificial
intelligence, as it enables machines to effectively understand and analyze human language,
whether written or spoken. Its importance lies in its ability to bridge the gap between human
communication and computational systems, making it a vital component in the development
of intelligent applications such as machine translation, virtual assistants (e.g., Siri and Google
Assistant), chatbots, sentiment analysis, information extraction, and text summarization. The
significance of NLP becomes even more prominent when dealing with Arabic texts, due to the
linguistic complexity of the language in terms of diacritics, morphology, and the diversity of

dialects—making it a rich field for research and innovation.

2.5.3 Basic Techniques in Natural Language Processing:

NLP involves a sequence of techniques to process textual data, beginning with tokenization and
text preprocessing. Tokenization splits the text into individual units known as tokens—such
as words or subwords—which serve as the foundation for further analysis. Preprocessing then
cleans and standardizes the text, preparing it for interpretation by machine learning algo-
rithms. For instance, the sentence "I love NLP" would be divided into tokens like ["T", "love",
"NLP"]|60]. Part-of-Speech (POS) Tagging assigns grammatical categories (e.g., noun, verb)
to tokens, enabling syntactic understanding [61]. Named Entity Recognition (NER) identi-
fies proper nouns like “Algiers” or “Mahrez” [62]. Parsing constructs syntactic trees to model

sentence structure .
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These techniques often leverage statistical models or machine learning. For instance, Hidden
Markov Models were historically used for POS tagging, while neural networks dominate modern

approaches [6]. Figure 1 illustrates a basic NLP pipeline.

Figure 2.7: Classification of handwritten text recognition systems.|33|

2.5.4 Challenges of Natural Language Processing in the Arabic Lan-
guage:

Morphological Richness and Linguistic Complexity: Arabic poses unique challenges for natural
language processing (NLP) due to its linguistic complexity, particularly its rich and intricate
morphological structure. A single Arabic word can encapsulate multiple layers of grammatical
meaning through the use of prefixes, suffixes, infixes, and various grammatical markers such
as gender, number, person, tense, case, and mood. Additionally, clitics—such as pronouns,
conjunctions, and prepositions—can attach directly to words, making them semantically and
syntactically dense.

Such morphological richness results in a significantly higher number of unique word forms
compared to languages like English. As a consequence, tasks like tokenization, part-of-speech
tagging, and morphological analysis become considerably more challenging for machine learning

models in Arabic NLP.|61]

Diacritics: Short vowels, often omitted in modern texts, lead to ambiguity (e.g., ;,..If can
mean “books” or “he wrote”) [8]. Dialectal Variation: Over 20 Arabic dialects differ significantly
from Modern Standard Arabic (MSA), hindering model generalization [61].

Limited resources exacerbate these issues. Arabic datasets for training NLP models are
smaller than English ones, reducing performance . Recent efforts, like AraBERT, adapt trans-

former models to Arabic, but dialectal coverage remains sparse .[63|

2.5.5 The Role of NLP in Handwriting Recognition Systems:

Handwriting recognition systems convert handwritten text into digital formats, relying heavily

on NLP for post-processing . Optical Character Recognition (OCR) extracts characters, but
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NLP corrects errors and interprets context . For example, in Arabic handwriting, distinguishing

between similar characters (e.g., & and &) requires contextual analysis, which NLP provides

via language models [64].

NLP techniques like N-gram models predict likely word sequences, improving recognition ac-

curacy . Deep learning models, such as Recurrent Neural Networks (RNNs), integrate OCR and

NLP to process entire lines of text . In applications like digitizing historical Arabic manuscripts,

NLP ensures semantic coherence .

2.5.6 Techniques in Natural Language Processing:

Techniques in Natural Language Processing (NLP) Several fundamental techniques are widely

used in NLP, including;:

e Tokenization: Dividing text into individual units such as words, phrases, or other mean-

ingful components.

Part-of-Speech Tagging (POS):Determining the grammatical roles of words, such as

nouns, verbs, adjectives, etc.

Named Entity Recognition (NER): Identifying and classifying entities within text,

including names of people, locations, organizations, and dates.

Word Embeddings: Encoding words into continuous vector representations that cap-

ture semantic meaning (e.g., Word2Vec, GloVe).

Transformer Models: Advanced models like BERT and GPT that utilize attention

mechanisms to process large-scale text data and generate context-aware representations. |65]

2.6 Related Work on Arabic Handwriting Recognition

Afafe Lahreche (2019) [66], proposed a model for recognizing Arabic handwritten char-
acters using a Convolutional Neural Network (CNN) and TensorFlow. The dataset used
contained 16,800 handwritten characters, divided into a training set (13,440 images) and
a test set (3,360 images).The model was implemented using Google Colab and included
convolutional layers, max-pooling, normalization, fully connected layers, and dropout lay-
ers. The best accuracy of 93% was achieved using the ReLU activation function with the
SGD optimizer, highlighting the effectiveness of this configuration for Arabic character

recognition.1
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e Mahdi et al. (2023) [67] proposed a hybrid model for recognizing handwritten Arabic char-
acters that combines deep learning techniques with the concept of Neutrosophic Sets, a
powerful approach for handling uncertain or inconsistent data. The model first transforms
images into the neutrosophic domain, then passes them through a Convolutional Neural
Network (CNN) to extract spatial features. This is followed by a Bidirectional Recurrent
Neural Network (Bi-LSTM or Bi-GRU) to capture the temporal and contextual features
of the handwritten script.The model was tested on two datasets: e Hijja, a dataset of
handwritten characters collected from children, @ and AHCD (Arabic Handwritten Char-
acter Dataset). The model achieved an accuracy of: e 92.38% using Bi-LSTM on the
Hijja dataset, e and 97.38% using Bi-GRU on the AHCD dataset, surpassing previous

models in the field without the need for explicit segmentation of characters.

e In their study, the authors [68|of emphasized the pivotal role of the feature extraction
stage in Arabic OCR systems, pointing out that it remains a key challenge in the devel-
opment of robust recognition models. They proposed a hybrid approach that integrates
multiple models, each equipped with distinct feature extraction techniques, to enhance
the overall recognition performance. This ensemble strategy led to an impressive recogni-
tion accuracy of 99.88% on the IFN/ENIT dataset [14]. Nevertheless, a notable limitation
of this work is its restricted evaluation scope—limited to only 100 word classes—making
it less generalizable. For more comprehensive solutions, a shift toward character-level pro-
cessing, such as segmentation-based methods, is considered more scalable and effective

than relying solely on filtered feature extraction.

e Elsayed et al.[69] (2024) proposed a recent model for Arabic handwritten text recognition
that combines EfficientNetB3 with BiLSTM and a Multi-Head Attention mechanism.
The model adopts a hybrid CNN-RNN architecture, where features are extracted using
EfficientNetB3 and sequentially processed through three BiLSTM layers. The attention
mechanism enhances focus on different parts of the input, while a CTC layer aligns input
and output sequences without the need for character segmentation. The model achieved
remarkable results, with a Character Error Rate (CER) of 17.26% on the KHATT dataset
and 0.28% on the AHAWP dataset, outperforming previous models such as MDLSTM
and Transformer-based architectures. However, the model remains limited by the scope of
training data and lacks the ability to handle long texts or understand linguistic context,

suggesting room for future improvements.
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e Mustafa, M. E. and Elbashir, M. K.|70] proposed a model for handwritten Arabic name
recognition using Convolutional Neural Networks (CNNs) and a holistic approach that
avoids segmenting words into individual characters. They used the SUST-ARG dataset,
which contains 40,000 images of Arabic names. However, experiments were limited to 20
common male names, representing over 50% of the student names. The model architecture
includes four convolutional layers, two max pooling layers, and two dense layers, utilizing
ReLU and Softmax activation functions. The model achieved an accuracy of 99.14%
using 10-fold cross-validation. Despite the high accuracy, the model’s generalizability is
limited by the small number of classes and its sole reliance on the holistic approach, which

requires integration with an analytic method to handle uncommon names.

e El-Melegy et al [71]. proposed a deep convolutional neural network (CNN) model for
the recognition of Arabic handwritten literal amounts, as an alternative to traditional
methods based on handcrafted features. The model was applied to the AHDB dataset,
which consists of 50 classes written by 100 writers, with a total of 4,971 samples. The
data was split into 80% for training and 20% for testing. The proposed network comprises
17 layers, including convolutional, batch normalization, max pooling, and fully connected
layers, ending with a Softmax classification layer. Initial experiments yielded an accuracy
of 82.7%, but the researchers identified overfitting issues. To address this, they tuned
hyper parameters such as the L2 regularization and the number of epochs, and applied
data augmentation techniques using random rotations and translations. These adjust-
ments significantly improved the model’s performance, achieving an accuracy of 97.8%.
When compared with classical approaches, the CNN model demonstrated clear superior-
ity, achieving 100% accuracy on 25 classes, with only 34 misclassified samples out of 994

in the test set.

e Ghanim et al|72|. conducted a comparative study to evaluate the performance of various
deep convolutional neural network (DCNN) models in Arabic handwritten text recog-
nition using the IFN/ENIT dataset. The methodology included three stages: match-
ing using the HAC clustering algorithm to group visually similar words, ranking to re-
duce the number of candidate classes, and final classification using six DCNN models:
AlexNet, VGG16, GoogleNet, ResNet50, ResNeXt, and DenseNet. The results showed
that AlexNet outperformed the other models, achieving an accuracy of 95.6%, despite
being shallower than the others. This challenges the assumption that deeper models al-

ways perform better, especially when working with relatively small datasets. However,
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the study has some limitations, such as its reliance on the accuracy of the clustering
and ranking stages, and the need for further experiments on diverse datasets to ensure

generalizability.

Rabi et al [73] . proposed a hybrid model combining Convolutional Neural Networks
(CNN) and Hidden Markov Models (HMM) for offline Arabic handwritten word recog-
nition using the IFN/ENIT dataset. The model employs CNN as an automatic feature
extractor from word images, replacing handcrafted features, and uses HMM for the classi-
fication process. Experiments were conducted on two standard evaluation scenarios (“abc-
d” and “abced-e”), where the proposed model achieved recognition accuracies of 88.95%
and 89.23%, respectively, outperforming the baseline HMM system that relies on man-
ually designed features. The results demonstrate the effectiveness of the approach and
the ability of CNN to extract salient and discriminative features. However, the general-
izability of the model remains limited, and the achieved accuracy may still fall short for
real-world applications, suggesting that future work should explore integrating statistical

language models to further enhance recognition performance.

Khosravi and Chalechale (2022) [74]proposed a novel hybrid model called AECNN for
recognizing Persian and Arabic handwritten words by combining Convolutional Neural
Networks (CNN) with Autoencoder networks. The model is based on segmenting words
into subword units, extracting features using an Autoencoder, and classifying them using
a CNN, followed by a dedicated merging algorithm that reconstructs the final word based
on a subword dictionary. The model was evaluated on the Iranshahr dataset, which con-
tains 17,000 images of handwritten names of 503 Iranian cities. It achieved an accuracy of
91.09%, outperforming the standalone CNN model by 3%. The subword merging mech-

anism played a significant role in correcting a considerable number of misclassifications.

Zermi et al. (2007) [75] proposed a hybrid model for recognizing Arabic handwritten
words by combining Hidden Markov Models (HMM) with Artificial Neural Networks
(ANN). The model aims to leverage the temporal modeling capabilities of HMM alongside
the classification strength of ANN. Experimental results showed that the hybrid model
outperformed the individual use of HMM or ANN, particularly in handling the cursive
nature of Arabic script. However, the study lacks evaluation on standard benchmark
datasets and does not incorporate modern deep learning techniques, which have since

proven to be more effective.
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e Alabodi and Li |76] proposed an efficient system for recognizing offline Arabic handwritten
words without relying on deep learning techniques. The approach is based on analyzing
the geometric structure of letters and converting them into numerical vectors. The system
begins with a skeletonization stage, followed by skew correction and the transformation
of diagonal pixels into horizontal and vertical lines. These are then encoded into vectors
representing each character and matched against a manually constructed reference dictio-
nary.The system was evaluated on the IFN/ENIT dataset using 1300 images for training
and 860 for testing, achieving an accuracy of 93.7% on the training set and 93.1% on the
test set. The method proved effective in handling the complex segmentation challenges
of Arabic script and demonstrated the potential for generalization to other languages.
However, it remains limited by its reliance on a fixed encoding table and the absence of

modern techniques that could further enhance its performance.

e Abdelkarim Mars and Georges Antoniadis [77]proposed an Arabic online handwriting
recognition system using neural networks, combining a Time Delay Neural Network
(TDNN) and a Multi-Layer Perceptron (MLP). The system was trained on a custom-
built dataset that includes 6090 handwritten characters and 1080 handwritten words,
collected using a digital pen (Nokia SU-1B) on Anoto paper with a resolution of 677 dpi
and a sampling rate of 100Hz. The approach involved several stages including prepro-
cessing (noise removal, slant correction), feature extraction (7 features per point such as
normalized coordinates, direction, curvature, and pen state), segmentation, and classifica-
tion. The TDNN was used to compute the probability of sequences of characters forming
a word.The model achieved 98.5% accuracy on character recognition and 96.9% on word
recognition, outperforming the commercial MyScript system, which achieved 90.3% and
88.9% respectively. However, some errors were noted due to diacritics (e.g., shadda, long

alif), overlapping strokes, and character omission during writing.

2.7 Conclusion

This chapter concludes an exploratory journey through the scientific and technical dimensions
of Arabic handwriting recognition, highlighting the intricacies of Arabic script and the role
of advanced technologies in addressing these complexities. The foundations of digital image
processing, deep learning architectures, and natural language processing mechanisms were ex-

amined, contributing to a deeper understanding of the challenges and potential solutions. Prior
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studies showcased notable achievements but underscored the ongoing need for an innovative
approach that effectively balances both visual and linguistic contexts. This integrated un-
derstanding sets the stage for Chapter 3, which focuses on detailing the hybrid framework
composed of Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNN), and

n-gram models for enhancing the accuracy of recognizing handwritten Arabic words.
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Methods Used in the Model
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3.1. INTRODUCTION

3.1 Introduction

Building on the foundational concepts established in previous chapters, this chapter presents a
hybrid framework designed to enhance the accuracy of handwritten Arabic word recognition.
The framework integrates three core components: Long Short-Term Memory (LSTM) networks,
Convolutional Neural Networks (CNNs), and n-gram language models. LSTM networks model
sequential dependencies in handwritten word sequences, leveraging their capacity to capture
long-term contextual relationships. CNNs extract robust spatial features from word images,
enabling effective representation of visual patterns. Complementing these, n-gram models in-

corporate statistical linguistic patterns to improve word prediction accuracy.

3.2 Convolutional Neural Networks:

Convolutional Neural Networks (CNNs) are a specialized subset of deep learning algorithms
within the machine learning taxonomy, as shown in Figure 1 |78]. First introduced by LeCun
in the 1980s, they have become a cornerstone of deep learning for processing visual data, with
widespread applications in data analytics, natural language processing, and image and signal
processing. These networks have significantly advanced deep learning by effectively mimicking
the human brain’s functionality in machine learning models [79]. Inspired by the animal brain’s
visual cortex, where neurons connect to specific regions of the visual field|80], they are designed
to progressively learn visual patterns—such as edges, shapes, or objects—through multiple

layers that process data efficiently .
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3.2. CONVOLUTIONAL NEURAL NETWORKS:

Al

Con\_/olutional
Neural Networks

Figure 3.1: Relation between the terms artificial intelligence (AI), machine learning (ML), deep
learning (DL), and convolutional neural network (CNN).

3.2.1 Importance of CNN:

e Automatic Feature Extraction: CNNs learn relevant features directly from raw data,

reducing the need for manual feature engineering. [82)]

e Efficiency and Scalability: Through local connectivity and weight sharing, CNNs reduce

the number of parameters, improving training and inference speed.

e Versatility: CNNs handle various data types-images, audio, sensor signals, and even

multidimensional scientific data-making them widely applicable.|84]

e Fdge Al and Embedded Vision: CNNs enable powerful machine learning on resource-

constrained devices, expanding Al applications to edge computing.

e Improved Accuracy: CNN-based models often outperform traditional methods in tasks

like image classification, fault detection, and forecasting.
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3.2. CONVOLUTIONAL NEURAL NETWORKS:

3.2.2 CNN Architectures:

e Input Layer: This layer receives an image characterized by its height, width, and depth,

incorporating either a single channel (grayscale) or three color channels (Red, Green, and

Blue) along with their raw pixel values.|80]

Image Sample Image Data Image Tensor

0.000, 0.400, 0.851 rank: 2

1.000, 0.000, 1.000 shape: [4,3]

0.000, 0.000, 0.000 values:

0.851, 0.400, 0.000 [0 ,0.4,0.851],
[t .o0.,1 1]
0 ,0,0 ]
[0.851,0.4,0 1]]

Figure 3.2: Representation of grayscale image data as a matrix.|87|

e Convolutional layer: The convolutional layer is one of the fundamental and essential

components in the architecture of Convolutional Neural Networks (CNNs). It receives an

image as input and applies filters, commonly of size 3x3 or 5x5, as illustrated in Figure

3, to extract important spatial features from the data.|88§]

c1 51 cz SZ n n
input feature maps feature mapsfeature mapsfeature maps output
32x_32 P _28)(_28_ i)(lll__ _Exlﬂ_ . 5x5 —
N | j‘:\Y ’ \
\ e — A\ o oy
\ 1" 4 L f..; =1: - L-(_ \\ \
< A P \\ A\
5\ - \\ ke
convolution \ 22 ! st, N - I \\ > fully \
subsampling  convolution 1 22 " connected
e bameing NN N\
feature extraction classification

Figure 3.3: Convolutional layer.|88|
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ol1l1lol 1]t (Local receptive field) (filter) Output
1|0[1|l0]1|0

Input

Figure 3.4: TIllustration of the convolution operation using a 3x3 kernel over a local image
patch.[89]

Figure illustrates the basic operation of a convolutional layer in a Convolutional
Neural Network (CNN). It shows how a kernel (filter) is applied to a small region of the

input image, known as the image patch or local receptive field, to extract features and

generate an activation map.

e Input (original image): A 6 x 6 matrix representing a grayscale image. A 3 x 3 patch

is selected from the top-left corner.

e Image Patch:

e Kernel (Filter):

e Convolution Operation: The element-wise multiplication between the image patch

and the kernel is computed, followed by summation:

AIxD)+(0x2)+(1x3)+(0x4)+(1x5)+(1x6)+(1x7)+(0x8)+(1x9)

=14+0+3+0+5+6+7+0+9=31

47



3.2. CONVOLUTIONAL NEURAL NETWORKS:

e Output (Activation Map): The result 31 is placed at the corresponding position in
the output feature map. As the kernel continues sliding across the input image, similar

computations are performed to generate the full activation map.

e Pooling Layer:

Pooling Layer The pooling layer is a fundamental step that typically follows convolutional
layers. Its main purpose is to reduce the spatial dimensions of the feature maps, thereby
decreasing the number of parameters, shortening training time, and mitigating overfitting.
Pooling operations are applied independently to each feature map, reducing the height

and width while preserving the depth.

Max pooling is the most commonly used pooling technique. It selects the maximum
value within a defined window that slides over the feature map. Unlike convolutional
layers, pooling layers do not involve learnable parameters; instead, they rely on simple

mathematical operations, where the window size and stride are predefined.2

On the other hand, average pooling computes the average value within each window as

it moves across the feature map.

Max Pooling Average Pooling
29 [ 15 | 28 | 184 31 | 15 | 28 | 184
0 (100 | 70 | 38 0 100 | 70 | 38
12 | 12 T 2 12 | 12 7 =
12 | 12 | 45 6 12 | 12 | 45 6
2X2 2x2
pool size pool size

Y Y

100 | 184 36 | 80

12 | 45 12 S

Figure 3.5: Classification of pooling.

e Activation Layers(RELU):
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3.2. CONVOLUTIONAL NEURAL NETWORKS:

The ReLLU (Rectified Linear Unit) activation function is a widely used activation function
in Convolutional Neural Networks (CNNs) to introduce nonlinearity to the model. It is

mathematically defined as: f(x) = max(0,x) .

where the function takes an input value x and outputs x if the value is greater than
or equal to zero, and outputs zero if the value is negative. This property makes ReLU
computationally simple and efficient, while also helping to accelerate training and mitigate
the vanishing gradient problem that may occur with other activation functions like sigmoid
or tanh. In CNNs, ReLU is typically applied after convolutional layers to transform
the filter outputs into nonlinear representations, enabling the network to learn complex

patterns in the data.|91]

T F1E] R, 1Jo]2]o0
20014131 0[o[4]3
L [1]-2]-2]3  [ofofofo
2]4]4]2 lof4f4]2
Xact Y:lct

Figure 3.6: Example of ReLU activation function.[92]

Fully-Connected Layer: Fully-Connected Layers are a fundamental component of Con-
volutional Neural Networks (CNNs), primarily used in the final stage for classifying images
into specific categories based on training. These layers consist of weights, biases, and neu-
rons, and they work by connecting each neuron in the previous layer to every neuron in
the next layer, a process known as full connectivity.|93| The fully-connected layer receives
its inputs from the final outputs of the preceding layer, which may be an activation layer
(e.g., ReLU), a pooling layer, or a convolutional layer. The feature maps produced by the
final convolutional or pooling layer are transformed into a one-dimensional (1D) vector,
known as a flattened vector, which is then fed into the fully-connected layer (Yamashita
et al., 2018). This layer produces a vector of dimensions (N), where (N) represents the

number of categories into which the program classifies the images.[93|
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Figure 3.7: Role of Fully-Connected Layer in CNN Architecture. |\

3.3 Long Short-Term Memory (LSTM):

3.3.1 Definition:

Long Short-Term Memory (LSTM) networks, first introduced by Hochreiter and Schmidhuber
in 1997 , were designed to overcome the limitations of traditional recurrent neural networks
(RNNSs), particularly the vanishing and exploding gradient problems that impede learning long-
term dependencies in sequential data. Unlike standard RNNs, LSTM networks incorporate
memory cells that store information over extended periods, regulated by three core gates: the
input gate, output gate, and forget gate. These gates control the flow of information, allowing
the network to selectively retain or discard data based on context . This architecture
enables LSTM networks to effectively capture long-range dependencies without losing past
information or causing premature convergence, resulting in more stable and accurate training
outcomes.

LSTM networks are highly versatile, capable of processing not only single data points (such
as images) but also entire sequences of data (such as speech or video). Their ability to capture
the temporal structure of sequences makes them well-suited for a wide range of applications,
including machine translation, text generation, speech recognition, unsegmented connected
handwriting recognition, and anomaly detection in network traffic or Intrusion Detection Sys-
tems (IDS) [97]. These capabilities have established LSTM networks as a powerful tool for

handling complex sequential data across diverse domains.
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3.3. LONG SHORT-TERM MEMORY (LSTM):

3.3.2 The architecture of LSTM:

The architecture of the Long Short-Term Memory (LSTM) block, as illustrated in Figure I11.8,
enhances the memory capabilities of traditional Recurrent Neural Networks (RNNs) by incor-
porating mechanisms for selective retention and elimination of information. This is achieved
through specialized structures, namely the cell state and three regulatory gates. In contrast to
the conventional RNN, which relies solely on a hidden state, the LSTM block integrates four
additional components: the cell state (Ct), the input gate (it), the output gate (Ot), and the
forget gate (ft). These components interact in a sophisticated manner to process and generate
meaningful information from sequential training data, enabling the LSTM to effectively capture

long-term dependencies. [98|

e | LSTMCELL - - === ==-=-~ c '
et ] : ' : . - Sigmoid
— ® : :m — : > ' sig  ={,Action
I I 1 l ]
l 1 1 1 \ tanh <Tanh
: : : tanh : : anh = function
1 1 1 1 H
1 1 1 1 H
1 1 1 1 H — Point by point
1 1 1 1 H multiplication
I i 1 l :
1 f i C. | O'T | i
[ 5 [ > | [ i _ Point by point
! Sig ! Sig tanh 1 Sig i : addition
I I 1 | .
I I 1 1 L
I 11 1 I
h; o | | | b
> t —— Vector
1 tx. ] bt ] ] = connections
Forget gate saf Output Gate

Figure 3.8: LSTM Model.|99]

e Cell state:

The cell state in an LSTM (Long Short-Term Memory) is a key component that acts as the
memory of the network, allowing it to retain information over long time steps. It stores
long-term dependencies and is updated at each time step through carefully controlled
gates (input, forget, and output gates) that regulate the flow of information. This cell
state enables the LSTM to remember or forget information as needed, which helps in

modeling sequences with long-range dependencies. [100]

More specifically, the cell state carries the accumulated information, and its stability or
change determines how much precision or attention the network gives at each time step.
When the cell state changes significantly, the network requires higher precision; when it

remains stable, lower precision suffices.|101]
e Forget Gate:
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3.3. LONG SHORT-TERM MEMORY (LSTM):

The forget gate determines which components of the previous cell state, ¢;_1, to retain
or discard. It applies a sigmoid activation function, o, to produce an output vector,
ft € [0, 1], where values near 1 indicate retention and values near 0 indicate removal. The

forget gate’s output is computed as [102]:

ft = U(Wf ’ [ht—lvxt] + bf)7 (31)

where W; is the weight matrix, by is the bias, h;—; is the previous hidden state, and x; is

the current input. The filtered cell state, ¢y, is obtained via element-wise multiplication:

Cr = Cyg—1 ® ft- (32)

Input Gate

The input gate controls updates to the cell state by determining the extent and nature
of new information to incorporate. It consists of two functional units. The first uses
a hyperbolic tangent (tanh) activation to generate a candidate cell state, ¢, € [—1,1],
calculated as [102]:

¢ = tanh(We - [hy_1, 4] + be). (3.3)

The second unit employs a sigmoid activation to produce a modulation vector, m; € [0, 1],

which governs the magnitude of the update:

my = (Wi, « [he—1, ] + bin). (3.4)

The updated cell state, ¢;, is computed by combining the filtered state and the modulated
candidate state:

C = Cf + 615 @ my. (35)
Output Gate

The output gate generates the hidden state, h;, which serves as the output for the current
time step and input for the next. It uses a sigmoid activation to select relevant information

from the concatenated previous hidden state and current input [102]:

or =Wy - [h_1, 2] + b,). (3.6)

52



3.4. N-GRAM MODEL

The final hidden state is obtained by combining this output with the updated cell state,
applying a tanh activation:

ht =0 © tanh(ct). (37)

This hidden state, h;, is passed to the next time step or layer, or serves as the prediction

in a single-layer LSTM.

3.3.3 The Role of Combining CNN and LSTM in Improving Hand-

written Text Recognition Accuracy

The reason for combining CNN and LSTM networks in handwritten text recognition is to

leverage the strengths of each to achieve better performance, as:

CNN (Convolutional Neural Network) is capable of extracting spatial features from images, such
as patterns and the general shape of letters and symbols, which is crucial for understanding

the details of handwritten text.

LSTM (Long Short-Term Memory) specializes in processing sequential and temporal data,
which helps capture the temporal order or sequence in handwriting, such as the strokes or the

order of letters and words.

Therefore, combining CNN and LSTM allows the model to first extract spatial features from
the image via CNN, then process the temporal sequence or context through LSTM, improving

the accuracy of handwritten text recognition.

This combination is also used in other fields like sign language recognition or mixed text recogni-
tion, as it combines the power of CNN in feature extraction with LSTM’s ability to understand

temporal context.

3.4 N-Gram Model

Word n-grams are defined as contiguous sequences of n words that appear adjacent to each
other in a given text. This technique is widely used in Natural Language Processing (NLP) to
model linguistic context and analyze text statistically.

Word n-grams have shown high effectiveness in various NLP applications, such as next-
word prediction, speech recognition, handwriting recognition, augmentative communication for

individuals with disabilities, and spelling error detection.[103|
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N-gram matching has achieved notable success in handling noisy textual input across various

domains, such as:
e Interpreting postal addresses
e Text information retrieval
e Various applications in natural language processing

The main advantage of this type of matching lies in its very nature: Since each string is
broken down into small segments, any errors present affect only a limited number of those

segments, while the rest remain intact.[104]

3.4.1 Typed n-grams

We briefly recall the notion of typed character n-grams (in short, typed n-grams). The category
and supercategory of an n-gram depend on its content and position within a word or sentence.
We can distinguish between affix, word, and punct supercategories, reflecting morpho-syntax,
document topic, and the author’s style, respectively. Within each supercategory, we can further
distinguish fine-grained categories.

Within the affix supercategory, prefix and suffix categories denote n-grams that are proper
prefixes and proper suffixes of words, while the space-prefix and space-suffix categories denote
n-grams that begin or end with a space, respectively.

Categories in the word supercategory (whole-word, mid-word, multi-word) are assigned to
n-grams covering an entire word, the non-affix part of a word, or spanning multiple words,
respectively.

The specific categories of the punct supercategory (beg-punct, mid-punct, end-punct) are

assigned to n-grams containing one or more punctuation characters.

3.4.2 Conclusion

To conclude, this chapter presented the architectures of the Convolutional Neural Network
(CNN) and the Long Short-Term Memory (LSTM) network, highlighting their roles in Ara-
bic handwritten word recognition. It also introduced the N-gram correction mechanism as a
linguistic post-processing step to refine recognition results. This combination of visual and lin-
guistic components provides a solid foundation for the experimental implementation discussed

in the next chapter.
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Implementation and Results
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4.1. INTRODUCTION

4.1 Introduction

Following the theoretical and architectural foundations laid out in the previous chapters, this
chapter is dedicated to the practical implementation of the proposed hybrid model. It details
the setup of the working environment, data preparation, model training, and prediction stages.
The chapter also presents the experimental results and provides an initial analysis of the model’s
outputs to evaluate its responsiveness to the intended objectives. This practical phase serves

as a key step in transitioning from theory to a functional, scalable prototype.

4.2 Work Environment

4.2.1 Kaggle

Kaggle is primarily used as a platform for data science and machine learning competitions,
where individuals and organizations collaborate to solve complex data problems. Kaggle facil-
itates the exchange of data and knowledge by hosting datasets, organizing competitions, and
providing a collaborative environment for problem-solving.

Kaggle also serves as a rich repository of machine learning code and interactive notebooks,
which support continuous learning and development in the field of data science.

In this work, I used two T4 GPUs (GPU T4 x2) to accelerate the training process of the
model, due to the high performance of these processors in executing deep learning tasks and

their enhanced efficiency in handling large volumes of data.

4.2.2 Python language:

Python version 3.11.12 was used in this project.

Python is a high-level, open-source programming language known for its clear syntax and
ease of use. It supports multiple programming paradigms and runs across various platforms
including Windows, macOS, and Unix. Python is widely used in fields such as web development,
data science, and artificial intelligence. Its flexibility and large ecosystem of libraries make it a

preferred language for rapid development and research.|[105]
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4.2. WORK ENVIRONMENT

4.2.3 The used python libraries:

e OS: The os library in Python is a standard module that provides an interface for interact-
ing with the operating system. This library offers a wide range of functions for managing

files, directories, processes, and system-related commands.

e TensorFlow: TensorFlow is an open-source library developed by Google for machine
learning. It supports training neural networks to classify handwritten characters, process

images, and handle natural language efficiently.

e OpenCV

OpenCV is a comprehensive open-source library widely used in the fields of computer vi-
sion, machine learning, and image processing. It plays a critical role in enabling real-time
operations, which are essential in modern computing systems. Through OpenCV, it is
possible to process images and videos for tasks such as object detection, facial recognition,

and handwriting analysis.

e Keras: Keras is a free and open-source library in Python that is known for its power and

ease of use in developing and evaluating deep learning models.|105]

e Matplotlib: Matplotlib is a Python library that enables the creation of static, animated,

and interactive visualizations.[105|

e Python-Levenshtein Module: The Python-Levenshtein package provide fast and easy
python code access to the Levenshtein algorithm to perform operations on string. It is
highly optimized and is comparability faster than other Python implementation because

it is implemented using the C extension.[106|

e NumPy: NumPy is a fundamental Python library for scientific computing, providing
support for multidimensional arrays along with fast and efficient functions for mathemat-
ical and logical operations, shape transformations, linear algebra, statistics, and random

simulations.|105]

4.2.4 Data Sets Used:

The dataset used in this project is the AHDB (Arabic Handwritten Database), developed
by Somaya Al-Ma’adeed, Dave Elliman, and Colin Higgins. It consists of images of

Arabic words handwritten by 100 different writers to ensure a diversity of writing styles. The
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set includes 6,615 images representing 63 distinct words. Each category corresponds to
a specific word, a concept known as Class to Word, and each image is associated with its
corresponding class, known as Class to Image. The images are stored in TIFF format,
ensuring high quality and clarity of handwriting details, making this database highly suitable

for training and evaluating Arabic handwritten word recognition models in this project.

\}-9‘\ A

"Q\A:Q ”’\“'L

G. . - ‘
| VR WX O_J.)

Figure 4.1: Examples of handwritten Arabic words extracted from the dataset used in this
study.
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4.2.5 Local Device Information

For tasks related to data preparation, debugging, and project management, a personal laptop

was used with the following specifications:

e Device: Lenovo Laptop
e Operating System: Windows 7 (Edition Intégrale)
e Processor: Intel(R) Celeron(R) CPU N3060 @ 1.60GHz

e RAM: 4GB
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4.2.6 Workflow Diagram of Arabic Handwritten Word Recognition
Using CNN-LSTM and Linguistic Correction)
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Figure 4.2: Diagram of Arabic Handwritten Word Recognition
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4.3 Implementation Steps

4.3.0.1 Input Processing: Image Slicing

e Each image is divided into 32 slices (NUM _SLICES=32).
Reason: The choice of 32 slices is based on the average number of characters in Arabic
words in the dataset and the image width. This number provides a balance between
fine-grained slicing to capture parts of characters or complete characters and reducing
computational complexity. The 32 slices can accommodate most words containing up to

10-15 characters, with additional slices for spaces or elongated characters.

e Each slice has a width of 8 pixels and a height of 64 pixels.
Reason: A width of 8 pixels is sufficient to capture a part of a character or a complete
character in Arabic text, which is often connected and requires limited horizontal resolu-
tion. The height of 64 pixels ensures the capture of vertical features of Arabic characters
(e.g., dots, loops) while maintaining a size suitable for processing by convolutional neural

networks (CNNs), reducing memory usage.

e This slicing allows the image to be analyzed as a sequence of slices, where
each slice may contain a part of a character or a complete character.
Reason: Analyzing the image as a sequence of slices aligns with the right-to-left nature of
Arabic text, enabling the model (LSTM) to understand sequential relationships between
characters. This approach is suitable for text recognition in images, where each segment

may contain information about a character or part thereof.

4.3.0.2 Preprocessing

e The image is converted to grayscale to reduce dimensionality.
Reason: Converting the image to grayscale reduces the number of color channels from 3
(RGB) to 1, decreasing computational complexity and memory usage by approximately
two-thirds. Arabic text relies primarily on contrast between characters and the back-

ground, making color information unnecessary for character recognition.

e The image is resized to a height of 64 pixels while maintaining the aspect
ratio.
Reason: Resizing to a height of 64 pixels standardizes all images in the dataset, facilitating

processing by the neural network. Maintaining the aspect ratio prevents distortion of

61



4.4. CNN+LSTM

Arabic characters, which depend on their geometric shapes (e.g., curves, dots) for accurate

recognition.

e Pixel values are normalized by dividing by 255 to range between 0 and 1.
Reason: Normalization transforms pixel values from [0, 255] to [0, 1], improving neural
network training performance by accelerating convergence with optimizers like Adam and

reducing the impact of large pixel value variations.

e A matrix with dimensions (32, 64, 8, 1) is produced, where 32 is the number
of slices, 64x8 is the size of each slice, and 1 is the channel (grayscale).
Reason: These dimensions align with the neural network architecture (CNN-+LSTM),
allowing each slice to be processed independently by the CNN, followed by sequence
analysis by the LSTM. The single channel reflects the use of grayscale images.

4.4 CNN+LSTM

4.4.1 Convolutional Neural Network (CNN)

The convolutional neural network (CNN) is applied independently to each slice using the
TimeDistributed layer, enabling parallel processing of the 32 slices. (To process each slice
uniformly.) The CNN architecture is designed to extract robust visual features from each slice

to identify patterns associated with characters. The network consists of the following layers:

e Conv2D Layer (32 filters): Utilizes a 3x3 kernel with ReLU activation and padding="‘same’
to extract low-level features such as edges and patterns. (32 filters: Sufficient for simple

edges without complexity.)

e MaxPooling2D Layer: Employs a 2x2 pool size to reduce spatial dimensions while

preserving important features. (2x2 pooling: To reduce size and speed up processing.)

e Conv2D Layer (64 filters): Uses a 3x3 kernel with ReLU activation to extract deeper

features. (64 filters: For more complex patterns.)

e MaxPooling2D Layer: Further reduces spatial dimensions. (2x2 pooling: To reduce

size and speed up processing.)

e Flatten Layer: Converts the feature map into a vector. (Prepares data for dense layer.)
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e Dense Layer (128 units): Applies ReLU activation to reduce the dimensions to a

feature vector of size 128. (Summarizes features compactly.)

e Output: The output of the CNN is a feature vector of shape (32, 128), where each of

the 32 slices is represented by a 128-dimensional feature vector. (Matches LSTM input

needs.)
: pooled Fully-connected 1
feature maps pooled eature maps  feature maps
feature maps °
r r/’mym
I . (O}
I r o ©®
o ©
I I o ©
I (©)
©)
Outputs
Input Convolutional Pooling 1 Convolutional  pooling2 *
layer 1 layer 2
Figure 4.3: CNN Architecture

After receiving the CNN output in the shape (batch_size, 32, 128), the LSTM layer begins

to operate as follows:

e Input: Consists of a sequence of 32 slices, with each slice containing 128 features. (32

slices, 128 features: Matches CNN output.)

¢ Bidirectional LSTM Layer: Contains 64 units, reads the sequence in both directions
(forward and backward) using return_sequences = True, and produces (batch_size,
32, 128) with enhanced context. (64 units: Sufficient for sequence modeling; Bidi-
rectional: Understands Arabic text order; return_sequences = True: Outputs for all

slices.)

e Output: A sequential representation used later for character prediction. (Prepares for

character classification.)

e LSTM helps understand the order of characters in Arabic text thanks to bidi-

rectional analysis. (Captures right-to-left context.)
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4.5 TimeDistributed Dense

4.5.1 Layer Description

The TimeDistributed Dense layer is the final layer in the model, responsible for predicting
the character present in each slice of the image. The image is divided into 32 small slices,
where each slice may contain part of a character or be empty. This layer examines each slice

individually to predict its character.

e Input: The layer receives information about 32 slices, each described by 128 features

(numbers) that represent its shape. The input shape is (batch_size, 32, 128).

e Operation: For each slice, the layer calculates the probability of each possible character
(e.g., 60% for “”, 30% for “”). The number of possible characters is num_classes (including
Arabic characters and an empty symbol). The softmax function is used to convert the

numbers into probabilities.

e Output: The layer produces a list of probabilities for each character in each slice. The
output shape is (batch_size, 32, num_classes), which is used to form the final word

after removing repeated or empty characters.

Number of Characters (num_classes) : This equals the number of unique characters in
the dataset (e.g., Arabic characters) plus an empty symbol for slices that contain no

characters, ensuring the model can predict all possible characters.

Softmax Function : It converts numbers into probabilities, making it easy for the model to

select the most likely character.
The Functions Used:

e ReLU: Transforms negative values to 0, used in Conv2D and Dense to add non-linearity

and improve learning.

e Softmax: Converts the output into a probability distribution, used in the final layer to

predict 24 characters.

e MaxPooling2D: Reduces dimensions by selecting the highest value in each 2x2 region,

used in CNN to reduce computations.
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e Flatten: Converts data into a one-dimensional vector, used in CNN to prepare data for

the Dense layer.

Model: "functiomal_1"

input_layer ( (None,

time distributed

bidirectional ( {(None,

time distributed 1 (None,
( )

Total params: (1.46 MB)
Trainable params: (1.46 MB)
Non-trainable params: (8.00 B)

Figure 4.4: Model CNN+LSTM

4.5.2 Model Training:

After building the CNN-LSTM model, the training phase was conducted using the prepared

dataset. The following settings were used during training:

e Number of Epochs: The model was trained for 10 epochs, which means it processed the
entire training set ten times. This number strikes a balance between learning performance

and avoiding overfitting.

e Batch Size: A batch size of 8 was selected. This means the model processes 8 images
at a time. This choice is suitable for systems with limited resources and helps stabilize

weight updates during training.

e Loss Function: The loss function used is categorical_crossentropy, which is appro-
priate for multi-class classification tasks. In this case, the model predicts one character

out of several possible ones for each image slice.

e Optimizer: The Adam optimizer was used, which combines the benefits of both SGD

and RMSprop. It is known for fast convergence and stable performance.

e Evaluation Metric: Accuracy was used to monitor the model’s performance during

training and validation.

e Validation: A portion of the dataset was reserved for validation. After each epoch, the
model was evaluated on unseen data to monitor generalization and avoid overfitting on

training data.
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Epoch | Accuracy | Loss | Validation Accuracy | Validation Loss
1 0.6907 1.3690 0.6991 1.2149
2 0.7115 1.0600 0.7038 1.0167
3 0.7260 0.8966 0.7133 0.9299
4 0.7389 0.7805 0.7230 0.8415
5 0.7532 0.6930 0.7312 0.7864
6 0.7766 0.6122 0.7543 0.6917
7 0.7949 0.5470 0.7592 0.6517
8 0.8113 0.4948 0.7742 0.6083
9 0.8280 0.4424 0.7973 0.5438
10 0.8400 0.4157 0.8011 0.5271

Table 4.1: Training and Validation Metrics for CNN-LSTM Model Across 10 Epochs

e Analysis of the Model Training Results:

Analysis of the model training results over 10 epochs shows a continuous improvement:
the accuracy increased from 69.07% to 84.00%, and the loss decreased from 1.3690 to
0.4157 on the training data. On the validation data, the accuracy increased from 69.91%
to 80.11%, and the loss decreased from 1.2149 to 0.5271. The model demonstrates good
performance, but there is a slight overfitting (the accuracy on the training data is higher

than on the validation data).
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4.5.2.1 Loss Curve Analysis:

Training and Validation Loss

—— Training Loss
1.2 - —— Validation Loss
1.0 4
(7]
L
S 0.8 -
0.6 4
0.4 1
2 4 <] 8 10
Epochs

Figure 4.5: Training and Validation Loss Curve Over 10 Epochs

The figure illustrates the evolution of the loss value over 10 epochs for both the training and
validation sets.

It can be observed that both the Training Loss and Validation Loss decrease progres-
sively as training advances, indicating that the model is learning properly from the data.

At the beginning of training, the loss was high (greater than 1.2), but it gradually decreased
to around 0.4 for the training set and 0.5 for the validation set.

The gap between the training and validation loss curves remained small, which indicates
that the model did not suffer from overfitting and maintained good performance on unseen

data.
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4.5.2.2 Accuracy Curve Analysis

Training and Validation Accuracy

0.84 4 — Training Accuracy
—— Validation Accuracy

0.82 1
0.80 A

0.78 -

Accuracy

0.76 -

0.74 1

0.72

0.70 A

2 4 6 8 10
Epochs

Figure 4.6: Training and Validation Accuracy Curve Over 10 Epochs

The figure illustrates the evolution of accuracy during the training process.
The accuracy of both the training and validation sets increases steadily with each epoch,
which is a positive indicator of the model’s learning progress.

Initially, the accuracy started at approximately 70%, and it gradually improved to reach:
e Around 84% on the training data
e Around 80% on the validation data

The small gap between the training and validation curves is expected and acceptable. It
indicates that the model is performing well on new, unseen data.

Conclusion: The model shows significant improvement in accuracy over time and reaches
good performance on both training and validation sets, reflecting the effectiveness of the chosen

architecture.
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4.5.3 Prediction

e The model generates a probability distribution for each slice, with shape (batch_size,

32, num_classes).

e The character with the highest probability per slice is selected using np.argmax and

mapped to characters via idx_to_char.
e Duplicate and empty characters are filtered to form the predicted word.

e Output: A predicted word per image, representing the recognized text.

4.5.3.1 Word Correction Using N-gram and Levenshtein

Overview

The correction mechanism improves the accuracy of words predicted by the CNN+LSTM model
by addressing errors such as missing or substituted characters, using an N-gram model to
evaluate character sequence likelihood and Levenshtein distance to select valid dictionary
words close to the predicted word.

Components and Process

e Dictionary: Loaded from class_to_word.txt (63 words) as a reference for correction.

e N-gram Model: Uses n = 2 to estimate character sequence probabilities, suitable for
the small dictionary size to reduce complexity. Laplace smoothing adds 1 to frequency

counts, and a 1 x 107% probability is assigned to unseen sequences for numerical stability.

e Levenshtein Distance: Measures edits (insertion, deletion, substitution) with a maxi-

mum distance of 1, fitting the small dictionary and efficiently handling simple errors.

e Correction Process: Retains the predicted word if in the dictionary; otherwise, selects
a word within distance 1 based on the highest N-gram score, or keeps the original if no

candidates exist.

4.6 Before and After N-gram Correction

4.6.0.1 Evaluation Metrics
The following metrics are used to evaluate the system’s performance:
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e Exact Match Accuracy: The proportion of words predicted exactly correctly. This is

a stringent measure of word-level accuracy.

e Character Error Rate (CER): The number of character insertions, deletions, and
substitutions needed to correct the predicted text, normalized by the total number of

characters in the ground truth. Lower CER indicates better performance.

e Character Precision: The proportion of correctly predicted characters out of all pre-

dicted characters.

e Character Recall: The proportion of correctly predicted characters out of all actual

characters in the ground truth.

e Character F1 Score: The harmonic mean of Character Precision and Recall, balancing

both measures.

In this section, we present a detailed analysis of the model’s performance before and after
applying the N-gram correction mechanism. The correction process was applied to the outputs

of the base CNN-+LSTM model, and the results are summarized below.

4.6.1 Quantitative Comparison of Results

Metric Before N-gram | After N-gram
Total Number of Words 611 611
Correctly Predicted Words 92 237
Exact Match Accuracy 0.1506 0.3879
Character Error Rate (CER) 0.3492 0.3201
Character Precision 0.8142 0.7361
Character Recall 0.6741 0.7234
Character F1 Score 0.7376 0.7297

Table 4.2: Model performance comparison before and after applying N-gram correction.
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Exact Match Char Precision Char Recall Char F1

Figure 4.7: Model Evaluation Metrics Before N-gram Correction

mm Before N-gram
W After N-gram (corrected)

0.05

0.000 0.000

0.00 Exact Match Accuracy Character Error Rate Character F1 Score

Figure 4.8: Evaluation Metrics Before and After N-gram Correction

4.6.2 Results Analysis

The application of N-gram correction led to a significant improvement in word-level accuracy:

e The number of correctly predicted words increased from 92 to 237, representing an im-

provement of approximately 157.6%.

e Exact Match Accuracy rose from 15.06% to 38.79%, indicating better full-word predic-

tions.

e The Character Error Rate (CER) decreased from 34.92% to 32.01%, showing that fewer

character-level mistakes remained after correction.
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Although character precision slightly decreased (from 81.42% to 73.61%), character recall
improved (from 67.41% to 72.34%), suggesting the corrected model captures more correct

characters overall.

The Character F'1 Score remained relatively stable, reflecting a balanced performance.

4.6.3 Additional N-gram Impact Statistics

Total number of words processed: 611
Correct words before N-gram: 92

Correct words after N-gram: 237

Number of words modified by N-gram: 484
Errors successfully corrected by N-gram: 145
Correct words turned incorrect: 0

Errors changed to other incorrect words: 339

Epoch 8/18 &
751/751 ———— 15s 21ms/step - accuracy: ©.828@ - loss: ©.452@ - val_accuracy: @.

7948 - val_loss: ©.5389

Epoch 9/10

751/751 ————  15s 20ms/step - accuracy: ©.8468 - loss: ©.3967 - val_accuracy: 6.

7977 - val_loss: ©.5395

Epoch 18/18

751/751 ————— 16s 21ms/step - accuracy: ©.8621 - loss: ©.3621 - val_accuracy: 8.

8155 - val_loss: ©.4928

original: % » Corrected: 3l

Original: O30 5 Corrected: (26

Original: [&84 + Corrected: (s20

Original: &3 » Corrected: &30

Original: (25 » Corrected: <26

Original: ¢ » Corrected: o34

Original: us38 » Corrected:

Original: gg3 » Corrected: st

Original: o#30 5 Corrected: (526

Original: O30 5 Corrected: (50

Original: os* - Corrected: &G

Original: ¢s$25 -+ Corrected: (os20

Original: ¢3¢ - Corrected: o0
S0
6

Original: u#36 > Corrected: (st
Original: o6 - Corrected: (gt
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Original: g3 - Corrected: (s
Original: (i« - Corrected: (fiw
Original: (z»= - Corrected: gy
Original: (ze - Corrected: (s
Original: (s -5 Corrected: (e
Original: (i -+ Corrected: ic
Original: (2= - Corrected: (piyic
Original: gysse - Corrected: (s
Original: ¢z »c - Corrected: (e
Original: 3 ic » Corrected: & ic
Original: g» - Corrected:
Original: (e - Corrected: (s =e
Original: gs»e - Corrected: (e
Original: (p»ie = Corrected: (pyic
Original: (g e -+ Corrected: (xme
Original: (= = Corrected:
Original: (g s » Corrected: (e
Original: (2 > Corrected: (jric
Original: si= = Corrected: s
Original: (#srie - Corrected: (3o
Original: (g sz » Corrected: (uiyec
Original: gs»c - Corrected: osyic
Original: ¢! » Corrected: 2al

e Some test results of the model are presented, where "Original" represents the predictions
of the CNN+LSTM model, while "Corrected" refers to the corrections made by the N-

gram mechanism to the model’s predictions.

4.6.4 Conclusion

The results clearly demonstrate that N-gram post-correction significantly enhances the model’s
performance at the word level. This improvement is especially valuable in the context of hand-
written Arabic word recognition, where full-word accuracy is crucial. The correction module
complements the CNN+LSTM model effectively, offering a substantial boost in practical us-
ability.
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(General Conclusion:

At the conclusion of this thesis, it is important to emphasize that the primary goal of this work
was to develop a prototype model for recognizing Arabic handwritten words using a hy-
brid framework that integrates Deep Learning (CNN-LSTM) and Natural Language Processing
(NLP) techniques, with a correction mechanism based on N-gram models. The focus was delib-
erately placed on recognizing words only, without extending to full sentences or paragraphs,
as part of an initial experimental effort to evaluate the effectiveness of the proposed approach.

The obtained results were promising, with the model achieving an accuracy of approxi-
mately 84%, demonstrating its potential despite the complex challenges of Arabic handwriting,
such as connected letters, multiple letter forms, and diverse handwriting styles.

Although the model is still in its early stages, it represents a first step toward building a
comprehensive system for Arabic handwritten text recognition. Throughout this study, several
methods and configurations were explored in order to enhance performance, which provided
deeper insights into the practical challenges of this domain.

There is significant room for future improvement (amélioration future), including ex-
panding the scope of the input data, enabling recognition of full sentences, and integrating more
advanced language models (such as Transformers). Such developments could further improve
the system’s accuracy and contextual understanding, making it more suitable for real-world

applications in areas such as education, digital archiving, and historical manuscript processing.
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