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Abstract

Image captioning, which aims to generate natural language descriptions for images,
represents a major challenge at the intersection of computer vision and natural language
processing. While significant advances have been made for English, Arabic image
captioning remains underexplored, largely due to the lack of dedicated datasets and the
complexity of the Arabic language.

In this thesis, we present an Arabic image captioning model based on an encoder-
decoder architecture, combining the VGG16 convolutional neural network for image
feature extraction with a Long Short-Term Memory (LSTM) network for sentence
generation. To address the lack of Arabic resources, we constructed a new dataset by
translating and refining existing English image caption datasets of flickr8K.

The proposed model was trained and evaluated on this dataset. By indicating its
ability to generate relevant and coherent Arabic captions. These results highlight the
potential of deep learning approaches to advance Arabic image captioning and

contribute to bridging the resource gap for Arabic in the field of image understanding.

Keywords: Image Captioning, CV, NLP, CNN, RNN, LSTM, VGG16, Al, Deep
learning, Machine Learning, Evaluation, BLUE, AraBERT



Résumeé

La Iégende d'image, qui vise a générer des descriptions en langage naturel pour les
images, représente un défi majeur a l'intersection de la vision par ordinateur et du
traitement du langage naturel. Bien que des avancées significatives aient été realisees
pour l'anglais, la légende d'images en arabe reste peu explorée, principalement en raison

du manque de jeux de données dédiés et de la complexité de la langue arabe.

Dans cette thése, nous présentons un modele de l1égende d'image en arabe basé sur
une architecture d'encodeur-décodeur, combinant le réseau de neurones
convolutionnels VGG16 pour I'extraction des caractéristiques d'image avec un réseau
de mémoire a long et court terme (LSTM) pour la génération de phrases. Pour remédier
au manque de ressources arabes, nous avons construit un nouveau jeu de donnees en
traduisant et en affinant des jeux de données de Iégendes d'images en anglais existants
de flickr8K.

Le modele proposé a été entrainé et évalue sur cet ensemble de données. En
indiquant sa capacité a générer des légendes en arabe pertinentes et cohérentes. Ces
résultats soulignent le potentiel des approches dapprentissage profond pour faire
avancer la legende d'images en arabe et contribuer a combler le fossé des ressources

pour l'arabe dans le domaine de la compréhension des images.

Mots-clés: Legende d'image, CV, NLP, CNN, RNN, LSTM, VGGI16, IA,
Apprentissage profond, Apprentissage automatique, Evaluation, BLUE,
AraBERT
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Abbreviation

2D = Two-Dimensional

3D = Three-Dimensional

Al = Artificial Intelligence

Al (lllustrator) = Adobe Illustrator

ANN = Avrtificial Neural Network
BLEU = Bilingual Evaluation Understudy
BMP= Bitmap Image File

CDR = CoreIDRAW

CMYK = Cyan, Magenta, Yellow, Black
CNN = Convolutional Neural Network
CV = Computer Vision

DL = Deep Learning

EPS = Encapsulated PostScript

FDD = Feedforward Deep Network
GAN = Generative Adversarial Network
GIF = Graphics Interchange Format
GPS = Global Positioning System

GRU = Gated Recurrent Unit

GPU = Graphics Processing Unit

IA = Artificial Intelligence

ILSVRC = ImageNet Large Scale Visual Recognition Challenge

JPEG = Joint Photographic Experts Group



LSTM = Long Short-Term Memory

ML = Machine Learning

MSA = Modern Standard Arabic

MSCOCO = Microsoft Common Objects in Context
NLP = Natural Language Processing

PDF = Portable Document Format

PNG = Portable Network Graphics

RGB = Red, Green, Blue

RNN = Recurrent Neural Network

VGG16 = Visual Geometry Group 16

SVM = Support Vector Machines
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General Introduction

General Introduction

In recent years, the integration of computer vision and natural language processing
has led to significant advances in the field of image captioning, where machines
automatically generate descriptive sentences for images. This technology plays a
crucial role in various applications, including aiding visually impaired individuals,

enhancing image retrieval systems, and supporting automated content generation.

Although image captioning has been extensively explored for languages like
English, research in this area for the Arabic language remains limited. Arabic, despite
being one of the most widely spoken languages globally, presents unique challenges
for natural language generation. Its rich morphology, complex grammatical structures,
and the presence of numerous dialects make the task even more complex. One of the
main obstacles facing Arabic image captioning is the lack of large, high-quality datasets
comparable to those available for English, such as MS COCO or Flickr30k. To
overcome this limitation, in this work, we created our own Arabic image captioning
dataset by applying automatic translation to an existing English dataset, followed by

human verification and correction to ensure linguistic quality and accuracy.

This thesis focuses on building and evaluating deep learning models capable of
generating accurate and meaningful Arabic descriptions for images, thus contributing
to bridging the gap in resources and research for Arabic image captioning.

We organised this thesis in four chapters:

e The first chapter introduces the fundamental concepts of image processing,
along with its main techniques and applications.

e The second chapter focuses on artificial intelligence, specifically deep learning
and neural networks, with particular emphasis on CNN and RNN architectures
used in computer vision and natural language processing tasks.

e The third chapter provides a detailed overview of the image captioning task,
presenting existing approaches, commonly used models, and the specific
challenges related to the Arabic language.

The fourth chapter presents the experimental results obtained, discusses the

performance of the proposed model, and analyses its limitations and possible
improvements.
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I.1. Introduction

In the digital era, images have become essential tools for communication and
analysis across various fields, including artificial intelligence, medical imaging, and
multimedia applications. A digital image is a numerical representation of visual
information, analysed and stored in a format that computers can understand. The
fundamental concepts of a digital image are crucial for various fields, including deep
learning and computer vision, where machines are left to process and analyse visual

data.

In the field of image captioning, where artificial intelligence generates descriptions
of images, the structure, processing and image factors such as types, formats, and pixel
structure of digital images form the backbone of accuracy and quality of machine

generated captions.

This chapter delves into the importance of digital images, covering their structure,
representation, and essential processing techniques. Understanding these concepts
enables a thorough insight into how humans and machines perceive and interpret visual

information.
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1.2 Digital images
1.2.1 Digital Image

An image is a two-dimensional (2D) representation of a visual element that is stored
and processed in a digital format. It consists of a structured array of pixels, abbreviation
for Picture Element, where the total number of pixels defines the image’s resolution.
The pixels represent colour, greyscale, or intensity level, with each element appointed
to a specific (X, y) coordination. The mathematical representation of a digital image is

a matrix, where each pixel numerically corresponds to a visual property. [1]

1.2.2 Types of digital image

In digital image processing there are many types of images available. Each one

serves a very different purpose. We distinguish four types of digital images:

w{ .
I L% |

a) Binary Image b) Gray-Scale Imag ¢) Color Image

Figure I. 1: Animage represented in Binary, Grayscale and colour image [2]

I. 2.2.1 Binary images

A binary image, also known as a Bi-level Image, is a digital image that uses two
distinct pixel values and is displayed in black and white. In mathematical modelling
and neural networks, each pixel has two possible numerical values: zero (black) and
one (white). In some cases, like image processing, the pixels corresponding to the white

colour are often represented as 255 instead of one. [3] [4]
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(a) ) (d)
000001111000 0
000011111000 0
000110001000 0
000100000000 0
001100000000 0
011000000000 1
011000000000 1
010000000000 :
110000000000 -
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110000000000 1
011000000011 0
11 14191 1 4999 0
(000111111000 0

Figure 1.2: (a) Binary image of character 'c’, (b) resized binary image of
character ‘c', (c) binary matrix representation, and (d) reshaped binary matrix
or feature vector of character 'c' [5]

I. 2.2.2 Grayscale images

A grayscale image is a type of image that contains no colours, only shades of grey.
It ranges between 256 different levels of grey, where each pixel represents a single
intensity value, ranging from zero (black) to 255 (white) in a 1-byte (8-bit)
representation. Grayscale images use a single channel and are commonly used in object

recognition and image processing. [3] [4]

Figure 1. 3: Grayscale Image [6]

I. 2.2.3 Colour images (RGB)

A coloured image is a digital or printed image made up of pixels that contain three
intensity levels corresponding to the primary colours for mixing light: red, green, and
blue (sometimes referred to as RGB), in digital displays, while subtractive primary
colours used for mixing paints: cyan, magenta, yellow, and black (also referred to as

CMYK), in printed images. Each colour pixel is typically stored using 3-bytes (24-bits)
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of memory. Unlike grayscale images that use one channel, colour images are a
combination of three separate images captured at selected ranges of the visible spectrum
representing blue, red and green tones, making them more visually realistic. [3] [4]

240 241 241 207 199 196 24 231 225
240 237 238 183 163 195 223 213 225
239 240 240 183 166 184 219 211 195
238 237 240 176 172 181 176 205 189
240 240 239 184 167 176 168 141 117
239 240 240 182 180 170 160 142 117

Figure 1.4: RGB matrix representation of an image [7]

I. 2.2.4. Multispectral Images

Multispectral images is a group of image layers of the same spatial region, collected
in one image using satellite sensors or specialised cameras, each image layer obtained
at a certain wavelength band across the electromagnetic spectrum (ex. X-Ray, Infrared,
and ultraviolet...), these data are typically outside the human perceptual reach, outside

the visible spectrum (400 nm — 700 nm). [8] [9]
The high-resolution visible sensor uses the 3-band wavelengths:

e Blue: 450-520 nm

e Green: 520-600 nm

e Red: 630-690 nm

e Near Infrared (NIR): 750-900 nm

Multispectral data is typically stored as stacked grayscale images, where each layer
represents a specific spectral band.
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Figure 1.5: The Process of Capturing a Multispectral Image [10]

I. 2.3 Pixel (Picture Element)

A pixel, short for Picture Element, is the smallest unit in a digital image or screen
display. A grid of pixels arranged in a pattern forms an image, with each pixel holding
information about colour (in colour images), intensity (in grayscale images), and

brightness. The combination of these units determine the appearance of the image. [3]
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Figure 1.6: Artist pixel image creation process: (a) original image, (b) image after

processing by "pixilation' function, and (c) final pixel image [11]

I. 3. Pixel Distribution: Histograms
An image histogram describes the relative frequency level of each of the pixel values
that forms an image. A histogram is a graph, a plot, used to visualise pixel distribution’s
value of an image in X-axis (for 8-bit grayscales images: 0 to 255) and their
corresponding number of pixels (frequency) on Y-axis for each intensity value. [12]
[13]
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Figure 1.7: Histogram Sample [10]

I. 3.1 Types of histograms
A histogram helps visualising pixel distribution of an image throughout a continual
interval to make the data comprehensible. There are two variations of histograms based

on images:
I. 3.1.1 Grayscale Image Histograms

A grayscale histogram is the portrayal of pixel intensities disposition in a greyscale
image to aid in visualising the overall brightness, contrast, and distribution intensity. It

uses only one channel (from black to white: 0-255) [14]

Grayscale Histogram

Grayscale Image 20000 4

200
15000 -

10000 -

Number of Pixels

5000

0 50 100 150 200 250
Pixel Intensity

Figure 1.8: Grayscale Image Histogram [14]
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I. 3.1.2 Colour Image Histograms

A colour image consists of various colours (RGB combination); one pixel is stored
using 3-bytes (24-bits) of memory. In this case, histograms are used to visualise the
amount of RGB used to display an image, where each colour has a separate histograms

for each channel. Colour image histograms are useful in analysing colour balance and

dominance. [15]
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Figure 1.9: Colour Image Histogram [16]

I. 3.2. Histogram Equalization

Histogram equalisation is a technique in image processing used to enhance contrasts
level by spreading out the frequent intensity level across the available range. This task
transforms pixel distribution values so that the output’s histogram is steady. Enhancing
low-contrast images, improving visual details are one of the case use of histogram

equalisation, relying on pixel redistribution intensities. [12] [13]

28



Chapter I Introduction to Image Processing

New Image Old image

New Histogram Old Histogram

Figure 1.10: an example of an image enhanced using histogram equalisation [17]

I. 4. Image Formats

l. 4.1 Common Image Formats

Every graphic seen online is an image file. These image files come in a variety of
formats, and each file is optimised for a specific use. Most image files fit into two
categories in general; vector files and bitmap files, and each category has its own

specific uses.
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Figure 1.11: Bitmap and vector graphic comparison [18]

I.4.1.1 Bitmap images

A bitmap image, also known as a raster image, is an image defined by a grid of
pixels, where each pixel has a specific colour or intensity level. The total number of
pixels (image resolution) in a photograph determines the level of detail a picture can

represent. A pixel density (PPI/DPI) defines how sharp an image appears on a screen

or print. [19]

Figure 1.12: an example of the bitmap image of a character [20]

Bitmap images comes in different formats used widely online, the table below lists

the most commonly used formats:

Acronym Name Properties
BMP Bitmap Image File Contains bitmap graphics
data
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GIF Graphics Interchange
Formats
JPEG Joint Photographic

Experts Group

PNG Portable Network
Graphics

Introduction to Image Processing

Lossless compression
algorithm

Requires storage space
Stores coloured or
monochrome 2D image

A solution for electronic
Image storage

Uses web-based graphic
file format

Lossless compression
algorithm

Provides a rough preview
of an image before it fully
loads

Created for the storage
and transmission of
photographic images
Uses bit-mapped
information stored in pixel
Compress images for
faster digital transfer
Lossy compression
algorithm

Supports transparent and
semi-transparent
backgrounds

Lossless compression
algorithm

Supports 16 million
colours

Reconstructed image after
decompression is the same

as the original file
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Table 1.1: Bitmap file formats [19] [21]

These formats are commonly used in digital photography, computer graphics, and
screen displays. [21] [19]

l. 4.1.2 Vector images

Vector images are composed of mathematical formulas to capture the characteristics
of an image (size, border, shape...). They consist of lines, and curves rather than pixels,
which make them resizable infinitely without losing resolution. Logos, icons, and
graphic designs are the best examples. Al, CDR, EPS, and PDF are some of the
commonly used formats of vector images, while Illustrator and CorelDraw are the

commonly used vector programs. [19]

Figure 1.13: Common Vector File Types [22]

I. 5. Image Processing

Image processing is a technique used to transfer a simple image into a digital image
to extract useful data after performing certain operations. In general, image processing
refers to processing a two-dimensional picture and data by a digital computer. This task
broadly centres on two vital functions: enhancement of visual quality for human

interpretation and processing for machine perception. [12] [23]
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I. 5.1 Types of Image Processing

Introduction to Image Processing

Image processing is a core area of computer vision and involves transforming images

to extract information, enhance quality, or enable human analysis or machines’. [12]

There are five main types of Image processing, each serving a distinct purpose:

Type of Image Processing

Visualisation

Recognition

Sharpening and

restoration

Pattern recognition

Retrieval

Purpose
Identify/highlight objects not
visible clearly in unrefined
image
Detect/classify objects in an
image
Enhance image quality by
improving details or
correcting distorted parts
Analyse patterns and
interpret structures
Browse an image from a
sizeable database based on

similarity

Table 1.2: Main Types of Image Processing [24]

I. 5.2 Evolution of Image Processing

The evolution of image processing stretches over several decades, from fundamental

analogue methods processing to deep learning techniques. The figure below details the

timeline:
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Digital Imaging
News paper industry Higher Quality

Images
Bartlane System
/ Technology
1930 / Improved Images of Moon

1960

Computing
1920

Figure 1.14: Evolution of Image Processing [25]

I. 5.3 Image Processing Techniques

Image processing techniques can be categorised in general into several methods

based on their functions and complexities. Below in an organised figure displaying the

key techniques used for digital image processing.
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Figure 1.15: Techniques of Image Processing

Image Enhancement
Image enhancement changes pixel brightness values for an improved visual quality.
The main issues addressed are low contrast, poor brightness, and noise from image

limitations. It does not add new data, but it does highlight key features for display and
analysis. [26]

The table below displays the different techniques for image enhancement.

Techniques Description
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Contrast stretching Enhances images with low contrast by stretching a
narrow range of levels to the full dynamic range,
improving interpretability.

Noise filtering Removes unwanted noise from images using filters such
as low-pass, high-pass, mean, and median. Often
interactive.

Histogram modification Adjusts image characteristics by modifying the
histogram, like Histogram Equalization redistributed
pixel values to enhance contrast.

Table 1.3: Different Enhancement Techniques [26]

e Image Segmentation

Segmentation image is a process that divides an image into significant parts. Its goal
is to stop the divided parts are isolated. In the case of detecting vehicles, first, the
environment is segmented, and then vehicles are identified. Thresholding techniques

are commonly used for image segmentation. [26]

Road Sidewalk Building I Fence
B Pole I Vegetation B Vehicle Il Unlabel

Figure 1.17: Example of 2D semantic segmentation: (Top) input image (Bottom)

prediction.

Thresholding is a technique that converts a digital image into a binary image,
generally, the object pixels are black and the background is white. Mapping object pixel
to black is the best threshold. [26]

36



Chapter I Introduction to Image Processing

0,ifglx. y) <T(x, y)

St.y) = {1, ifgx.y) =Tk, y)

Equation 1.1: Thresholding: Mapping Grayscale Values to a Binary Set {0,1}
[26]

S (x,y) is the segmented image value, g (x, y) is the pixel (X, y)’s grey level, and T
(X, y) is the threshold value at (x, y). Segmentation of images sometimes involves the

separation between different regions. [26]
e Feature Extraction

Feature extraction is a core Technique in image processing developed to retrieve
useful key visual components such as shapes, textures, and colours from an image.
These components are referred to as features, and they serve as a representation of the

important parts of an image. [27]

Features

Y| duha
Feature

) extraction L ')' Em!
algorithm

Figure 1.18: Example of Feature Extraction Algorithm [28]

The image above shows a simple example of how feature extraction functions. First,
the machine is given a raw image input of a simple object, a motorbike in this case.
Then, the machine analyse the object, identify and isolate relevant attributes or patterns
into a set of meaningful descriptions that can be used in differ tasks, such as,

classifications, object detection, and recognition.
¢ Image Classification

Image classification is a core task in image processing and computer vision that aims
to comprehend and analyse a content of an image and categorise it under a certain label
based on visual content. [29] Common architecture of image classification is

Convolutional Neural Networks (CNNSs), standard for image classification. [30]
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Figure 1.19: An Example on Emotion Classification [31]

Key components of image classification are:

e Assigning labels to automatically categorise images into predefined classes

(e.g., figure above “neutral,” “angry,” “surprise” ...).

e Feature extraction to identify colours and shapes. It uses layers of mathematical

operations to extract meaningful features (e.g., edges, object shapes).

e Training models with labelled data such as ImageNet, to achieve an accurate

image classification. [29]
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I. 6. Conclusion

Digital images play a crucial role in modern computation, allowing applications
across various fields notably artificial intelligence, object recognition, and image
description. This chapter has examined various aspects of digital images, which

includes their characteristics, formats, compression techniques, and types.
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Chapter 11 Foundations of Artificial Intelligence and Neural Networks

I1. 1. Introduction
"The brain has about 100 billion neurons. If we can understand how just a few

thousand of them work together, we can make a lot of progress in artificial intelligence."

— Geoffrey

Hinton

In the rapidly evolving technological landscape, deep learning has emerged as a
pivotal innovation, revolutionising the methodologies used to solve complex problems
and perform intricate tasks. This paradigm shift is based on the principles of machine
learning, whereby computers can be trained to simulate human intelligence through
experiential learning.
Training a computer to recognise felines exemplifies the underlying principle of deep
learning. Rather than relying on pre-programmed rules to identify whiskers, ears, and

tails, a vast repository of cat images is presented for processing.

The computer then autonomously discovers recurring patterns and characteristics,
developing the capacity to identify felines. This process highlights the essence of deep
learning as a methodology that enables machines to derive inferences and make
decisions without explicit programming instructions.
Neural networks, computational models based on the structural and functional

similarities between the human brain and artificial systems, inspire deep learning.

These networks comprise interconnected nodes, or 'neuronal’ units, that execute
information processing functions and make decisions like discrete brain regions
responsible for distinct tasks. Deep learning is characterised by the intricate layering of
its networks, with multiple layers between the input and output, enabling the extraction

of complex features and enhancing predictive capabilities.
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I1. 2. Artificial Intelligence (Al)

Artificial intelligence serves as the foundation and parent domain of both machine
learning and deep learning. It’s a very large field of research in which machines exhibit
cognitive abilities such as learning behaviour proactive interaction with the
environment, inference and deduction, computer vision, these Al capabilities include
speech recognition, problem-solving, knowledge representation, perception, and many
others. [32] More colloquially, Al refers to any activity in which machines mimic
intelligent behaviour typically exhibited by humans. Artificial intelligence is inspired

by elements of computer science, mathematics, and statistics.

Artificial intelligence

Machine learning

Deep
Learning

Figure I1.1: From General to Specific: A visual Breakdown of Al technologies

I1. 3. The Evolution of Machine Learning to Deep Learning

11. 3.1. Machine Learning

Machine learning, or ML for short, is a subfield of artificial intelligence (Al) that
focuses on developing computers’ algorithms that improve on their own with practice
and data. In other words, machine learning enables computers to learn from data and

make decisions or predictions without requiring special programming.

At its core, machine learning is the process of creating and implementing algorithms
that facilitate these assessments and forecasts. These algorithms become more accurate

and effective over time as they process more data.
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In conventional programming, a computer executes a task by following a set of
predetermined instructions. Meanwhile in machine learning, a task and a collection of
examples (data) are provided to the computer, which then determines how to complete

the task using the examples.

I1. 3.2. An Overview of Machine Learning Processes
A machine-learning model is trained on a dataset to make predictions on new data.
If the model's accuracy is acceptable, it is used for predictions. If not, the algorithm is

retrained using an extended dataset to improve performance.

Training Data

2
«— PIv *I—»%

A Successfull Model

Train The ML
Algorithm B

Model Predicition
Input Data

New Input
Data

ML Algorithm

Figure I1.2: Machine Learning Workflow: From Training Data to Model
Deployment

I1. 3.3. Types of Machine Learning
11. 3.3.1. Supervised Machine Learning Algorithms

This type of algorithm uses labelled data, or simply put data that contains both the
input parameters and the desired output, as the dataset on which the machine is trained.
For example, categorizing someone as male or female. We will use male and female
as labels, with existing class assignments in our training dataset based on specific
criteria, through which the machine will learn these features and patterns and classify
some new input data based on learning from this training data.

Supervised learning algorithms can be broadly divided into two types of algorithms,
classification and regression.

e Regression: This kind of problem requires us to predict a continuous-response value,
such as the stock's value, which can range from -infinity to +infinity at the above

number.
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e Classification: This kind of problem requires us to predict the categorical response
value, where the data can be divided into distinct "classes" (for example, we must

predict one of a set of values). For instance, is this email spam or not?
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Figure 11.3: Visual Comparison of Classification and Regression in Machine

Learning
11. 3.3.2. Unsupervised Machine Learning Algorithms

Unsupervised Machine Learning Algorithms are used to find patterns or structures
in data without using labelled outcomes. Unlike supervised learning, there is no target
variable. These algorithms explore the data to identify hidden patterns, groupings, or
features.

Common Types of Unsupervised Machine Learning Algorithms are Clustering
Algorithms, Dimensionality Reduction Algorithms, and Association Rule Learning.

e K-means clustering Machine Learning Algorithm

This algorithm creates clusters, which are groups of data points arranged according
to their commonalities.

K is the number of centroids considered for a given question, while 'means' refers to

a centroid that is considered the centre of each cluster.
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Figure I1.4: Unlabelled data compared to labelled data by k-means
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11. 3.3.3. Reinforcement Machine Learning Algorithms

Foundations of Artificial Intelligence and Neural Networks

Reinforcement learning is a type of machine learning where the goal is to maximize

rewards by having the machine figure out the best behaviour in a given situation. Based

on the principle of reward and punishment, a machine receives either a reward or a

punishment for each decision it makes, allowing it to determine whether it is the right

one or not. This teaches the machine to make the right decisions to optimize its long-

term reward.

A machine using a reinforcement algorithm can be configured to prioritize either

short-term or long-term rewards. When the machine is in a particular state but must

take action for the next state to achieve this reward, this is called a Markov decision

process.
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Figure I1.5: Overview of the Reinforcement Learning Process
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I1. 4. Deep learning

A subset of machine learning called "deep learning"” uses artificial neural networks
to analyse data. The structure and operation of these networks should resemble that of
the human brain. They are made up of various grouped neurons, or interconnected
nodes. Complex data types such as text, speech, and images are particularly well suited
to deep learning models. Human feature engineering is no longer necessary because the

system can automatically extract relevant features from raw data.

Dendrites

Figure I1.6: A Conception of a Naturel Neuron
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Figure IL.7: An Artificial Neuron

11. 4.3. Artificial neural networks (ANN)

Artificial Neural Networks (ANNS) are computational models inspired by biological
neural networks, consisting of interconnected artificial neurons organized into layers
(input, hidden, and output). Each connection has a weight, and neurons use activation
functions to process data. ANNs learn by adjusting weights and biases through
algorithms like backpropagation, enabling them to recognize complex patterns and

perform tasks such as classification, regression, and anomaly detection. Their strength
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lies in approximating nonlinear functions and uncovering hidden features in large

datasets, making them essential for modern machine learning and Al.

I1. 5. The Beginning of Deep Learning

As early as 1952, IBM's Arthur Samuel developed a programme for learning to play
checkers. It could build new models by observing the moves of the pieces and use them
to improve its playing skills. In 1959, Machine learning was presented as a field of
research that could teach a machine a specific skill without the need for predetermined
programming. As machine learning has evolved, various machine learning models have
been proposed, including deep learning. Due to its complicated structure and the need
for a large computation, the computational cost is very high, so it did not receive much
attention in the beginning. However, with the great improvement in computing power,
the excellent performance of deep learning has made it rise and become one of the
hottest research areas. Main deep learning models will be briefly described, and

potential prospects for deep learning development will be discussed.

1950 1980 2010

1020,

DEEP
LEARNING
M ACH IN E MACHINE LEARNING BASED
LEARNING ON ARTIFICIAL NEURAL NETWORKS
ARTIFIEIAL ABILITY TO PERFOR|
INTELLIGENCE WITHOUT EXPLIGI

AMD RELYING ON
ENGINEERING OF MACHINES
THAT MIMIC COGNITIVE FUNCTIONS

Figure I1.20: Deep Learning Timeline

e Before 1980: Deep Learning Origins
Neurophysiologist Warren McCulloch and mathematician Walter Pitts used

"threshold logic" to develop a neural network model in 1943.

Frank Rosenblatt introduces the Perceptron, an early neural network model that can

learn and recognize patterns, in 1957.
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Deep learning architectures see significant advancement in 1965 when Ivakhnenko

and Lapa introduce multi-layered neural networks.

Kunihiko Fukushima first introduced convolutional layers in 1979 with the
Neocognitron, a multi-layer hierarchical artificial neural network that served as the
model for modern convolutional neural networks (CNNSs) used in image recognition

applications.

e 1980-2010: The Mid-journey Of Deep Learning

One of the earliest motivations for associative memory was the introduction by John
Hopfield in 1982 of the Hopfield networks, a recurrent neural network that
demonstrated how neural networks could be used for the storage and retrieval of

patterns.

The Long Short-Term Memory (LSTM) network, introduced by Sepp Hochreiter
and Jirgen Schmidhuber in 1997, enhances RNN training and resolves long-term

dependency issues in sequence prediction tasks.

ImageNet, a massive dataset developed in 2009 by Fei-Fei Li and associates, would
transform computer vision by serving as a standard for large-scale image classification

and igniting advances in deep learning and computer vision models.

e 2010-Present: Deep Learning Revolution

2012: Alex Krizhevsky, llya Sutskever and Geoffrey Hinton release AlexNet, a deep
convolutional neural network (CNN), which demonstrates the power of deep learning
for image recognition tasks by winning the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC).

2014: The creation of realistic synthetic data because of Generative Adversarial
Networks (GANs), a new generative modelling framework developed by lan

Goofellow and his colleagues.

2016: DeepMind’s AlphaGo defeated world Go champion Lee Sedol, demonstrating

the power of deep reinforcement learning for difficult decisions.

2020s: Artificial intelligence began to evolve with the unprecedented natural
language processing capabilities of large-scale Al models, including OpenAl's GPT-3,

whose generated text was indistinguishable from that of humans.
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I1. 6. Deep Learning Architecture

Il. 6.1. Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a specialized class of deep neural
networks designed for processing structured grid data (or matrix format), such as
images, video frames, or spectrograms, by leveraging spatially shared hierarchical
feature learning. CNNs employ a series of convolutional layers that apply learnable
filters (kernels) to extract local patterns through discrete convolution operations,

followed by non-linear activation functions (e.g., ReLU) to introduce model capacity.

The human neural system has several layers, each responsible for performing a
unique function. CNNs share a common architecture in which each layer extracts
different features from the input image; it comes with three essential layers of neurons

as demonstrated in figure 11.29:

Convolution

Pooling

Fully connected

The Architecture of Convolutional Neural Networks

Input Convolution Pooling Fully Connected Output

Feature Extraction Classification

Figure I1.21: The Architecture of convolutional Neural Network
e Convolution layers, which are the first few layers, are responsible for obtaining
the basic features of the image, such as edges and shape.
e The pooling layers, which are the output layers responsible for reducing the size
of the feature maps.
e The fully connected (FC) layer is the final layer and is responsible for assigning

the image to one of the specified categories. [33]
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Almost all modern pure convolutional architectures end with a fully connected layer

after a single global pooling layer.

I1. 6.1.1. Types of convolutional neural networks

Convolutional Neural Networks (CNNs) have evolved into diverse architectures

tailored for specific tasks, computational constraints, and data modalities. Below is a

taxonomy of prominent CNN variants, categorized by architectural innovation and

application domain.

Here are some of the most well-known types:
1. LeNet-5 (Classic CNN)
e One of the first CNNs, created for recognizing handwritten digits.
o Simple and good for small images (like MNIST).
e Layers: Convolution — Pooling — Fully connected
2. AlexNet
e A deeper version of LeNet.
e Won a big image competition (ImageNet) in 2012.
o Helped CNNs become popular in computer vision.
3. VGGNet (VGG16 / VGG19)
o Uses many small filters (3x3) and is very deep (16 or 19 layers).
o Easy to understand and still used for transfer learning.
4. GoogLeNet (Inception)

e Uses a special block called Inception Module.

o Combines filters of different sizes in one layer (1x1, 3x3, and 5x5).

e More efficient and less expensive to compute.
5. ResNet (Residual Networks)
o Verydeep (up to 100+ layers).

e Uses "'skip connections' to solve the vanishing gradient problem.
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o Makes training deep models easier and faster.

6. MobileNet
o Designed for mobile devices and low-power systems.
o Lightweight and fast.

o Great for real-time applications on phones or embedded systems.

Model Key Features Use Case
LeNet-5 Simple, early model Handwriting recognition
AlexNet Large, Deep model General image classification
VGGNet Many layers, Small filters Transfer learning

GoogLeNet Inception blocks Efficient recognition

ResNet Skip connections Very deep models

MobileNet Lightweight, fast Mobile apps, edge devices

Table I1.4: Comparison of Popular Deep Learning Models

Il. 6.2. Recurrent Neural Networks (RNNSs)

RNN is one of the most popular deep neural networks, widely used to deal with
ordinal or temporal problems according to its internal memory, such as time series,
speech recognition, image annotation, signal processing, or natural language processing
(NLP). [34]

The architecture of a simple RNN consists of three layers, the input, recurrent hidden
and output layers, as shown in Figure below. The basic idea behind the RNN is the
feedback between hidden units over time, which provides a recurrence mechanism. This
means that the output of recurrent neural networks depends on the previous elements

within the sequence. In other words, the current input is the output of the previous time.
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Figure 11.10: An Artificial Neuron (RNN)

The input layer receives a sequence of vectors X, = (X4, X2, ..., X;,) and processes
them one at a time. At each time step t, the recurrent neural network is based on the
input vector X, and previous hidden state h,_; to update its memory and produces a

hidden state h, as in equation 11.2.
he = f(Winx, + Whan,_, + bn)

Equation I1.2: Hidden State Update Equation For a Simple Recurrent Neural
Network

Where f is the hidden layer activation function, W, is the weight matrix from the
input-to-hidden, Wy, is the matrix of recurrent weights between the hidden layer and
itself, and by, is the bias vector of the hidden units. These weight matrices are known

as parameters of RNN, which are calculated and optimized to obtain a powerful model.

The output layer is calculated according to the following equation:

0t = g(Whoht + bo)

Equation I1.3: Output Equation of a Simple Recurrent Neural Network
Where g IS the activation functions, Who is the weight matrix from the hidden-to
output, and bo is the bias vector in the output layer. [35]
I1.6.2.1. LSTM
The LSTM is a variant of RNN that is capable of learning long-term dependencies.
LSTMs were first proposed by Hochreiter and Schmidhuber [36] and refined by many

other researchers. They work well on a large variety of problems and are the most

widely used type of RNN.
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The LSTM architecture consists of a set of multiplicative gates, the Input (I), Output
(O), and Forget (F) gates as illustrated in figure below.

Memory cell Y
B /’“\ ~
mterr;gal Jstate ® @ C,
l Output
gate
Forget Input Input @ O
gate gate | node 1 T
Fle] "[e] ¢ [en] [o]
Hidden state )‘ J J J‘
SN Y,

I
Input X,

FC layer with Elementwise c T
IZ' activation function operator J . on [ LES e

Figure 11.22: Example of LSTM Memory Cell.

These gates control the circulation of the information that traverses the LSTM cell.
They have the ability to keep, add, or remove information to the cell state, represented
with vectors
he, (short-term state) and C, (long term state). The forget gate dropped a part of
memory, which is from the previous long-term state C;_,, short term state h;_, and
the input data X; Then it adds to a new memory selected by the input gate to update the

long-term state C,. [35]
Il. 6.2.2. Gated Recurrent Unit (GRU)

The Gated Recurrent Unit (GRU) is a type of Recurrent Neural Network (RNN).
GRU improves traditional RNNs by solving the problem of forgetting important
information over time. GRUs manage information through two primary "gates." When
the model receives fresh input, the reset gate assists it in determining how much of the
past to forget, while the update gate determines how much of the past should be
retained. [37]
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Figure I1.23: Architecture of a Gated Recurrent Unit (GRU)

These gates help the GRU to remember useful information for a long time and ignore

what is not important. As a result, it is good at understanding the context in sequences.

GRUs are faster and lighter than LSTMs (Long Short-Term Memory), which come

with a more complicated memory structure and three gates. They typically train more

quickly and require fewer parameters.

I1. 6.3. Comparison of ANN, CNN, and
ANN (Artificial

Neural Network)

Timeline Back in the 1940s
and 1950s

Type of Data  Tabular Data, Text
Data

RNN

CNN
(Convolutional
Neural Network)
Were introduced in
the 1980s

Image and visual
data

RNN (Recurrent

Neural Network)

Emerged in the
1980s as well

Sequential data like
text, speech, or time

series
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Applications

Strengths

Limitations

Core Structure

Performance

Foundations of Artificial Intelligence and Neural Networks

Basic facial
recognition,
pattern

recognition,

classification

Tolerates
noisy/incomplete
data, simple to

implement

Hardware
dependent, black-

box behaviour

Fully connected
layers (each
neuron connects to
all neurons in the

next layer)

ANN is
considered to be
less powerful than
CNN, RNN

Advanced facial
recognition, object
detection, text

digitization

High accuracy for
image tasks,
captures spatial
features, fewer

parameters

Requires large
datasets, sensitive
to object

orientation/position

Uses convolution
and pooling layers
before final dense

layers

CNN is more
powerful than
ANN, and RNN.

Text-to-speech,
language modelling,
time series

prediction

Remembers
previous inputs,
great for context-

aware tasks

Suffers from
vanishing/exploding
gradients in long

sequences

Has loops and
memory
connections to retain
information across

time steps

RNN includes less
feature
compatibility when

compared to CNN.

Table I1.5: Comparison of ANN, CNN, and RNN

I1. 8. What is Natural Language Generation

Natural Language Generation (NLG) systems use artificial intelligence and natural
language processing techniques within software systems that generate texts in human
languages such as English, Chinese, and Arabic. In other words, NLG is the science of
Al systems that can write. As such it is related to (but not the same as) Natural Language
Understanding (NLU), which is the science of Al systems that can read and extract

meanings from human-written texts.
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Natural Language Processing

Natural Language Natural Language
Understanding Generation

$—% wH—9
Figure I1.24: Naturel Language Processing

Natural language generation has recently become more prominent because of the
success of ChatGPT and other generative language models, but the field has been
around for decades. Al and NLP techniques such as machine learning and language

models are widely used, but they do not tell the whole story. [38]

11. 8.1. Neural networks in visual and language domains

Multiple approaches have been developed for representing images and words in
higher-level representations. On the image side, Convolutional Neural Networks
(CNNSs) have recently emerged as a powerful class of models for image classification
and object detection. On the sentence side, our work takes advantage of pre-trained
word vectors to obtain low-dimensional representations of words. Finally, Recurrent
Neural Networks have been previously used in language modelling, but we additionally

condition these models on images. [39]

r— anguage | |A group of people
Deep CNN  Generating| [Shopping at an
RNN outdoor market.

=
‘o)
= @ There are many

vegetables at the
fruit stand.

Figure I1.25 : An Image Captioning Model That Combines a Deep CNN for
Visual Feature Extraction and an RNN for Generating Natural Language

Descriptions
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1. 9. Conclusion

Artificial intelligence, machine learning, and deep learning are the foundations of
modern intelligent systems, allowing machines to process data, learn patterns, and make
informed decisions. This chapter has explored the basic concepts of these technologies,
focusing on their different learning approaches including supervised, unsupervised,
semi-supervised, and reinforcement learning as well as deep learning architectures such

as convolutional neural networks and recurrent neural networks.

These models are extremely helpful when dealing with visual data, as understanding,
analysing, and interpreting images is critical. The theoretical foundation in this chapter
is critical to the next phase of our work. In the following chapter, we will look at image
acquisition models, specifically how visual data is captured, represented, and prepared

for further processing by intelligent systems.
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I11. 1. Introduction

Over the past two decades, the fields of natural language processing and computer
vision have seen great advances in their respective goals of analysing and generating
text, and generating a descriptive natural language sentence that accurately reflects the
image content. While both fields share a similar set of methods rooted in artificial
intelligence and machine learning, they have historically developed separately, and

their scientific communities have typically interacted very little.

Recent years, however, have seen an upsurge of interest in problems that require a
combination of linguistic and visual information. Many everyday tasks of this nature,
e.g., following instructions in conjunction with a diagram or a map, understand slides

while listening to a lecture... etc.

Image captioning is a fundamental task in computer vision and natural language
processing (NLP) that involves generating a natural language description of an image.
It requires a model to understand visual content (objects, actions, relationships) and

express it in grammatically correct, contextually relevant text.

Despite considerable progress in English and other widely studied languages,
research in Arabic remains limited. The lack of annotated datasets, combined with the
linguistic complexity of Arabic, makes image captioning particularly challenging. This
chapter examines the evolution of image captioning models, the unique challenges
posed by the Arabic language, how modern deep learning techniques have evolved to

address these issues.
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I11. 2. Computer Vision

Computer vision is a field that analyses digital images by combining individual pixel
data to create a multidimensional representation of visual information; this field is not
limited to facial recognition and autonomous vehicles but also applies to tasks like
counting people in a crowded picture. The central objectives of computer vision
encompass image categorization, object identification and complementary endeavours

such as image division and environmental reconstitution.

Modern computer vision systems rely on deep learning networks, including

Convolutional Neural Networks, which can learn patterns from raw image data.

(c)

(H)

Figure 111.1: Examples of Computer Vision Algorithms from the 2010s: (a) the
SuperVision deep neural network. (b) Object instance seg. (c) Whole body,
expression, and gesture fitting from a single. (d) Fusing multiple colour depth
images using the KinectFusion real-time system, (e) smartphone augmented
reality with real-time depth occlusion effects, (f) 3D map computed in real-time

on a fully autonomous Skydio R1 drone [40]

I11. 2.1. Computer vision applications

 Motion capture (mocap): employing vision-based methods, such as retro-reflective
markers seen through multiple cameras, to record actors for computer animation;

« Surveillance: monitoring for intruders, analysing highway traffic and monitoring
pools for drowning victims.

« Fingerprint recognition and biometrics: for both forensic applications and

automated access authentication.
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Alongside all of these commercial uses, there are countless consumer-level uses as well,

like what you can do with your own images and videos. Among them are:
« Stitching: combining overlapping images to create a seamless panorama

» Exposure bracketing: creating a single, flawlessly exposed image by combining
several exposures made in difficult lighting circumstances (strong sunlight and
shadows).

» Morphing: turning a picture of one of your friends into another, using a seamless

morph transition

« 3D modeling: Utilises photogrammetry techniques, it is possible to transform one or
multiple instances of photographic data, captured successively as snapshots, into a

three-dimensional spatial model of the subject.

* Video match move and stabilization: inserting 2D pictures or 3D models into your
videos by automatically tracking nearby reference points or using motion estimates to

remove shake from your videos.

« Photo-based walkthroughs: flying between various images in 3D to explore a sizable

collection of pictures, like the interior of your home.

« Face detection: Enhancements to camera focusing performance (automatic focus)

and image search functionality.

« Visual authentication: When family members sit down in front of the webcam, your

home computer will automatically log them in.
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Figure 111.2: Some industrial applications of computer vision: (a) optical
character recognition (OCR). (b) Mechanical inspection. (c) Warehouse picking.

(d) Medical imaging. (e) Self-driving cars. (f) Drone-based photogrammetry

I11. 3. Naturel Language Processing (NLP)

A theoretically driven collection of computing methods for the autonomous analysis
and representation of human language is known as natural language processing, or
NLP. With the advent of Google and similar platforms, which can process millions of
web pages in less than a second, NLP research has advanced from the days of punched
cards and batch processing, when evaluating a sentence may take up to seven minutes.
NLP makes it possible for computers to carry out a variety of tasks connected to natural

language at all skill levels. [41]

I11. 3.1. The NLP Definition
Natural language processing is a branch of computer science and Al that focuses on
using machine learning to make machines able to comprehend and speak human

language.
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Machine
Learning

NLP

Computer
Science

Figure 111.3: Natural Language Processing: The Core of Al and Machine

Learning and Computer Science

NLP combines statistical modelling, machine learning, deep learning, and
computational linguistics the rule-based modelling of human language to allow

computers and digital devices to recognize, comprehend, and produce text and speech.

NLP research has helped enable the era of generative Al, and its already part of
everyday life for many, powering search engines, prompting chatbots for customer
service with spoken commands, voice-operated GPS systems and question-answering

digital assistants on smartphones such as Amazon’s Alexa, Apple’s Siri and Microsoft’s

Natural Language translation
i.e., Google Translate

C—
Word Processors i.e., MS
Word & Grammarly use NLP

Cortana.

to check grammatical errors

Speech recognition / IVR
systems used in call centers

Personal Digital Assistant
i.e., Google Home, Siri,
Cortana, & Alexa

NLP
Example )

Figure 111.4: Natural Language Processing: Key Applications and Examples [42]
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I11. 3.2. Understanding How NLP Works
NLP works by combining various computational techniques as shown in figure
below to analyse, understand and generate human language in a way that machines can

process,

Neuro Linguistic

Your thinking processes Your words - how
- the way you use your you use language
senses to understand and how it influences
what's happening you and those
around you around you

Programming

Your behaviour - how
you organise your ideas
and reactions, and how

this affects you
and others

Figure 111.5: NLP: Combining Linguistics, Programming, and Neuroscience

1. Text Pre-processing

NLP text pre-processing prepares raw text for analysis by transforming it into a
format that machines can more easily understand. It begins with tokenization, which

involves splitting the text into smaller units like words, sentences or phrases.
2. Feature Extraction

Feature extraction is the process of converting raw text into numerical

representations that machines can analyse and interpret.

3. Text Analysis

Text analysis involves interpreting and extracting meaningful information from text
data through various computational techniques. This process includes tasks such as
part-of-speech (POS) tagging, which identifies grammatical roles of words and named
entity recognition (NER), which detects specific entities like names, locations and

dates.

4. Model training
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Processed data is then used to train machine learning models, which learn patterns
and relationships within the data. During training, the model adjusts its parameters to
minimize errors and improve its performance. Once trained, the model can be used to
make predictions or generate outputs on new, unseen data. The effectiveness of NLP
modelling is continually refined through evaluation, validation and fine-tuning to
enhance accuracy and relevance in real-world applications. [43]

I11. 4. Image Captioning

In recent years, automatic image captioning has emerged as a critical research area
at the intersection of CV and NLP. This task involves analysing an image's visual
content such as objects, actions, and spatial relationships and generating a coherent,

contextually relevant textual description.

Image captioning represents a data-to-text generation challenge, where the input is
raw pixel data and the output is a natural language sentence that accurately summarizes
the image’s key elements, like shown in figure below. Unlike traditional computer
vision tasks (e.g., object detection or classification), captioning requires multimodal
reasoning, combining visual perception with linguistic fluency to produce human-like

descriptions.

Visual
Features

Figure 111.6: lllustration of the CNN-RNN-based Image Captioning

Framework [44]
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I11. 5. Historical Background
I11. 5.1. Evolution of image captioning techniques

Early image captioning systems relied on handcrafted features and template-based
methods. Features are extracted from input data. These data points are then submitted
to a pre-existing classification model, utilising Support Vector Machines, in order to
categorise the object. Feature extraction from a vast and heterogeneous dataset is
unfeasible for task-specific attributes. Furthermore, real-world data like images and
videos are complex and have multiple semantic interpretations. [45]

These systems generally followed one of the following approaches:

e Template-Based Captioning: These models detected objects, attributes, and
actions using predefined rules or classifiers and filled these into sentence

templates.
Example: “A [person] is [riding] a [bicycle]”.

o Retrieval-Based Methods: Captions were retrieved from a database of existing
image-caption pairs by comparing visual features (e.g., SIFT, HOG). These

methods could not generate new or creative captions and lacked generalization.

e Pipeline Systems: A modular approach involving object detection — scene
understanding — sentence generation. However, errors at one stage propagated

through the system, limiting accuracy.

I11. 5.2. Deep Learning Approaches (Modern Era)
On the other hand, in deep machine learning based techniques, features are learned
automatically from training data and they can handle a large and diverse set of images

and videos.

The shift to deep learning introduced end-to-end trainable models that jointly learn
visual and linguistic features. The most influential architecture is the encoder-decoder

framework:

e Encoder: A CNN (e.g., ResNet, Inception) are widely used for feature learning,

and a classifier such as Softmax is used for classification.

e Decoder: An RNN (e.g., LSTM, GRU) or Transformer generates a sentence

based on those features.
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e Attention Mechanisms: Allow models to focus on different parts of the image

while generating each word (e.g., "Show, Attend and Tell", 2015).

o Deep Dense
Image classifier A
VGG16/ResNet50/Co learning
stume made CNN model
Softmax/

Annotation 1
Text preprocessing
Text cleaning
Tokenize
Remove stop words
Word to vector
S et e

Text/Related caption

Syandh £ o Job jddy paud cuS

Figure 111.7: Image Captioning Framework Combining CNN, LSTM, and Text

Pre-processing

I11. 6. Understanding How Image Captioning Works

Broadly speaking Image Captioning makes use of three primary components. First,
the visual encoder is used to extract visual features from the input image. The extracted
visual features are then passed to a sequence model (text decoder) in the final step

sentence or captions will be generated (caption generation).

I11. 6.1. Visual Encoder (Image Feature Encoder)
The process takes the original image as input and generates a compressed version

that retains its key characteristics.
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input image Image Encoder Encoder image
(CNN-Based) vector

Figure 111.8: Image Input to an ‘Image Encoder’ and Outputs an Encoded
Vector

This uses a CNN architecture, and transfer learning commonly does it. It takes a pre-
trained CNN model for image classification and deletes the final part known as the

‘classifier'. As demonstrated in figure below.

The 'backbone'’ of this model is made up of many CNN blocks that gradually extract
numerous aspects from the photo and build a compact feature map that captures the

most relevant parts of the image.

For example, it begins by extracting simple geometric forms like curves and semi-
circles in the earliest layers, then moves on to higher-level structures like noses, eyes,

and hands, and finally recognizes components like faces and wheels.

JMX 24X 4
22X I2X 2%
Remove

6 X %6 X 2% . Classifier
MXMXS12 ’ 3
aXaxsn ;
TXTXsp X X 1000
|
MX X |
' l ' J » ny
‘ § Convolutiond + RelL
Max pooling

§ Fully conngcted + RelLU

Figure 111.9: Feature Extraction Using a Pre-trained CNN (Classifier Removed)
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The last component of an image classification model, the classifier, receives this
feature map and uses it to predict the class of the main item in the picture (e.g., vehicle

or cat).

When using this model for image captioning, we are only interested in the feature
map representation of the image and do not require classification prediction. So, we

preserve the backbone while removing the classifier layers like the figure above.
I11.6.1.1. Vgg16

The University of Oxford's Visual Geometry Group developed the VGG-16 model.
This is a convolutional neural network (CNN) architecture, with 16 layers, including 3
completely connected and 13 convolutional layers as illustrated in figure below. Its
depth distinguishes it. When it comes to a variety of computer vision tasks, such as
object recognition and image classification, VGG-16 is well known for its efficiency

and simplicity.

The architecture of the model consists of a stack of convolutional layers with
gradually increasing depth, followed by max-pooling layers. The model can learn
complex hierarchical representations of visual characteristics thanks to this approach,
producing predictions that are reliable and accurate. VGG-16 is still a popular option
for many deep learning applications because of its great performance and versatility,

even if it is simpler than designs that are more modern. [46]

224 x224x3 224 x224x64

112 x 112 x 128

56|x 56 x 256

08 % 2B % 512 7x7x512
X529 14 x 14 x 512

1x1x4096 1x1x1000

=7 convolution+RelLU
max pooling
fully nected+RelLU
softmax

Figure 111.10: A VGG16 Architecture [47]
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I11. 6.2. Text Decoder
The text decoder is the component responsible for generating a natural language

description (caption) from the visual features extracted by the encoder.

Usually, an embedding layer feeds a stack of LSTM layers in a recurrent network
model.

A N B N
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e —»| LSTM H» LSTM 1| LSTM

!
Ve ) 1 2
1

I ]

Embedding
Ve | O | ot
] & 0 & 1
<sTART> | A ! B
| 1
‘A ‘A
N - N -
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Figure 111.11: LSTM Network with Initial State and Sequence so far as Input,
Output Fed Back

The process begins with an image-encoded vector, seeded with a short input
sequence comprising only the 'Start' token. The input image vector is 'decoded’ and a

sequence of tokens is output.

This prediction is generated in a loop, with one token produced at a time and fed
back to the network as input for the next iteration. Consequently, at each step, it uses
the previously anticipated token sequence to construct the next token in the series.

Finally, an 'End' token is generated to conclude the sequence.
111. 6.2.1. Embedding in decoder sequence:

Refers to the process of converting discrete input data (like words or tokens) into
dense, continuous-valued vectors (numbers) that capture semantic meaning that a

neural network can understand and learn from. For example, if our vocabulary is ["cat",
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nmn

"dog", "apple", "banana"]. For each word, an index is assigned: "cat" — 0, "dog" — 1,

"apple" — 2, and “banana" — 3.
Instead of using these plain numbers, they are mapped to vectors:
"Cat" — [0.2, 0.1, 0.9], "dog" — [0.8, 0.5, 0.4], etc.

These vectors are learned during training and help models like LSTM understand
the relationships between words. Therefore, a sentence as "cat eats apple™ becomes [0,

4, 2] so it’s embedded into vectors and then fed into the model for processing.

I11. 6.3. Sentence Generator
The Sentence Generator's task is to take the token sequence and produce a caption—

a string of words that explains the image in the language of choice.

It is composed of a “softmax” layer after a linear layer. For each place in the
sequence, this generates a probability for each word in the target language's lexicon.
This probability represents the chance that the word will appear in the sentence at that
particular location. Then, by selecting the word with the highest likelihood at each

location, to generate the final sentence.

Output
sentence

4

Word probabilites

4

Softmax

4

Linear

Decoded
sequence

Figure 111.12: Process of Generating an Output Sentence in a Sequence-to-
Sequence Model from the Decoded Sequence through Linear Transformation,

Softmax Probability Distribution, and Search Decoding to the Final Sentence.
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I11. 7. Image Captioning Architectures

I11. 7.1. Encoder-Decoder architecture

The 'inject’ architecture is commonly said to as the most popular deep learning
architecture for picture captioning. As previously mentioned, it establishes a direct
connection between the image feature encoder, the sequence decoder, and the sentence

generator.

A dog

] ©

sentence generator

1

Decoded
sequence o

Sequence decoder

LST™M
<Start> e

Figure 111.13: Image Feature Encoder Connected to Text Generator

I11. 7.2. Multi-Modal architecture
Image captioning was first implemented using the Inject architecture, which is still
widely used today. Nevertheless, a different approach known as the "Merge" design has

been discovered to yield superior outcomes.

Instead of progressively linking the Image Encoder as the Sequence Decoder's input,
the two parts function separately. To put it another way, it does not combine the two

modes—that is, text and graphics.

The LSTM network only works with the sequence that has already been created,

while the CNN network just processes the picture.
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Figure 111.14: A Multimodal Architecture

A Multimodal layer which may consist of a Linear and Softmax layer then combines
the outputs of these two networks. It performs the task of understanding both outputs,

after which the Sentence Generator generates the final caption prediction.

This method has the added benefit of enabling us to apply transfer learning to both
the image encoder and the sequence decoder. For the Sequence Decoder, it may make

use of a language model that has already been trained.

I11. 7.3. Object Detection backbone architecture
We previously discussed utilizing an image encoder that uses the backbone of a pre-
trained image classification model. Typically, this kind of model is trained to recognize

a single class for the whole image.

Nevertheless, you will probably have more than one object of interest in most
pictures. Why not use a pre-trained object detection backbone to extract features from

the image instead of an image classification backbone?

Image object
detector

Sequence decoder
LSTM

Figure 111.15: Object Detection backbone
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Bounding boxes are created around each of the scene's notable items using the
Object Detection model. It detects the relative locations of various things in the image
in addition to labelling them. As a result, it may offer a more detailed encoded

representation of the picture, which the Sequence Decoder can utilize to add a
description of each of those items.

I11. 7.4. Encoder-Decoder with Attention

The use of attention to NLP models has been increasingly popular in recent years. It
has been discovered to greatly enhance NLP applications' performance. Attention

assists the model in concentrating on the words from the input sequence that are most
pertinent to each output word as it creates each one.

Therefore, it should come as no surprise that attention has been used to achieve state-
of-the-art achievements in image captioning as well.

Attention helps the Sequence Decoder focus on the area of the image that is most

pertinent to the word it is creating as it generates each word of the caption.

Decoded

Sequence e
" e
\
(2 (5 ‘
( | . ( Sequencé Decoder
‘: Image Encoder (CNN) - . _ - (LSTM)
4 .

Attention ‘

" Module
0

0
:

Figure 111.16: Image Caption Architecture with Attention Module

The attention module receives the current output token from the LSTM and the

encoded picture vector. A weighted Attention score is generated. The weight of the

pixels that the LSTM should pay attention to when predicting the next token is
increased when that score and the picture are combined.
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For example, the model concentrates on the dog in the picture while it creates the
word "dog" for the caption "The dog is behind the curtain.” while you might imagine,

it then turns its attention to the curtain when it reaches the word "curtain."

I11. 7.5. Encoder-Decoder with Transformers

The Transformer is without a doubt the current titan when it comes to attention. Its
major focus is attention, and it does not make use of the Recurrent Network, which has
long been a mainstay of NLP. With the Transformer in place of the LSTM, the design

is quite similar to the encoder-decoder.

A dog

] o

sentence generator

1

Decoded
sequence 0

Sequence decoder
(Transformer)

Image encoder (CNN)

* j.
oy
S

Figure 111.17: Image Caption Architecture with Transformer

<Start> e

To solve the Image Captioning issue, many transformers architectural variations
have been put forth. In order to comprehend the scene, one method is to encode not
only the individual items in the picture but also their spatial connections. When creating
a caption, for example, knowing if an object is next to, behind, or under another object

offers helpful context.

I11. 7.6. Dense Captioning architecture
Dense Captioning is another variation of the object detection technique. The premise
is that a photograph frequently contains a diverse array of items and activities in several

locations.

As a result, it can represent several captions for various areas of the image rather

than simply one. It is able to catch every detail in the image thanks to this model.
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o B
s | 1y | a black fence

| th man is wearing glas:

curtains on the window. man sitting on a couch. a
mirror on the wall. brown leather chair. curtains on

hair. tennis racket in mans hand. man wearing a the window.
white shirt. a man with short hair. tennis racket in

two men playing tennis. man holding a tennis
racket. tennis racket in mans hand. man with short

]. a tennis racket. a

mans hand. a red |

white tennis net

Figure 111.18: Two Examples of Dense Captioning [48]

I11. 8. Evaluation of Image Captioning Models
To evaluate captioning systems, both automatic metrics and human judgment are

employed:

I11. 8.1. Evaluation of Image Captioning using BLEU
The BLEU score evaluates the quality of machine-generated text (like image

captions) by comparing them to human-written references. [49]

Bilingual assessment understudy is an algorithm for assessing the quality of content

that has been machine-translated from one natural language to another.
The metric is built around the well-known precision measure. To calculate precision.

The core equation:
N
BLUE = BP - exp (Z w, log pn>
n=1

Equation I11.4: Calculating Precision of a BLEU Metric Equation

e BP = Brevity penalty

e pn=Precision of modified n-grams of different lengths (for 1-gram, 2-gram, ...,

N-gram)

76



Chapter 111 Image Captioning Models

o wn = Weight of each n-gram precision (typically 1/N )
e N = Max n-gram order (e.g., 2 in BLEU-2)

Precision is determined by dividing the total number of n-grams from a candidate
that appears in the references by the total number of n-grams in the candidate.
Overgeneration of the same n-gram, however, might result in great precision that is
detrimental. To address this, the maximum number of times the n-gram appears in any
reference is trimmed from the total match count of each candidate n-gram. For

example, the count of repeated n-grams is pruned.

yngram € cmin(Countcyyp, Countyey)
n=
P Yngram € CCo4tcana

Equation I11.5: A Modified n-gram Precision Used in the BLEU Score

Brevity Penalty (BP) handles the issue of very short generated captions getting unfairly

high scores:

el_E, ifc<r

1, ifc>r
BP = { r

Where ¢ = length of candidate sentence, r = length of reference sentence.

e Example:
Targeted (or Reference) = "a person is riding a horse"
Predicted (or Candidate) = "a man riding a horse"
Step 1: Tokenize
We split each sentence into words.

e Candidate: ["a", "man", "riding", "a", "horse"]

e Reference: ["a", "person”, "is",

riding", "a", "horse"]
Step 2: 1-gram precision (words)
Words in candidate: “a, man, riding, a, horse”

Count how many of them appear in any reference (clipped):
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e a — appears (we only count it 1 time even if it’s repeated)
e man — appears

o riding — appears

e horse— appears

Matched 4 out of 5 (one of the two “a” was clipped)

1-gram precision= 4/5= 0.8
Step 3: 2-gram precision (pairs of words)
Candidate 2-grams:

e aman, man riding, riding a, a horse
Compare to 2-grams in references:

o Reference: a person, person is, is riding, riding a, a horse
Matches:

e riding a — found

e ahorse — found
Two matched out of 4
2-gram precision= 2/4= 0.5
Step 4: Brevity Penalty (BP)

o Candidate length c¢=5

o reference length r=6

BP =10 = 179 = £(-02) ~ (8187
e Step 5: BLEU Score

We use only up to bigram (1-gram & 2-gram), so:
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1
BLUE = BP - exp (Elog 0.8 + log0. 75)

=0.8187 - exp (1/2(—0.2231—0.2877))

= 0.8187 - exp (—0.2554) = 0.8187 - 0.7746
~0.6342

Therefore, the final BLEU Score is 63.4% that means the candidate is close to the

human references.

I11. 8.2. Evaluation of Image Captioning using AraBERT
AraBERT is a transformer-based model like BERT but trained specifically on Arabic
text. It is used for various NLP tasks; like text classification, named Entity Recognition,

even Sentiment analysis, and sometimes caption evaluation or generation.

In this method, we cannot use the BLEU traditional n-gram method. AraBERT is a deep

contextual language model, so if we want to evaluate using AraBERT.

The most common and reliable way to use AraBERT for evaluating sentence similarity

is:
Cosine Similarity between Sentence Embeddings

1. Take two Arabic sentences:

e A candidate/predicted one

o Arreference/target one

2. AraBERT is use to turn each sentence into a vector (embedding).

3. Compare the two vectors using cosine similarity.

4. Aresult close to one means very similar; close to zero means very different.
For example:

e Candidate (predict): "blas S 5 Ja )"
e Reference (target): "blas S 5 (aid"
When simulate AraBERT turns these Arabic sentences into embedding vectors with

768-dimensional. For more clarity, only three dimensions are used.
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Step 1: Simulated Sentence Embeddings
Sentence Embedding Vector (simulated)
"Uas S day” AT=1[0.3,0.7,0.5]

"Ulas oS el B7= [028, 0.72, 048]

Table 111.1: An Example of Simulated Sentences Embeddings
Step 2: Cosine Similarity Formula

- -

e A-B
CosineSimilarity(A, B) = —————
A1 Bl

Step 3: Dot Product A - B
(0.3x0.28) + (0.7x0.72) + (0.5%0.48) = 0.504+0.24 = 0.828
Step 4: Vector Norms

Norm of A :

I A ll=v0.32Z + 0.722 + 0.522 =/0.83~0.911
Norm of B :

IBIl = 0.9095

Step 5: Apply the Formula

e ev . en (R 0.911 x 0.9095
Cosme81m11ar1ty(A,§) = 0828 ~ 0.9993

Therefore, the final AraBert Score is 99.9% so the predicted sentence and the

reference are extremely semantically similar
Other methods:

« METEOR: Considers stemming and synonym matching, which makes it more
suitable for languages like Arabic where multiple forms of a word can be valid
[50]
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e ROUGE: Focuses on recall of overlapping units. Commonly used in

summarization tasks, but applicable to captioning as well.

o CIDEr: Designed specifically for image captioning. It weights n-gram matches
using TF-IDF to emphasize informative words and downplay common ones
[51]

Despite these tools, automatic metrics often fail to fully capture caption quality,
especially in morphologically complex languages. Human evaluation remains critical

to assess fluency, adequacy, and contextual relevance.

I11. 9. Approaches for Morphologically Complex Languages

To address these linguistic challenges, several strategies have been developed:

e Subword Tokenization: Byte Pair Encoding (BPE) and SentencePiece divide
words into more manageable units, improving generalization and reducing
vocabulary size. This has proven useful in handling rare and compound words

in morphologically rich languages [52]

“ Tokenization is essential in NLP! ”

'

/ 1N\

“Tokenization” “is” “essential” “in” “NLP”

Figure 111.19: Example of Tokanization

In some tokenizers (like BPE used in BERT/Arabert), each word might be broken
further into subwords, but the idea remains the same <start> and <end> help define the

boundaries.

<start> helps the model know when to begin generating a sentence.

<end> tells the model when to stop generating.
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e Character-Level Embedding: Some models represent input at the character

level instead of words, offering more control over morphology and spelling.

e Morphological Analyzers: Tools like MADAMIRA and Farasa analyze words
into roots, stems, affixes, and POS tags, providing valuable features to the

language model, especially when labeled data is limited

e Transfer Learning: Pretrained multilingual models such as mBERT, XLM-R,
or mT5 allow for zero-shot or few-shot learning by transferring knowledge from
high-resource languages to Arabic. These models can be fine-tuned on Arabic

captions, even with smaller datasets

I11. 10. Arabic Image Captioning

Arabic image captioning is an emerging field in computer vision (CV) and natural
language processing (NLP) that focuses on automatically generating descriptive,
contextually accurate captions for images in the Arabic language. This task involves
complex challenges due to lack of labelled data in Arabic, Arabic's morphological

richness, right-to-left (RTL) script, and dialectal variations.
The Arabic image captioning has many benefits such as:

e Accessibility: Helps visually impaired Arabic speakers understand visual

content.
e Content Indexing: Improves Arabic image search and retrieval.

e Cultural Relevance: Captions must align with Arabic linguistic and social

norms.

I11. 10.1. Challenges in Arabic Image Captioning
The Arabic language presents unique challenges due to the complexity of the Arabic

language and the limitations of existing vision-language models.

I11. 10.1.1. Scarcity of Annotated Datasets

While datasets like MS-COCO and Flickr30K have fueled the progress of English
captioning systems, equivalent Arabic datasets are scarce. The lack of large-scale, high-

quality image-caption pairs in Arabic limits the ability to train deep models from scratch
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and necessitates alternative strategies like translation or transfer learning, but we

translated our dataset that’s we going to use in the next chapter.

o & oA

- Person in red and black parka climbing snow - Two children play soccer in the park.

covered hill. y : - Two children playing with a ball on the grass.
- A person in a black and red jacket walking up a - Two children playing with a ball on the grass.

snowy mountain.

- A person is walking up a snowy hill

- A person wearing a red jacket climbs a snowy hill.
- Mountain climber climbing snowy mountaintop.

- Two boys in a field Ricking a soccer ball.
- Two little boys are playing outside with their
soccer ball on the green grass.

ol i e milig 1oy £3gma Byian F g — Adyaond! B paddl 88 Hletly Glldds ~

Rl AL e o digy e~ ctialf e Bl pletdly Hlldd -

ot Al il ¢ o B Gkl paies — pmiatl e paddl 8,5y lely lldls -

el ot dod Gy Jlondf Goaiio — il 85 YUS 5y erlod! 9 Yl -

Tkl Bliae A0 iy £lagmng 6l poas Byisss §ukdys padmils Ut clintl e paddl 5 kil o ko GLLLD ozl -

Figure 111.20: Examples of Two Images with Their Caption while Using our
Translation to Create the Arabic Dataset

111. 10.1.2. Morphological Complexity

One of the major challenges in Arabic image captioning is the language's rich
morphology. Arabic words are typically derived from root-pattern structures that yield
multiple forms through affixation and internal changes. This leads to a large vocabulary
with sparse distribution, making it difficult for models to learn effective language

representations.

For example, the root "k-t-b" can generate many words like "<x<" (he wrote), "<us"
(book), and "4:%+" (library) as shown in figure 36. Each form may vary based on gender,

number, and case, further complicating learning in low-resource environments.
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Books Writers

-

“ o
ASo T
Library
Writing
El oy [P
Writer wlis :
Written

Figure 111.21: An example of the Lexical/Morphological Sparsity

I11. 10.1.3. Linguistic Variation and Dialects

Arabic includes various dialects and Modern Standard Arabic, causing differences
in grammar and vocabulary. This raises concerns about which variant a model should
use with some formal systems relying on one variant and real-world applications

containing mixed and inconsistent dialects. [53]

The Arabic language unlike English language deals with the male and females

individually for example in Figure below our translate is the right one.

Figure 111.22: A child in a pink dress is climbing up a set of stairs in an
entryway. Automatic Translation: Jaa .2 alldl (e de gana (lady B9 Ul i Jik
Jiall. Native Speaker Captioning: Jade & alblaldl ¢ ds gana muai G )9 Lgh 525 55 Al

BE

I11. 10.1.4. Tokenization and Embedding Issues
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Traditionally, Arabic tokenization is hard due to Arabic its agglutinative nature and
scripes when handling Arabic due to its script and characteristics. Models can
misclassify words with the same roots unless segmented correctly. Tools for
morphological analysis assist Arabic text preparation.

(and their books)

1/ Seperate in characters
2/ Tag each character

6o o I

I-SUFF B-SUFF I-WRD I-WRD B-WRD B-PRE]

1. Figure 111.23: Character-Level Segmentation and Tagging of an Arabic

Word in NLP

Disconnected  «

o

Beginning - | £
Middle - |
End — | &

Figure 111.24: Positional Forms of Arabic Letters Based on Context
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I11. 11. Conclusion

This chapter looked at how image captioning models have evolved from simple rule-
based systems to complex deep learning systems. It highlighted the difficulties of
applying these models to Arabic due to its complex language, limited resources, and

differences in dialect.

Current best practices use a combination of tools for breaking words into hunks, sub-
words modelling and transferring knowledge from models that work on multiple
languages. Evaluation metrics help compare results but human evaluation is still needed

for a detailed understanding.
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Chapter IV Implementation of Arabic Image Captioning Model

IV.1. Introduction

The implementation and evaluation of deep learning models for image description
is a crucial step in evaluating their practical virtue, particularly in morphologically
complex languages such as Arabic. This chapter centres on the realisation of an image
captioning system using the Arabic language, covering the technical pipeline from
dataset preparation to final model evaluation. The main objective of this chapter is to
explore how neural networks can be adapted to generate coherent and contextually

appropriate Arabic captions for images.

In the domain of generating image descriptions, model evaluation plays an essential
part. It not only provides insights into the precise results of the model but also
underlines its challenges and sectors of improvement. Due to being morphologically
rich and context-behaving, the Arabic language presents unique challenges in data
representation and model training alike. Therefore, a thorough assessment is crucial to
ensure that the model can handle the syntactic and semantic nuances of the language

effectively.

This final chapter highlights the sequential process of implementing an Arabic
image-captioning model, beginning with dataset preparation, providing details on the
model’s architecture, training processes, and hyperparameter tuning strategies used.
Lastly, the model's performance is accurately analysed using established metrics such
as BLEU along with a qualitative evaluation of generated descriptions. Throughout this
broad evaluation, this project intends to clarify both the strengths and imperfections in
the model, paving the way for future development and extensive applications in Arabic

image understanding.
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IVV.2. Data Preparation
The quality, accuracy, and linguistic richness of training data were crucial to the
success of any deep learning model, especially in image captioning tasks where
illustrations must be effectively placed together with natural language. This work was
carefully considerate of the selection and understanding of the dataset, its annotation

process, and the associated challenges.

1V.2.1. Collecting and annotating training data

e Dataset descriptions

This project utilised a publicly available dataset provided by Obeida ElJundi Arabic
image captioning repository [54], which was built on the globally acknowledged Flickr
8K dataset. The original Flickr 8K dataset contained over 8000 images, each annotated

with five English captions describing objects and scenes in everyday life. [55]
e Annotation process

The process followed a semi-automated approach. Initially, captions from the Flickr
dataset [55] were translated into Arabic using machine translation tools. However, to
refine the linguistic accuracy and semantic naturalism, these primary translations were

manually evaluated and improved by native Arabic speakers.

Image English Machine Human
Caption Translation Evaluation
Theatre in =~ JBY) (& = e z ol
the Roman  «laibdsley )l dbaadh Sl )l

ruins of Al Ll gl 4 5Y)
Timgad, Dl e
Algeria.

Table 1V.1: Image Description in English and Arabic with Machine Translation

and Human Evaluation [56]

This hybrid method allowed the creators to scale up the annotation procedure while
preserving a high degree of naturalness and cultural relevance in the Arabic
descriptions. The final dataset mirrors the nuances of the Arabic language, including its

rich morphology and syntactic form.
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1V.2.2. Textual Data Preprocessing
To ensure the quality and improved training results, we performed comprehensive
pre-processing of the Arabic captions— a crucial step to reduce noise and prevent errors

that could hinder the learning process.

The figure below, demonstrates the caption cleaning procedure to ensure the
consistency of the textual data:

" PREFPOCISEING

] Raw Captions -] Remove Empty o Remaove -] Filter lrrelevant L
Input Captions Dupiicates = Captions J )

CLEANING OPERANIONS

)}

¢ [ :
o - | . Remove o Standardize
S ’ K ' - a 3
> Normalize Text |'-—1 Correct Typos }—‘ Stopwords H Punctuation

A >/ Cleaned Dataset |
- Pl d Low /——,}{. Ou‘pu‘ /
“| Quality Captions & /

Figure IV.1: Caption Dataset Cleaning Pipeline

The Arabic captions were processed to correct errors and standardise the format

across the dataset. The following steps were taken to ensure that:

Stage Operation Purpose
Preprocessing Remove Empty Captions We eliminated captions
with no content
Remove Duplicates Repeated captions were
rephrased\removed
Filter Irrelevant Captions Unrelated captions to the
image context  were

excluded
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Cleaning Operations ~ Normalise Text Standardise text format
Correct Typos Fixed
spelling\typographical
errors
Standardise Punctuation  Consistent punctuation
usage
Table IV.2: Caption Cleaning Workflow

These steps aimed to reduce token variability and improve consistency in text
processing, as a result, simplifying the data and minimising the risk of
misinterpretation. Essentially, these measures contributed to improving the semantic
quality of the dataset, enabling alignment between image features and their respective

textual descriptions.

IVV.3. Development Tools and Frameworks
This project was implemented using Python 3.11.9 and developed mostly in Visual
Studio Code (VS Code) for local experimentation and script development, using a CPU
(16 GB RAM, Base Speed processor: 1.80GHz) compatible TensorFlow
(tensorflow_cpu==2.19.0).

For model training and evaluation, a paid Google Colab Pro was utilised to leverage
its GPU (A100 GPU) resources and seamless integration with TensorFlow and Keras
libraries. Our model used Keras (TensorFlow backend), along with standard libraries
such as NumPy, Pandas, Matplotlib, and NLTK for natural language processing tasks.
The collaborative and cloud-based environment of Colab facilitated rapid prototyping

and debugging during model training.

I1VV.4. Model architecture

The architecture of our Arabic image captioning model followed the encoder-
decoder paradigm, integrating CNNs and RNNs alongside an Arabic-specific
embedding and preprocessing strategy. The model was designed to generate accurate

and syntactically coherent Arabic captions for input images.
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Image feature
PR :
extraction 1

Captions —’ Text encodmg -------------------
to predict the next
word based on

rrent sentence

Figure 1V.3: Architecture of a Simple Image Captioning Model [57]

As shown above in figure (name), our model was split in two blocks; the first block

dedicated for image features and the second for encoded text.
e Image Feature

For the encoder part, we used the pre-trained VGG16 model shortened before the
final classification layer. The extracted feature map from the fc2 layer (shape: 4096) is

treated as a fixed-length image representation.

The dataset was resized to 224x224 pixels to match the input requirement of the
encoder network. The pixel values were normalised using the ImageNet-specific
preprocessing function from the library Keras (from keras.applications.vggl6 import
preproces_input), which centres the pixel values based on the ImageNet training mean

and std deviation.

e Text Encoding

For sequence modelling, we used a Long Short-Term Memory network. The LSTM
architecture received two inputs: the embedded caption tokens and extracted image
features. Input captions are first passed through a trainable embedding layer, followed

by an LSTM. In parallel, the image features are projected through a dense layer.

The outputs of both branches are then concatenated and passed through a fully

connected layer to predict the next word in the sequence.

e Embedding Layers
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Given the complexity and morphology of the Arabic language, effective text
representation is crucial. In the basic version of our model, we used trainable word
embeddings initialised randomly and updated during training. Each Arabic token was
appended to a 256-dimensional vector. To represent Arabic captions, we used a
trainable embedding layer of 256 dimensions. Each token in the caption sequence was

mapped to a vector, which was learnt jointly with the model parameters.

N NPUT PROCTSEING

B ®§__— G

|' Ssart Input | - Peceive Caption Split Caption |mo|
| Arabk Token | q Sequance Tokens

QUTPUT EMBETONGS
-1 PMRTTOMNG LATR

Vector

4 } e ! ~ T N
‘| Map Token to ’ + Update | Collect Token I Output \

= Embedding Sequence of |
During Training Embacngs i Fmbeddmga /

Figure 1V.4: Embedding Layers for Arabic Description

IVV.5. Training and Validation

This section outlines the training methodology used to optimise our Arabic image
captioning model, including the dataset partitioning, model configuration, loss

function, evaluation metrics, and monitoring training behaviour.
e Loss Function

The loss function governs how well the model predictions match the expected
output. For this sequence generation task, the categorical cross-entropy was used as a
loss function. Categorical cross-entropy was particularly suited for classification tasks

where the target output is a one-hot encoded vector, as is the case in image captioning.

14
Loss = = ) wlog(§1)
i=1

Equation 1V.1: Mathematical Expression for the Categorical Cross-Entropy
Loss Function [58]

e Optimiser and Learning Rate
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Training was carried out using the Adam optimiser [59], chosen for its adaptive

learning rate and convergence efficiency.

e Initial learning rate: learning_rate = 0.00003; controls how much the model
updates its weight with each step. Smaller values mean slower, more stable
learning.

e Gradient clipping: clipnorm = 1.0; prevents the gradients from getting too
large, by limiting their total size to 1 — useful for RNNs like LSTM.

Adam is preferred in DL tasks involving large datasets and variable-length

sequences due to its robustness in handling sparse gradients and noisy updates.
e Evaluation Metrics

To assess the quality of generated Arabic captions, both automatic and linguistic

metrics were used:

Metric Purpose
Bleu (1 and 2) Measures n-gram overlap between
candidate and reference captions
Table 1V.3: overview of Automatic Evaluation Metric BLEUs Used in Arabic

Image Captioning

These metrics collectively evaluate grammatical correctness, lexical accuracy, and

semantic similarity.
e Training Phases and Epochs

A complete pass through an entire selected dataset by learning algorithm is called

an epoch. It controls the times a model sees the dataset while training. [60]

In our program, the LSTM model we built was trained in three distinct phases, each
involving different dataset sizes and epoch configuration. A batch size of 64 was used

for the training process to balance computational efficiency and convergence stability.

e Inthe first iteration, a dataset of 3843 size was utilised, with the model trained

twice, 15 epochs followed by 20 epochs.
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e The second phase, the dataset size was dropped to 3074, intentionally to
observe the model’s learning behaviour over fast iteration cycles with extended
epochs. The model was trained over 10, 20, 30, 40, and 50 epochs.

e In the third and last phase, we utilised a larger dataset size, going up to 3843

samples, with training conducted for 20 and 40 epochs.

Across all three phase, performance and validation performance consistently peaked around
the 3rd epoch, specially validation accuracy reached its maximum values, stabilised up to the
8th epoch (<20 epochs), then the model’s training performance declined beyond this point,
indicating early overfitting.

IVV.6. Model Execution and Results
This section details the execution of each phase in the image captioning pipeline,
accompanied by sample code and the corresponding outputs. The model was divided

into six phases:

IV.6.1. Phasel: Image Feature Extraction

As mentioned earlier, we used a VGG16 model in order to extract features from the
Flickr8K images. The model successfully processed 8091 images from the Flickr8K
dataset. Each image was resized to 224x244 pixels, passed through the model to extract
4096-dimensional feature vectors from the fc2 layer, which served as the fixed-length

representation for caption generation.

Below are samples of the code used to display and inspect image feature extraction

process:

if min_height_file:
print(f"Image with the Minimum Height: {min_height} - {min_height_file}")

Image.open(min_height_file).show()

if min_width_file:

print(f"Image with the Minimum Width: {min_width} - {min_width_file}")

Image.open(min_width_file).show()

return features

Output Sample:
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Image with the Minimum Height: 127 — 456512643 0Oaac2fa9ce.jpg

Image with the Minimum Width: 164 — 3039209547 _81cc93fbec.jpg

print(" Sample feature shapes:")

for k in list(features_check.keys())[:5]:

print(k, features_check[k].shape)
Sample feature shapes:
1000268201_693b08ch0e (4096,)
1001773457 _577¢3a7d70 (4096,)
1002674143 _1b742ab4b8 (4096,)
1003163366_44323f5815 (4096,)
1007129816 _e794419615 (4096,)

print(f*Total features extracted: {len(features_check)}")

Total features extracted: 8091 (Flickr8K contain exactly 8091)

This confirms that the model successfully encoded all 8091 images into fixed-length

feature vectors for future use in the decoder model.

IV.6.2. Phase2: Caption Loading and Analysis
In this phase, the goal was to load Arabic captions, preprocess them, and associate
each description with its designated image. It was crucial for both training the model

and understanding the linguistic structure.
e Loading and Structuring Captions

The captions file consisted of lines in the format: Image_id.jpg<TAB>caption in
Arabic. Each caption was wrapped in <startseq> and <endseg> tokens to define

sequence boundaries for the LSTM decoder.

load_descriptions(filename):
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file = open(filename, 'r', encoding='utf-8")

doc = file.read()

mapping = {}

for line in doc.strip().split(\n’):

tokens = line.split("\t")

if len(tokens) 1= 2:

continue

image_id, caption = tokens

image_id = image_id.split(".")[0]
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caption = f'startseq {caption} endseq'

if image_id mapping:

mapping[image_id] =[]

mapping[image_id].append(caption)

return mapping
Output Sample:
103106960_eB8a41d64f8:
sl s s g LA (S carly o) jan B i o ik
(oSsedl s (8 casall ol 50 aly i Jika

e Visualisation of Captions with Images

To verify the relativity between text and image data, we visualised a few samples.
Arabic reshaping and bidirectional correction were applied for proper display in
Matplotlib.

subset = {k: descriptions[K] for k in list(descriptions)[:4]}

visualize_images_with_captions(subset)

Results:
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s> ise Wl Js s slis
il calll e Gl Glais 8 uio 8l
La poll caalll can I ol aai 8 ko 8l

ot €95 ] B35 by Llid (52305 8400 8LiS

OWilaiy ad ro alSs sgul S

ol e Jandl lagias, go Olak OlsII W AL Sgasl S
eolidl (29 pasdl lagiass W] Oldak di iy anl <lSs dswl S
Sl (e pasdl lagiass ] Ol dalie w¥Mw o pulS
wardl lagian; g2 QUi capo )l Gle pulS

sl (08 lgsaw powwso 755 pusd plol ulzs M)l slase & jukuo 8Ls
tha)uSc)suug‘s,oLduub:aowéhs .

5 i < uu,s:u].(« u‘aq_.:_| u“ul.ns pLo| -__A.Ah:.”uJ.Ce_LoK)” Ol’Jll_g‘A&LTB)QM slis
259 wsd avs) plol pulw yilas ol slis Jln

il e bl 9 s Hliie @l 8k sl

sl ISl ay ogysa aniisle ey

casily ulzy ssawly yanl S o 7 UL azio s il 2,
caslS go aipll (58 azio ol x5 rall s le 2,

@I Gle pulz QS dluluy Suas asés Gle Glins J2,

Figure IV.5: Visualised Samples from Text and Image Data

We conducted a DataFrame and computed statistics such as caption length,

vocabulary size, and word frequency.

e Basic Statistics:

print(f"Total captions loaded: {len(data)}")

print(f"Unique image files: {data['file'].nunique()}")
Output:

Total Caption Loaded: 40455
Unique Image Files: 8091

e Maximum Caption Length :

max_caption_length = calc_max_length(all_captions)

print(f"Maximum caption length (in words): {max_caption_length}")
Output:

Maximum caption length (in words): 31
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total words = data['caption’].apply( x: len(x.split())).sum()

print(f*Total number of words: {total words}")

Output:

Total number of words: 336394

total_chars = data['caption’].apply( x: len(x)).sum()
print(f"Total number of characters: {total_chars}")
Output:

total number of characters: 1851771

df_word(df_txt):

vocabulary =[]

for i in range(len(df_txt)):
temp = df_txt.iloc[i, 2]
vocabulary.extend(temp.split())

print("VVocabulary Size:", len(set(vocabulary)))

ct = Counter(vocabulary)

dfword = pd.DataFrame({
"word": list(ct.keys()),

"count": list(ct.values())

)

dfword = dfword.sort_values("count"”, ascending=
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dfword = dfword.reset_index(drop=
return dfword
Output:

Vocabulary size: 19540

Count Word
0 15461 o
1 13933 e
2 7065 e
3 6541 Qi<
4 6321 day

Table 1V.4: Five Most Used Words in the Arabic Captions

plthist(dfsub, title="Top 50 Most Frequent Words"):
plt.figure(figsize=(20, 3))
plt.bar(dfsub.index, dfsub["count"])
plt.yticks(fontsize=16)
plt.xticks(dfsub.index, dfsub["word"], rotation=90, fontsize=14)

plt.title(title, fontsize=18)
plt.tight_layout()
plt.show()

plthist(dfword.iloc[:topn], title="Top 50 Most Frequent Words in Captions")
Output:
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Top 50 Most Frequent Words in Captions

5000
J000 -
5000 -
o - W 3 LS
B9 PG TP WO BB NATIY D 3T NI G BB LM 90 )3 A8 30 )M ) )3 D)D
333397 3R I8 8330353380 088303537533 3455 33553
3 R e e AR IR A= =L S BEL o i

Figure 1V.6: Top 50 Most Used Words in Arabic Captions

This stage provided a cleaned, structured corpus of image-caption pairs and crucial

statistics for preparing the tokenizer and training pipeline.

IV.6.3. Phase3: Linguistic Cleaning and Caption Normalisation

Arabic, as a morphologically rich language, introduces additional preprocessing
challenges for natural language processing. This particular phase centres on
normalising and cleaning the caption text to reduce redundancy, handle orthographic

variants, and improve token consistency before model training.
[ ]

Text Cleaning Utilities

Several Arabic-specific and general NLP utilities were used for preprocessing:

Cleaning Step Command Used Description Purpose
Diacritic strip_diacritics Remove all harakat Reduce token
Removal variability and

strip_tashkee improve
consistency in text
processing
Tatweel and strip_tatweel Eliminate Simplify the
Punctuation elongation captions and avoid

Removal

Duplicate

Removal

Done manually

characters (-) and
unnecessary
punctuations
Delete  identical

captions

misinterpretation

during tokenization
Prevent overfiting
and ensure diverse

training examples
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Incomplete  or Done manually Removed very Improve the
Malformed short, semantic quality of
captions grammatically the training data
incorrect, or
nonsensical

captions using
manual review

Table 1V.5: Caption Cleaning Steps Applied to the Arabic Dataset

import pandas as pd
import string
import re

import nltk

from num2words import num2words

import arabic_reshaper

from pyarabic.araby import (
strip_diacritics,
strip_tashkeel,
strip_tatweel,

)
from bidi.algorithm import get_display

e Loading and cleaning the dataset:

data_path = r'C:\m \c \c

data = pd.read_csv(data_path, sep="\t', names=['image_id', 'caption’, 'extraT,

encoding="utf-8")

print("Missing captions:", data['caption’].isna().sum())

data['caption’] = data['caption’].fillna(")

Output:
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Missing Captions: 0
e Clean all captions:

cleaned_captions =[]

caption_lines =]

for i, row in data.iterrows():
image_id = row['image_id"].replace(’.jpg’, ").strip()
caption = row['caption’]

cleaned = clean_text(caption)

cleaned_captions.append(cleaned)

caption_lines.append(f*{image_id} {cleaned}")

Example:
Before: a5yl b dake 438 g1 L0 00 aliall (e adY) datiall,
After: ol 8 dalac 23S0 Ld 3 4500 dalise (o (oacall 22

Aspect Improved Explanation

Tokenization accuracy Cleaning removed noisy characters and
standardized forms, allowing tokenizers
to segment words more accurately.

Vocabulary consistency Normalization reduced variations of the
same word (e.g., "g" 5" "e" ) I i
), which helped to reduce vocabulary
size.

Model convergence With cleaner, the model was able to learn
mappings between images and captions
more efficiently, resulting in faster
convergence.

Table 1V.6: Impact of Caption Cleaning on Model Performance

e Vocabulary Analysis
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clean_vocabulary = set()
for txt in cleaned_captions:

clean_vocabulary.update(txt.split())

print('Clean VVocabulary Size:', len(clean_vocabulary))

Output:
Clean vocabulary size: 12762

e Baseline Dataset comparison:

Aspect ElJundi’s Baseline Our Model
Dataset Flickr8k-arabic Flickr8k-Arabic
Captions per image 3 5

Language Cleaning Profound Advanced

Table I1V.7: Baseline Comparison between our Dataset and Obeida ElJundi’s

1V.6.4. Phase4: Memory-Efficient Data Loading and Preparation for Training
This phase was designated for loading only the required subset of data — image
features and cleaned captions, into memory for the model training. The complete

dataset was filtered down to only the image IDs used for training.
e Loading Training Image IDs

The training image IDs were obtained from a predefined split file, where each line
contains an image filename. This emsure the model is trained only on a consistent

subset.

load_image_ids(filename):

with open(filename, 'r', encoding="utf-8") as file:

lines = file.read().strip().split(\n’)

return set(line.split(".")[0] for line in lines if line.strip())

filetrain = \m \c
\t
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train_ids = load_image_ids(filetrain)

print(f[Train] Number of image IDs: {len(train_ids)}"
Output:

[Train] Number of image IDs: 3646
e Loading Image Features

Image features extracted using VGG16 (look up phase 1) were saved in a pickle file,

then were loaded into memory for future use.

load_selected photo_features(features_path, image_ids):

all_features = pickle.load(open(features_path, 'rb"))
selected_features = {img_id: all_features[img_id] for img_id in image_ids if
img_id in all_features}

return selected features
features_path = r'C:\m \f
train_features = load_selected_photo_features(features_path, train_ids)

print(f[Train] Loaded features for: {len(train_features)} images')
Output:

[Train] Loaded features for: 4994 images
e Loading Cleaned Captions

This step loads the cleaned captions created in phase 3, and filters then down to only

those relevant for the training.

load_cleaned_captions(cleaned_caption_path, image_ids):
Load cleaned captions for selected image I1Ds."""
descriptions = {}
with open(cleaned_caption_path, 'r', encoding="utf-8") as file:

for line in file:

tokens = line.strip().split(‘'\t")
if len(tokens) < 2:
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continue
image_id, caption = tokens[0].split(".")[0], tokens[1]
if image_id in image_ids:
if image_id descriptions:
descriptions[image_id] =[]

descriptions[image_id].append(f'startseq {caption} endseq’)

return descriptions

cleaned_caption_path = r'C:\m
\c \c
train_descriptions = load_cleaned_captions(cleaned_caption_path, train_ids)

print(f[Train] Loaded descriptions for: {len(train_descriptions)} images’)

Output:
[Train] Loaded descriptions for: 3646 images
e Verifying Data Integrity

Checking for any image IDs without captions ensures consistency in downstream

training steps.

missing_ids = train_ids - train_descriptions.keys()

print(f'Missing descriptions for: {len(missing_ids)} images’)

print("1Ds:", missing_ids)
Output:

Missing descriptions for: 0 images
IDs: none

This phase ensured only relevant data was loaded into memory—reducing resources
usage while maintaining alignment between features and descriptions. The filtered

datasets were now ready for tokenisation and model input formatting.

IV.6.5. Phase 5: Model Construction and Training
This phase details the implementation of the Arabic image captioning model’s

pipeline. Following the typical encoder-decoder pattern, a pre-trained CNN encodes the
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visual data, and an LSTM encoder generates the corresponding Arabic caption word-
by-word. The model was built and trained using the deep learning API library Keras

(TensorFlow backend).
e Libraries and Environment

import numpy as np

import matplotlib.pyplot as plt
import pickle

import keras

import tensorflow as tf

from keras.applications.mobilenet_v2 import preprocess_input

from keras.models import Model

from keras.layers import Input, Dense, LSTM, Embedding, Dropout, concatenate
from keras_preprocessing.sequence import pad_sequences

from keras.utils import to_categorical

from keras.callbacks import ModelCheckpoint

from nltk.tokenize import word_tokenize

import re

import pyarabic.araby as ar

print(keras.__version__)

Output:

Environment: TensorFlow backend, Keras API, NLTK for tokenisation, PyArabic for

handling Arabic-specific text patterns.

e Loading and Verifying Data

features_path = r'C:\m \f
with open(features_path, 'rb") as f:

raw_features = pickle.load(f)

train_features = {k: np.squeeze(v) for k, v in raw_features.items()}

load_captions_from_file(file_path):
captions = dict()
with open(file_path, 'r', encoding="utf-8") as file:
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for line in file:
line = line.strip()
if line:
continue
parts = re.split(r'\s+', line.strip(), maxsplit=1)
if len(parts) 1= 2:
print(f*Skipping malformed line: {line}")
continue
key, caption = parts
image_id = key.split('#)[0]
captions.setdefault(image_id, []).append(caption)

return captions

captions = {k.replace(".jpg’, "): v for k, v in captions.items()}

sample_caption_keys = list(captions.keys())[:5]
print("Sample caption keys:", sample_caption_keys)

print("Sample feature keys:", list(train_features.keys())[:5])

missing = [k for k in captions if k train_features]

print(f"Missing image features for {len(missing)} images. Example: {missing[:5]}")
Output:

Sample caption key: [‘1000268201 693b08cbOe’, 1001773457 577c3a7d70’,
‘1002674143 1b742ab4b8’, ‘1003163366 4432315815°, ‘1007129816 _e794419615°]

Sample feature keys: [‘1000268201 693b08cbOe’, 1001773457 577c3a7d70’,
‘1002674143 _1b742ab4b8’, ‘1003163366 44323£5815°, ‘1007129816 _e794419615°]

Missing image features for 0 images. Example []

e Tokenisation
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Arabic captions were tokenised using NLTK, and a simple custom tokenizer was

created:

create_tokenizer(lines):
all_tokens =]
for line in lines:
tokens = word_tokenize(line)

all_tokens.extend(tokens)

vocabulary = set(all_tokens)

word_index = {word: i+1 for i, word in enumerate(vocabulary)}

tokenizer = {

‘word_index'": word_index,

'index_word": {i: word for word, i in word_index.items()},

'vocabulary_size": len(vocabulary)

return tokenizer

tokenizer = create_tokenizer(captions_list)

if tokenizer['word_index']:
print("Tokenizer created successfully!")
else:

print(*"Tokenizer not created.")

token_directory = 'C:\master
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with open('tokenizer.pkl', '‘wb’) as f:

pickle.dump(tokenizer, f)

vocab_size = len(tokenizer['word_index]) + 1

print("Vocabulary Size: %d' % vocab_size)

Output:
Tokenizer created successfully!
Vocabulary size: 10902

e Maximum Caption Length

max_length(captions_list):

return max(len(d.split()) for d in captions_list)

max_length = max_length(captions_list)

print("Max Caption Length: ", max_length)
Output:

Max Caption Length: 29
e Model Architecture
The model combines:

Image feature encoder: Dense layer to project 4096-D image vector into the latent

space

Caption decoder: Embedding — LSTM — Dense with softmax for next-word

prediction

from keras.layers import Input, Dense, LSTM, Embedding, Dropout, concatenate

from keras.models import Model
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define_model(vocab_size, max_length):
inputsl = Input(shape=(4096,))
fel = Dropout(0.5)(inputsl)
fe2 = Dense(256, activation="relu’)(fel)

inputs2 = Input(shape=(max_length,))

sel = Embedding(vocab_size, 256, mask_zero= )(inputs2)
se2 = Dropout(0.5)(sel)

se3 = LSTM(256)(se2)

decoderl = concatenate([fe2, se3])

decoder2 = Dense(256, activation="relu’)(decoderl)

outputs = Dense(vocab_size, activation="softmax’)(decoder2)

model = Model(inputs=[inputsl, inputs2], outputs=outputs)
model.compile(loss="categorical_crossentropy’, optimizer="adam’,

metrics=['accuracy’])

print(model.summary())
return model
model = define_model(vocab_size, max_length)

Output:
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Layer (type) Output Shape Connected to

input_layer_1 (

= theut_Laver HONA)

input_layer (

embedding ( )

1stm ( ) dropout_1[2][@],
not_equal[@e][@]

Figure IV.7: A Sample from the Model's Output (Model's Summary)

e Data Sequencing and Generator

A data generator was defined to:

Create sequences: <image features, partial caption>—next word
Yield batched to the model

w N

create_sequence(tokenizer, max_length, desc_list, photo):

print("Photo shape in create_sequence:", photo.shape)

X1, X2,y = list(), list(), list()
for desc in desc_list:
tokens = word_tokenize(desc)
seq = [tokenizer['word_index'][word] for word in tokens if word
tokenizer['word_index]
if len(seq) < 2:
print(f"Too short: {desc}")
continue
for i in range(1, len(seq)):

in_seq, out_seq = seq[:i], seq[i]

in_seq = pad_sequences([in_seq], maxlen=max_length)[0]
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out_seq = to_categorical(Jout_seq], num_classes=len(tokenizer['word_index'])
+1)[0]

X1.append(photo)

X2.append(in_seq)

y.append(out_seq)

return array(X1), array(X2), array(y)

data_generator(descriptions, photos, tokenizer, max_length):
for key, desc_list in descriptions.items():
if key photos:
continue

photo = np.squeeze(photos[key])

in_img, in_seq, out_word = create_sequence(tokenizer, max_length, desc_list,

photo)
if len(in_img) == 0:
continue
yield (in_img, in_seq), out_word
Output:

Photo shape in created_sequence: (4096,)
e Training Configuration and Experimental Phases

As mentioned earlier in Training Phases and Epochs, to evaluate the model’s
performance under different dataset sizes and training regimes, three distinct phases

were executed.
Below are the results extracted from each phase:
e First Iteration:

The purpose of this phase was baseline learning curve observation.
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Figure 1V.8: Samples from the First and Last Epoch Iteration (15 Epochs)

e Second lteration

The purpose of this phase was examining the behaviour of the model under smaller
data and longer training.

e Results of the First Training (10 epochs):

—8— Training Loss
Validation Loss

IIAN

Epoch

Figure 1VV.9: Loss Curve Over 10 Epochs

Results of the Second Training (20 epochs):
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Figure 1V.10: Loss Curve Over 20 Epochs

Results of the Third Training (30 Epochs):

Implementation of Arabic Image Captioning Model

10 4

—8— Training Loss
—— Validation Loss

T
0 5 10 15 20 25
Epoch

Figure IV.11: Loss Curve Over 30 Epochs

Results of the Fourth Training (40 Epochs):
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—&— Training Loss
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Figure 1V.12: Loss Curve Over 40 Epochs

e Results of the Fifth and Last Training (50 Epochs):

10 +

—&— Training Loss
—#— Validation Loss

Epoch

Figure 1V.13: Loss Curve Over 50 Epochs

e Third lteration

The purpose of this phase was validating learning on larger data, test generalisation.

e Results of the First Training (20 Epochs):
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—— Training Loss
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Figure 1V.14: Loss Curve Over 20 Epochs

Results of the Second Training (40 Epochs):

Special Layer

Feature Dim

None
4096

+ Dropout regularisation
Dropout (0.5)
4096
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Figure 1V.15: Loss Curve Over 40 Epochs

Baseline Model Architecture Comparison

Aspect ElJundi’s Model Our Model

Encoder VGG16 VGG16

Decoder Embedding—LSTM—Dense Embedding—LSTM—Dense
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Caption Embedding Standard Tuned to 256-dim
Loss Categorical Cross entropy Categorical Cross entropy
Optimiser Adam Adam

Table 1V.8: Baseline Comparison between the Two Models" Architecture

IVV.6.6. Phase 6: Caption Generation and Evaluation

In the final phase, the trained model was tested on unseen images. The objective was
to generate natural, grammatically accurate Arabic descriptions and evaluate their
quality using both automatic and qualitative methods.

e Generated captions

To improve variation and avoid repetitive phrases, search beam [61] was used. Beam
search is a widely-used decoding strategy for sequence generation tasks like translation
and captioning. Instead of picking the single best word at each step (like greedy), it
keeps multiple candidate sequences and expands then in parallel.

This balances:

e Higher fluency.
e Better global context.
e Fewer nonsense phrases than pure sampling.

e Snippets from the Model:

generate_desc_beam(model, tokenizer, photo, max_length, beam_size=3):
word_index = tokenizer.get(‘word_index’, {})
index_word = tokenizer.get(‘index_word', {})

if 'startseq' word_index:
print("[WARNING] Adding fake 'startseq' -> 1")
word_index|['startseq] = 1
index_word[1] = 'startseq’

if 'endseq’ word_index:
print("[WARNING] Adding fake ‘endseq' -> 2")
word_index['endseq] = 2
index_word[2] = "endseq'

start_index = word_index['startseq’]
end_index = word_index['endseq’]

sequences = [[[start_index], 0.0]]
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for _in range(max_length):
all_candidates =[]
for seq, score in sequences:
if seq[-1] == end_index:
all_candidates.append([seq, score])
continue

sequence = pad_sequences([seq], maxlen=max_length)
yhat = model.predict([photo.reshape((1, 4096)), sequence], verbose=0)[0]

for idx, prob in enumerate(yhat):
if prob > 0:
candidate = [seq + [idx], score - np.log(prob + 1e-8)]
all_candidates.append(candidate)

ordered = sorted(all_candidates, key= tup: tup[1])
sequences = ordered[:beam_size]

best_seq = sequences[0][0]
final_caption = [index_word.get(idx, ") for idx in best_seq]

if 'endseq’ in final_caption:
end_idx = final_caption.index(‘endseq’)
final_caption = final_caption[:end_idx+1]

return ' ".join(final _caption)
e Automatic Evaluation
BLEU-1 and BLEU-2 scored the generated captions, for n-gram precision, with

smoothing for small samples.

Code:

evaluate bleu(candidate, references):

smoothie = SmoothingFunction().method4
candidate = candidate.split()

references = [ref.split() for ref in references]

bleul = sentence_bleu(references, candidate, weights=(1, 0, 0, 0),
smoothing_ function=smoothie)

bleu2 = sentence_bleu(references, candidate, weights=(0.5, 0.5, 0,
0), smoothing_ function=smoothie)

return bleul, bleu2
Example Output:

Generated: startseq uwesd «s_e vie z) sl & by s endseq

BLEU-1: 0.1333, BLEU-2: 0.0959
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e Baseline Comparison

To validate improvements, the results were compared with Obeida ElJundi’s

baseline [54]:

Metric Eljundi’s Work Our Work
BLEU-1 ~0.45 0.1200
BLEU-2 N/A 0.0670

Table 1V.9: Baseline Evaluation Comparison between Our work and Obeida
ElJundi's

e Results from Testing Phase:

The results are in Arabic; an image with the generated caption followed by ground

truth caption.

Image Generated Caption Ground Truth Caption
Sle e dalngle e daln o Gl pfulla
L el das o Legial o

g ol b die aly Jik
Qe Gl 4wl (535 e

el

S N P P P e ot die yhlidl gla e

Table 1V.10: Results of the First Test

It is evident that the generated captions contain repetitive and irrelevant words
compared to the ground truth captions, indicating that the model needs improvement in

generating coherent and contextually accurate descriptions.
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Image Generated Caption Ground Truth Caption
i Gla gl glal @l e il gl il

el zlsal Bl ua sa s sl LS e aly Jiha
el g e Gyt Gy awdle (g3

el

o BpS AUlL Aas Claal e die phlidl gl e

ol (e 2 e AL leall ) guna Jas g (el

Table 1V.11: Results of the Second Test

The new outputs are closer in structure and content to the reference captions,
demonstrating the positive impact of the search beam decoding strategy on generation

quality.

It is important to recognise that Al models, especially in complex tasks like image
captioning, are inherently imperfect and rarely deliver optimal performance on the first
attempt. Developing a robust Al system is an iterative process that requires continuous

experimentation, testing, and refinement based on observations and failure analysis.

IV.7. Future Improvements and Optimisations
The current image captioning model achieved low scores predicted by BLEU (1 and
2) indicating significant room for improvement. To address these shortcomings and

enhance future performance.

To further enhance the quality and accuracy of the generated captions, future
improvement should focus on optimising model parameters, fine-tuning on larger and
diverse datasets (such as MS COCO or Flickr30K). The model relies on VGG16 model,
an outdated model compared to modern CNN backbones like ResNet [62] and
EfficientNet [63]. Switching to this architecture could provide richer, more robust

image features, which is critical for generating meaningful captions. Transitioning from
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RNN-base decoders to Transformer-beased models, such as Vision-and-Language
Transformer [64] or Vision Transformers [65], can better handle long-range

dependencies and improve caption fluency.

Additionally, evaluating the model with human feedback and iterative retaining can
help reduce repetitive or irrelevant outputs and align the generated descriptions more

closely with human-like language.
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I\VV.7. Conclusion

Our work presented an end-to-end Arabic image captioning system based on a
convolutional encoder and a recurrent decoder, trained on a manually cleaned and
normalised version of the Flickr8k dataset translated into Modern Standard Arabic. The
model was evaluated using standard metrics, where it demonstrated improved

performance.

However, like all models, our project had limitations, particularly in handling
complex scenes and generating descriptions due to vocabulary constraints.
Additionally, the dependency on pre-trained models restricted the adaptability across

diverse domains.

In conclusion, this project provided a concrete foundation for Arabic image
captioning and displayed the practicality and value of combining classic encoder-

decoder architectures with modern Arabic NLP tools.
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General Conclusion

The work presented in this thesis explored the development of an Arabic image
captioning system by integrating concepts from image processing, artificial
intelligence, and natural language processing. Through a progressive and structured
approach, we examined the theoretical foundations, technical methodologies, and
practical implementations necessary to tackle the challenges of automatic image

description in the Arabic language.

In the first chapter, we established the importance of digital images and image
processing techniques, which serve as the foundation for visual data understanding in
intelligent systems. The second chapter introduced the key principles of artificial
intelligence, with a particular focus on deep learning and neural networks, highlighting
their crucial role in analysing and interpreting visual information. Building on this
foundation, the third chapter reviewed the evolution of image captioning models,
emphasizing the linguistic and technical obstacles faced when working with Arabic,

such as its complex morphology, limited resources, and dialectal diversity.

The practical contributions of this work were detailed in the fourth chapter, where
we implemented an end-to-end Arabic image captioning system based on a
convolutional encoder and recurrent decoder architecture. The system was trained on a
manually curated Arabic dataset derived from the Flickr8k corpus and demonstrated
promising results, generating coherent and semantically relevant descriptions for
simple visual scenes. Nonetheless, the work revealed certain limitations, particularly

when dealing with complex images and domain adaptation.

Overall, this thesis contributes to addressing the gap in Arabic image captioning
research by providing a concrete, functional system and by illustrating the potential of
combining classical computer vision techniques with modern Arabic language models.
Future work can explore architectures that are more advanced, larger and more diverse
datasets, and further integration of linguistic resources to enhance the system's

performance and generalization capabilities across different domains.
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