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Abstract

Image captioning involves transforming an input image into a textual description
(caption), bridging the gap between Vision and Language in a creative manner.
Various datasets can be annotated manually with appropriate captions for each
image. However, such maneuvers can quickly become burdensome relative to the
dataset size or the number of datasets. Therefore, there exists a critical need for
adequate automatic image caption generation. The focal aim of this task is to create
a human-like description of the content and context (semantic) of the image, often

including details about objects, actions, and relationships within the scene.

This thesis proposes semantic-based captioning system to maximize the accuracy
of caption generation. The system employs an encoder-decoder architecture that
relies on attention mechanism to stimulate the selective observation of important
image features from a set of available features. It comprises three key phases:
Preprocessing, Feature Extraction (Encoding), and Feature Decoding. In the first
phase, both image and caption data undergo preprocessing. In the second phase, two
types of features are extracted: Generic features (deep visual features) extracted from
pre-trained model and Specific features (object features) extracted from the object

detection pre-trained model.

To improve the accuracy of the proposed system, this thesis exploits object
detection to compute a new feature called Priority Factor that maximizes the
activation of semantically important objects in a given image. Finally, these various
features are combined together in the concatenation step. Unlike previous methods,
the concatenation occurs before feature reduction, resulting in a raw and unprocessed
feature matrix. The third phase is a deep neural network that consists of three

processing blocks: Reduction, Attention, and Language. During this phase, the input



feature set is passed through extra layers (Dense, LSTM) for vector-based
manipulation to learn feature-vocabulary associations and this, in turn, leads to

generating a trained model.

The experiments are conducted using a common dataset in computer vision
(MSCOCO) and evaluated its performance using eight metrics. The results prove the
effectiveness of incorporating specific features. This improves various assessment
measures, including BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR, CIDEr,
ROUGH-L and SPICE, especially after adding the proposed Priority Factor feature
to object features. Hence, a description corresponding to the main semantic content
of the image is generated. Additionally, this system outperforms four state of the art
approaches in BLEU-1 (76.2), BLEU-2 (60.1), BLEU-3 (47.2), and SPICE (15). As
a result, the thesis findings can help individuals who are blind or visually impaired
by generating descriptions of images found on the web, in documents, or in social
media posts, allowing visually impaired individuals to understand the content of

images they cannot see.
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Chapter One
General Introduction



Chapter One: General Introduction

1.1 Introduction

The integration of computer vision and Natural Language Processing (NLP) paves
the way for a captivating task known as image captioning, which aims to generate
descriptive and coherent textual descriptions for images. In today's digital era,
Images and videos are pervasive across the internet, social media, e-commerce, and
various other online platforms. While the visual content in such files can offer rich
and interesting elements, interpreting the semantics of such contents may present a
significant challenge from a machine readability viewpoint [1].

Automatic Image Captioning (AIC) is a computer vision task that aims to
redeem the gap between visual and semantic comprehension by enabling machines
to generate descriptive and contextual captions for images. AIC often involves
detecting and recognizing objects within an image, reasoning the relationships
between them, and then utilizing a language model to describe them with short
sentences. AIC offers benefits for an overload of applications in different domains
such as biomedicine, education, digital libraries, semantic web, and so on [2].

Existing AIC systems utilize deep learning models to automatically generate
captions [3], [4]. By training such models on large image sets, a deep learning
approach learns the best model to annotate an unseen image with appropriate
caption. Such approach learns relations between overall image features and
corresponding words in the caption. Recent systems are typically based on Encoder-
Decoder (ED) architecture [5], which involves a two-step process. The encoder
analyzes the input image to extract its features, which are then passed to the decoder
using a language model based on Long Short-Term Memory (LSTM) [6], Gated
Recurrent Unit (GRU) [7], or their derived adaptations, generating a coherent and

1



Chapter One General Introduction

descriptive caption based on these features. The attention mechanism assumes a
central role within the domains of AIC and machine translation, prominent aspects
of deep learning research. Empirical evidence underscores its effectiveness in
augmenting accuracy by compelling the model to selectively focus on diverse
aspects of the input data during the generation of output sequences [8].

To comprehend an image, the AIC system employs a pre-trained Convolution
Neural Network (CNN) [9] to extract generic feature matrices from the final
convolutional layers. Such workflow facilitates the comprehensive understanding of
various object aspects and their interconnections within the image. Many approaches
have been proposed to investigate the incorporation of object detection features
along with generic features, so this type of feature guides the attention toward
particular regions within the image [10]. Therefore, the model may learn particular
relation features and their corresponding words in the language model. Notably, the
models employed in these investigations usually are YOLOv3 [11], YOLOv4 [12],
and YOL 09000 [13].

1.2 Research Problem

In this era of big data, images contain a large portion of unstructured data available
on the internet. However, this information source must be available for various
information management tasks (such as information retrieval, semantic search, and
summarization). Accordingly, previous typical AIC systems are based on ED
architecture, which involves a two-step process. The encoder analyzes the input image
to extract its features, which are then passed to the decoder using a specific language
model, generating a coherent and descriptive caption based on those features.
However, there can be always certain features in a given image which may be regarded
as more important than others in accurately defining the semantics of the image’s

content. Therefore, such a system should investigate the incorporation of specific
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features to guide the attention toward particular regions of importance within the

image.
1.3 Related Works

Some of the related works are reviewed here. Table 1.1 shows a summary of the

reviewed studies.

Vinyals et al [3] in 2015 introduced an AIC approach that consists of caption
generation and image feature extraction components. This approach extracts image
features from an input image and produces captions using CNN and LSTM. LSTM
initial state incorporates image information, and then the current time step and the
prior hidden state are used to generate words from the language model. This
workflow continues until the final token is discovered. Since image data is only fed
at the mitial phase of the workflow, it may suffer a vanishing gradient. For empirical
evaluation, the researcher used multiple datasets, namely: PASCAL, Flickr 30k,
SBU, and MSCOCO. The performance analysis shows improved captioning task,
with BLEU-1 score of 59 on PASCAL dataset, 66 on Flickr 30k dataset, and 28 on
SBU dataset. Whereas with MSCOCO dataset they achieve a BLEU-4 of 27.7,
METEOR 23.7, and CIDER 85.5.

Jiaet al [14] in 2015 introduced an augmentation of the LSTM model referred to
as Guided Long short-term memory (gLSTM) in order to address the gradient issue
during the generation of lengthy sentences. The gL.STM incorporates global
semantic knowledge into both the gate and cell state of LSTM. In their empirical
evaluation, they obtained scores of 0.647, 0.459, 0.318, 0.216, and 0.201 on BLEU-
1, BLEU-2, BLEU-3, BLEU-4, and METEOR respectively for the Flickr8k dataset.
Correspondingly, for the Flickr30k dataset, the scores were 0.646, 0.466, 0.305,
0.206, and 0.179, which outperformed the scores for Flickr8k. Meanwhile, the
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highest scores achieved were on the MSCOCO dataset, with values of 0.670, 0.491,
0.358, 0.264, and 0.227 respectively. Such CNN/Recurrent neural network (RNN)
based approaches which utilize unidirectional LSTM architectures are characterized
by their limited depth. In the case of unidirectional language generation techniques,
the prediction of the next word relies on the visual context and all preceding textual
contexts. Consequently, the employment of unidirectional LSTM poses limitations

in generating contextually coherent captions.

In 2016, Wang et al [15] proposed an advanced approach for generating image
captions, using a deep architecture based on bidirectional LSTM (Bi-LSTM). The
proposed method shows the capability to produce image captions that are both
contextually and semantically comprehensive. The researchers conducted
experiments using various datasets, including Flickr 8k, Flickr 30k, and MSCOCO.
Notably, their approach yielded the most favorable outcomes on the Flickr 8k
dataset, achieving a BLEU-2 score of 46.8, a BLEU-3 score of 32.0, and a BLEU-4

score of 21.5.

Yang et al [16] proposed in 2017 a multi neural network model designed to
automatically generate descriptive captions for images. The model follows a two-
step process, it starts with the extraction of object information and its respective
spatial locations within the image using VGGNet and Fast R-CNN pre-trained
models. Subsequently, an RNN with LSTM units and an attention mechanism are
employed to generate captions based on this extracted information. By incorporating
both object information and spatial locations, the model can effectively capture the
content of images and generate contextually relevant captions. For empirical
evaluation, they achieved the best results on MSCOCO dataset with BLEU-3 score
of 39.2, CIDEr 85, and ROUGH-L 52.1.

Yin and Ordonez [17] in 2017 introduced an ED-based approach that encodes a

4
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given input as a sequence of objects along with the position of each object using
LSTM network during the encoding phase. During decoding, the approach utilizes
LSTM as the language model for interpreting the input representation and assigning
appropriate captions. Although the researchers achieved good captioning results
using YOLO9000 for object detection and Visual Geometry Group (VGGQG) for visual
feature processing, they also demonstrated better results by combining CNN and
YOLO. Thus, they improve an image captioning model from 0.863 to 0.950 (CIDEr
score) on MS-COCO dataset. Notably, they did not use all available data from the

object features produced by YOLO, such as object dimensions and confidence.

Vo-Ho et al [18] in 2019 developed an AIC system, encompassing the extraction
of specific features derived from YOLO9000 and Faster Region-based
Convolutional Neural Network (Faster R-CNN). Subsequently, an attention module
was employed to process each category of features that represent the area that the
model is now focusing on. Employing an LSTM model, term probabilities within
the predefined vocabulary were estimated iteratively using the incorporation of the
two sets of localized features. The refinement of findings and output optimization
was achieved via a beam search methodology, facilitating the selection of the most
optimal caption outcome. Accordingly, they achieved on MSCOCO dataset the
scores 0.723, 0.554, 0.414, 0.310, 0.250, 0.532, and 0.942 on BLEU-1, BLEU-2,
BLEU-3, BLEU-4, METEOR, ROUGE-L, and CIDEr respectively.

Iwamura et al [19] in 2021 suggested an approach that involves feature extraction
(using ResNet-101), motion estimation, object detection (using Faster R-CNN,) as
well as captioning. For empirical evaluation, the researcher used multiple datasets,
namely: a public image collection, MSR-VTT2016, and MSCOCO. The
performance analysis shows improved captioning task, with BLEU score 49.9 and

METEOR 16.1 on MSR-VTT2016, whereas with BLEU 75.9 and METEOR 26.7
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on MSCOCO.

Al-Malla et al [20] in 2022 presented an ED-based system with improved
architectural design by incorporating the concept of attention. The system relies on
an Xception a pre-trained model to generate convolutional features. The system
incorporates object features obtained from YOLOv4, which was pre-trained on
MSCOCO dataset. This work introduces a notable contribution of a novel positional
encoding scheme for object features known as the important factor. The main idea
here is to balance the significance of foreground large objects by assigning them
higher confidence scores, while background small objects receive relatively
insignificant confidence scores. By incorporating the important factor, the approach
effectively prioritizes the representation and attention given to prominent objects
within the image. The researchers evaluated their system using MSCOCO and
Flickr30k datasets and compared its performance to that of similar works. Their new
feature extraction system led to a 15.04% increase in the CIDEr score, but on the
other hand, their system decreased the METEOR score from 0.164 to 0.163,

especially after adding the importance factor.

All of the previous studies mentioned above have not considered the advantages
of all the object features provided by the object detection model, which has recently
been shown to be rich in semantic content. In addition, they did not directly use the
raw features extracted from the feature extraction model, which contains more
context information that enhances the understanding of image content. Unlike them,
this thesis takes into account all available features of the object as well as it uses

used raw features directly.
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Table 1.1: Summary of the Rreviewed Literature

References Image Featur‘es Dataset Evaluation Metrics
Encoding Decoding
PASCAL BLEU-1 (59)
Flickr 30k BLEU-1 (66)
2015 [3] CNN LSTM
SBU BLEU-1 (28)
MSCOCO BLEU-4 (27.7), METEOR (23.7), CIDER (85.5)
Flickr 8K BLEU-1 (64.7), BLEU-2 (45.9), BLEU-3 (31.8),
BLEU-4 (21.6), METEOR (20.1)
. BLEU-1 (64.6), BLEU-2 (46.6), BLEU-3 (30.5),
2015 [14] VGGNet LSTM Flickr 30K BLEU-4 (20.6). METEOR (17.9)
BLEU-1 (67), BLEU-2 (49.1), BLEU-3 (35.8),
MS COCO BLEU-4 (26.4), METEOR (22.7)
. BLEU-1 (65.5), BLEU-2 (46.8), BLEU-3 (32),
Flickr 8K BLEU-4 (21.5)
. . BLEU-1 (62.1), BLEU-2 (42.6), BLEU-3 (28.1),
2016 [15] VGGNet Bi-LSTM Flickr 30K BLEU4 (19.3)
BLEU-1 (67.2), BLEU-2 (49.2), BLEU-3 (35.2),
MS COCO BLEU-4 (24.4)
VGGNet. Fast BLEU-1 (70.4), BLEU-2 (53.1), BLEU-3 (39.2),
2017 [16] RLCNN LSTM MS COCO BLEU-4 (29), METEOR (23.8), CIDEr (85),
ROUGH-L (52.1)
YOLO9000, BLEU-4 (25.3), METEOR (23.8), CIDEr (92.2),
20070711 G GNet LSTM MS COCO ROUGH-L (50.7)
ResNet, BLEU-1 (72.3), BLEU-2 (55.4), BLEU-3 (41 4),
2019 [18] | YOLO9000, LSTM MS COCO BLEU-4 (31), METEOR (25), CIDEr (94.2),
Faster R-CNN ROUGH-L (53.2)
BLEU-1 (49.9), BLEU-2 (32.2), BLEU-3 (21.5),
MSR-VTT2016 | BLEU-4 (14.5), METEOR (16.1), CIDEr (32.7),
2021 [19 c&sﬁr%\}t LSTM ROUGH-L 39.5)
[19] o BLEU-1 (75.9), BLEU-2 (59.9), BLEU-3 (46),
MSCOCO BLEU-4 (35.2), METEOR (26.7), CIDEr (109.9),
ROUGH-L (55.8)
BLEU-1 (49.2), BLEU-2 (29.6), BLEU-3 (17.4),
MS COCO BLEU4 (10.1), METEOR (16.3), CIDEr (39),
i ROUGH-L (35.8), SPICE (10.8
2022 [20] Xception, GRU (35.8), (10.8)
YOLOv4 BLEU-1 (39.8), BLEU-2 (22.1), BLEU-3 (11.6),
Flickr30k BLEU-4 (6.1), METEOR (12.9), CIDEr (15),

ROUGH-L (29.8), SPICE (7.4)
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1.4 Aims and Objectives

The primary aim of this thesis is to propose a system that can understand the image
content (semantic context) and then try to describe such semantics with appropriate

labels. This goal is divided into three distinct objectives:

e The first objective involves preprocessing the dataset to be well-suited for the
specific task at hand.

e The second objective is to build an encoder model that extracts two types of
features from the input image: deep visual features (i.e. Generic), and object
features (i.e. Specific).

e The third objective is to build an attention-based decoder model that employs
these various features as input and the output is a sequence of encoded term

set that represents the final image caption.

1.5 Thesis Significance

Overall, the framework utilized in this thesis 1s built upon and affected by several

previous studies. The main contributions are as follows:

® During the encoding phase, we generate and combine two types of features:
Generic features (deep visual features), and Specific features (object features).
Unlike the previous works which encode specific and general features
separately and then combine them through concatenation, this thesis
concatenates specific and generic features before the features dimension
reduction stage.

e Additionally, we introduce a new method to generate a new object driven
feature called Priority Factor (pf) as a mean to rank all the objects that are
detected during the encoding phase based on their semantic prominence in the

image’s landscape.
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1.6 Thesis Challenges

There are two challenges faced during different stages of this thesis:

e The first challenge is addressing the issue of caption accuracy while
considering the extensive embedding capacity of words within the textual
content.

e The second challenge is overcoming the inherent compositional nature of both
NLP and computer vision, which involves handling complex interactions
between linguistic and visual elements.

1.7 Thesis Organization

This thesis is organized as follows: Chapter Two presents a comprehensive
description of the main principles used in thesis "theoretical background". Chapter
Three explains the details of the proposed system. In Chapter Four, we discuss the
evaluation and empirical analysis in terms of metrics, performance, and comparison
against multiple state of the art approaches. Finally, this work and its future

directions are conducted in Chapter Five.
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Chapter Two: Theoretical Background

2.1 Overview

The fascinating and quickly evolving topic of image captioning lies at the
convergence of Natural Language Processing (NLP) and computer vision. It focuses
on developing Artificial Intelligent (AI) systems that can generate descriptive textual
captions for images, allowing machines to understand and communicate the content
of visual data. This technology has deep implications for various industries,
including healthcare, autonomous vehicles, and social media, as it enables
computers to provide context and meaning to visual information. This chapter
introduces the fundamental information and concepts employed throughout this

thesis to achieve the image captioning task.

2.2 Image Captioning

Many images are available every day from various sources, including the internet,
news stories, document diagrams, and commercials. Viewers would have to interpret
such images in these sources. Although most images lack a description, many
individuals can still grasp them without the help of their captions. Nevertheless, if
individuals require automatic generation of image captions, a machine must be able

to understand some kinds of image caption [1].

Image captioning is crucial for a variety of causes. They can be applied, for
instance, to automatically index images. Image indexing has several applications in
e-commerce, biomedicine, education, military, web searches, and digital libraries
since it 1s crucial for Content-Based Image Retrieval (CBIR). Facebook and Twitter

have the ability to produce descriptions from images directly. The descriptions can
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include where we are (e.g., beach, cafe), what we wear and importantly what we are

doing there [21], [22].

Additionally, image captioning represents a prominent area of Al research,
addressing the confluence of image comprehension and natural language description
generation. Image comprehension necessitates the detection and recognition of
objects, understanding scene features, object attributes, and their interrelationships.
The task of generating linguistically well-structured sentences requires a
comprehensive grasp of both syntax and semantics within the language domain [23].
Image captioning indeed depends on two fundamental types of features: Visual
features and Textual features. These features are essential for bridging the gap
between the visual content of an image and the textual description generated by an

Al system.

2.2.1 Visual Features

Visual features are used to understand image content. They capture information
about objects, scenes, shapes, colors, and other visual elements. The methods
utilized to extract these features can be generally classified into two groups: Deep

machine learning methods and Traditional machine learning methods [20], [24].

Handcrafted features such as Scale-Invariant Feature Transform (SIFT) [25], the
Histogram of Oriented Gradients (HOG) [26], Local Binary Patterns (LBP) [27], and
a combination of these features are commonly employed in traditional machine
learning. These methods take the input data and extract its features. After that, they
are given to a classifier such as Support Vector Machines (SVM) [28] to classify an
item. Extracting features from a huge and diverse amount of data is not practicable
since handcrafted features are task specific. Real-world data, including videos and

images, are also complicated and have various semantic meanings [1].

11
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Deep machine learning methods are capable of handling a wide variety of videos
and 1mages since their features are automatically learned from training data. For
instance, feature learning is frequently accomplished using Convulsion Nurul
Network (CNN), while classification is accomplished using a classifier like Softmax

[29].

2.2.2 Textual Features

Textual features, also known as linguistic features, are representations of the
language used in captions. They capture syntactic and semantic information in the
text, including the choice of words, grammar, and the relationships between words.
Textual features are vital for image captioning as they enable the Al model to
generate coherent and contextually appropriate descriptions in natural language.
These features help ensure that the captions are grammatically correct, semantically
meaningful, and aligned with the visual content [30]. There are several methods to
extract features from captions. One common approach is to use NLP techniques to
convert the words in the captions into numerical vectors. This can be done using
methods like Word2Vec [31], GloVe [32], or FastText [32], which map words to

high-dimensional vectors based on their semantic meanings.

Another method involves using Recurrent Neural Network (RNN) or
transformers to process the sequential nature of captions. Long Short-Term Memory
(LSTM) networks and Gated Recurrent Unit (GRU) are types of RNN commonly
used for this purpose. Transformers, especially models such as Bidirectional Encoder
Representations from Transformers (BERT) [33], can also capture contextual

information from words in the captions [34].

Additionally, pre-trained language models, such as OpenAl's GPT or Google's

BERT, can be fine-tuned on captioning datasets to extract relevant features. These

12
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models learn to understand the context and relationships between words in a

sentence, making them effective for feature extraction in image captioning tasks

[35].
2.3 Deep Learning

Deep learning is a field of Al and both are elements of machine learning. It consists
of hierarchical architecture, where each higher layer builds on its previous lower
layer, which makes it popular for the first time as hierarchical learning. The
beginning of deep learning was in 2007 and it works well with a massive amount
of data to solve a complicated problem. Many applications improved with it such
as Object Recognition, Object detection, Automatic Machine Translation,

Automatic Image Captioning, Investment Modeling, drug discovery, and so on [36].

Additionally, deep learning can extract high-level features from the input data.
For example, image processing, image segmentation, edge extraction, face
verification and shape recognition. Notably, deep learning algorithms, such as
CNN, surpass traditional algorithms in terms of efficiency, largely due to their
ability to learn automated behaviors without necessitating extensive manual feature

engineering, as is typically required in traditional machine learning models [37].

2.3.1 Deep Learning Types

There are three main types of deep learning models, each has its specific network

architectures inside and has specific use.
a) Supervised Deep Learning

In Supervised Deep Learning algorithms, the algorithm is trained on pre-labeled
data. Then the model is used the learning algorithm to adjust itself, and during the

testing phase, the model should determine the correct answer without relying on any

13
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label. Supervised deep learning has two main fields: classification problems and
regression problems. One of the most frequently supervised models used is a CNN.
Some of the CNN-based supervised deep learning architectures are AlexNet, LeNet-
5, VGGNet, GoogleNet, ResNet, InceptionNet, EfficientNet, and others [38], [39].

b) Unsupervised Deep Learning

In the unsupervised Deep Learning algorithms, the model is trained based on
unlabeled data, and the model tries for extracting patterns and features on its own.
Some of the unsupervised deep learning architectures are Deep Belief Network
(DBN), Restricted_Boltzmann_Machine (RBM) and Generated Adversarial
Networks (GAN) [40].

c) Semi-Supervised Deep Learning

Semi-Supervised Deep Learning takes on an intermediate stage between supervised
and unsupervised learning. It takes a lot of categorized data to support a larger
collection of unlabeled data. This approach is especially useful when it is difficult to

extract relevant data features, and when labelling the samples takes a long time [41].

2.3.2 Activation Function

In the context of deep learning, an activation function is a mathematical operation
applied to the output of a neuron (or node) in a neural network. An activation
function determines if a neuron is activated or not. This means that during the
prediction phase, it will employ simpler mathematical operations to decide if the
neuron's input to the network is necessary or not. Activation function is to create
output from a set of input values presented to a node (or a layer) [42]. There are
several activation functions that are commonly used in deep learning. Each is with

1ts own characteristics. In this thesis used the most four activation functions that are
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important for use in hidden layers such as ReLU, Sigmoid, Tanh, and Softmax are

used.
a) Rectified Linear Activation

Rectified Linear Units (ReLU) is widely used in neural networks, especially deep
learning models. It sets the threshold at 0, simply stated, it produces 0 when X is zero
or a negative value and returns the same value in another state. The function is
represented by Equation 2.1 [43]. Figure 2.1 represents the ReLU Activation

Function plot.
ReLU (x) =max(0,x) .......coovvvniinnn. (2.1)

Where x represents the input to a neuron.

fi{x) = %, x==0
= 0, xeld T

=d =1 =z =1 i = 3 4 ES
L L L L 1 ! 1 N

Figure 2.1: ReLU Activation Function [35]
b) Sigmoid

Since sigmoid is a non-linear function, it is the most commonly employed especially

in binary classification. The Sigmoid activation function transforms the value in the
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[0 — 1] range [42]. As shown in Figure 2.2, it can be summed up as presented in

Equation 2.2.

1

FOO = ——— oo, 2.2)

(1+e=)

Where X represents the input to a neuron.

1.0
1
oY =
¢(2) 14+e~*
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Figure 2.2:Logistic (Sigmoid) Activation Function [33]

c) Tangent Hyperbolic

The Tangent Hyperbolic (Tanh) function resembles the sigmoid activation function.
However, it is symmetric across the origin. As a consequence, the outputs from
previous layers would have different signs when supplied as input to the following

layer [44]. It can be calculated as in Equation 2.3.
f(x) =2 xsigmoid(2x) =1 ..........conven... (2.3)

Where x represents the input to a neuron.
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fix} = 2/ (V+e~[-2x)) -1 W

Figure 2.3: Tangent Hyperbolic (Tanh) Activation Function [33]
The Tanh activation function is a continuous and differentiable function with values

ranging from -1 to 1 as shown in Figure 2.3. The Tanh function has a steeper gradient
than the Sigmoid function.

d) Softmax

The softmax function is one of the activation functions that is widely used in neural
computing at the last layer to calculate the multiple probability distributions of multi
classes of more than two classes by using a vector of real numbers. The output of
Softmax function values in the range between 0 and 1, where the summation of the
probabilities 1s equal to 1, and the target class which have the highest value. Equation

2.4 represents the Softmax function [44].

Xi

f) = =

m ............... (2.4)

Where:

k: are real numbers

X;: represents an element of the input vector x
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2.3.3 Loss Function

In early models of neural networks, the error is measured by calculating the
difference between the real output and the expected output. At the moment, several
formulas have appeared for calculating errors in neural networks, these formulas are
called Loss Functions [45]. Using various loss functions can lead to a different error
value for the same prediction. Therefore, the type of loss function has a major impact
on the output of the network. There are three main loss function types: Classification
Loss, Regression Loss, and Embedding Loss Functions [46]. The classification loss
functions are used with classification problems. The Regression Loss functions are
used in regression problems, while the Embedding loss functions are used with tasks

that need to measure the similarity between two inputs [47].
a) Binary Cross Entropy

Binary Cross Entropy is a loss function commonly used in binary classification
tasks, especially in machine learning and neural networks. It measures the difference
between two probability distributions: the actual distribution and the predicted
distribution. In the context of binary classification, where the target variable can take
on two possible values (usually 0 and 1), Binary Cross Entropy quantifies the

difference between the predicted probabilities and the actual binary outcomes [48].
b) Categorical Cross Entropy

This loss function uses in Multi-class classification problems. In these problems, the
target can only belong to one out of many possible categories. This function is
designed to calculate the difference between two probability distributions [49].

Equation 2.5 illustrates the categorical cross-entropy.

L(Xi, Yl) = - Z?:l Vij * lOg(pl]) ...................... (25)
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where Y, is one — hot encoded target vector (i1, Viz, e+ +» Vic)

_ {1, if the i;pelement is in class j
Yij 0, otherwise

pij = f(X;) = Probability that i;pelement is in class j
c) Mean Square Error

Mean Square Error (MSE) is one of the important regression loss functions, which

measures the square difference between the real and expected values [48].
d) Euclidean Distance Loss

This loss function is an embedding loss usually used in problems that need to
measure the similarity between two inputs, not for classification problems. It

measures the distance between two distinct points or two vectors [48].

This study relied on the categorical entropy loss function due to its increased use

in the literature recently and the good results it achieved.

2.3.4 Optimization Algorithms

Optimization algorithms in deep learning are techniques used to minimize the error
or loss function during the training of neural networks. The main goal is to find the
optimal set of parameters (weights and biases) that allows the model to make
accurate predictions on new, unseen data. The main types of optimization methods
in machine learning are batch or deterministic gradient methods, which handle all
training instances in a big batch at the same time, and stochastic methods, which
work with only one instance at a time and mini-batch which takes a specific number

of the training instances at a time [38].

Additionally, there are two categories of optimization algorithms: algorithms of

adaptive learning and algorithms with constant learning rates. In the first group, the
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learning rate 77 is chosen manually. The task of choosing the learning rate in this type
of algorithm is rather difficult. When choosing a relatively small learning rate, the
learning process is slowed, and the training time becomes too large. While choosing
a relatively large learning rate, can lead to instability in the loss value around the
minimum value, and this hinders the convergence process. While the algorithms of
the second group, they do not need to set the learning rate manually, they have a
heuristic approach that takes care of adjusting the learning rate value [50]. Several
algorithms appeared that belong to these two categories, the most important of which

are illustrates as follows :

a) Stochastic Gradient Descent

Stochastic Gradient Descent (SGD) is one of the Constant Learning Rate Algorithms
that try to update the network parameters more repeatedly. In this algorithm, the
network parameters are modified on each training sample after the loss calculation.
Therefore, if the dataset contains 900 samples, the network parameters will be
modified 900 times in one cycle of the dataset. The SGD is used to update parameters

in a neural network [51].
b) Adaptive Moment Estimation

Adaptive Moment Estimation (Adam) is considered one of the adaptive learning rate
optimization algorithms. It measures individual learning rates for various
parameters. Adam sets the learning parameter automatically, this was done by using
the first and second-moment estimation. The moment is the expectation of a random

variable at the power of n [52]. The moment can be illustrated in Equation 2.6.
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Where m,, is the moment, and X" is a random_variable. Equations 2.7 and 2.8 are

used to estimate, the first and second moment of Adam.

Uy = = (2.8)
t 1oy e (G

where m; 1is the previous first moment and v, is the previous second moment and
they are initialized with 0O in the first step. 1 and B2 are new parameters inserted
into the algorithm. They have default values of 0.9 and 0.999 respectively. After
calculating the value of'the first and second moments, it is used to update the network

weights according to Equation 2.9 [52].

Wt - Wt—l - me (29)

where W is network weights, 1 is Stepsize, and € = 1078

The Adam optimizer was used in this thesis due to its frequent use in previous studies

in the image captioning field [17], [20].

2.3.5 Convolution Neural Network

Convolution Neural Network (CNN) is a type of deep discriminative architecture
that has been demonstrated to be effective in processing Two Dimension (2D) data
such as images and videos, with a grid-like layout. The architecture of CNNss is based
on brain cortical architecture in animals. During the 1960s, CNNs is the first
successful architecture for deep learning because of the excellent training of the
hierarchical layers. The CNN architecture takes advantage of spatial relationships to
reduce the parameter number of the network, which improves performance when

typical back propagation algorithms are used. The growth of computation techniques
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and GPUs-accelerated, have been used to train CNNs more effectively. The CNN
performs two functions, the extraction function then the prediction function. Each

function used certain layers to achieve a particular purpose [9].

a) Convolution Layer

The core part of the CNN architecture that handles feature extraction is the
convolution layer. Typically, this layer combines linear and nonlinear operations,

such as the activation function and convolution operation, to extract features [53].

a

Figure 2.4: An example of convolution operation [54]

A small array of numbers known as a kernel is applied across the input, which is

an array of numbers known as a tensor, in a specialized kind of linear operation
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known as convolution, which is used for feature extraction. A feature map, as shown
in Figure 2.4 a—c, is the result of multiplying each element of the kernel by the input
tensor element-wise at each location of the tensor and adding the results to generate
the output value at the corresponding position of the output tensor. As a result,
different kernels can be thought of as distinct feature extractors. This process is
repeated, applying several kernels to create an arbitrary number of feature maps that
reflect various aspects of the input tensors. The convolution operation is defined by
two primary hyperparameters: the size and the number of kernels. Usually 3 x 3, the
former can also be 5 x 5 or 7 x 7. The depth of the output feature maps is decided by
the latter, which is arbitrary [54].

b) Pooling Layers

Pooling layers are used to down sample the spatial dimensions of feature maps,
reducing computational complexity and controlling overfitting. Common pooling
operations include max-pooling and average-pooling, which select the maximum or
average value from a local region, respectively. Pooling layers help preserve the

most essential information while reducing the dimensionality of the feature maps

[55].
c) Fully Connected Layer

Fully Connected layers (FC layers), also known as Dense Layers or Fully Connected
Neural Networks, are a fundamental component in many artificial neural network
architectures, particularly in deep learning. They play a crucial role in processing
and transforming input data through a series of interconnected neurons. In an FC
layer, each neuron is connected to every neuron in the previous layer. This means
that the output of each neuron in the FC layer is a weighted sum of the inputs it

receives from the previous layer, followed by the application of an activation
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function (See Figure 2.5) [37]. Mathematically, the output of a neuron in an FC layer

can be expressed based on Equation 2.10.
yi = f (Z?’zl WUXl + bl) ............ (210)

where UY; is the output of the ith neuron in the FC layer, f is the activation function
(e.g., ReLU, sigmoid, or tanh), W;; represents the weight of the connection between
the jth neuron in the previous layer and the ith neuron in the FC layer, X is the

output of the jth neuron in the previous layer, and b; is the bias term for the ith neuron

in the FC layer.
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Figure 2.5:FC layers example with two layers [56]
FC layers are typically form the final layers of the network, providing the network's
output. Before the introduction of FC layers, convolutional layers and other
specialized layer types are commonly used for feature extraction in tasks like image
recognition, while FC layers are used for making final predictions or decisions based

on those extracted features [56].
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d) Dropout Layers

Dropout layers are a regularization technique used to prevent overfitting. During
training, dropout randomly deactivates a fraction of neurons, forcing the network to
rely on different pathways for information. This helps improve the model's

generalization to unseen data [57].
e) Normalization Layers

Normalization layers, such as Batch Normalization, are used to stabilize and
accelerate training. They normalize the activations within a layer by adjusting their

mean and variance, reducing internal covariate shift [58].

2.3.6 Pre-trained Models for Image Classification

Pre-trained models for image classification are deep learning models that have been
trained on large datasets containing millions of images to learn to recognize various
objects and patterns within them. These models are a type of transfer learning, where
a model trained on a large dataset for one task can be fine-tuned or used as a feature
extractor for a different but related task, such as image classification. Some popular
pre-trained models for image classification are: AlexNet [59], VGG, Inception [60],
ResNet [61], DenseNet [62], MobileNet [63], and EfficientNet [64]. These pre-
trained models are often trained on huge datasets like ImageNet, which contains
millions of labeled images across thousands of categories. Once trained, they can be
fine-tuned on smaller datasets for specific image classification tasks, which can save
a lot of time and computational resources compared to training a model from scratch
[65]. This thesis used the second version of EfficientNet (i.e. EfficientNetV2) due to

its speed and good accuracy.
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a) EfficientNet

EfficientNet, developed by Google researchers in 2019, is a family of deep CNN
that aim to achieve top-level performance in computer vision tasks while keeping
computational requirements minimal. The central concept behind EfficientNet
revolves around optimizing both the model's architecture and its scaling employing
a balanced and efficient approach to scale these dimensions. Unlike traditional
model scaling methods that typically involve increasing network depth, width, or

resolution, which often results in a significant rise in computational costs [66].

EfficientNet adopts a different strategy by employing a special compound
scaling method that modifies the network's depth, width, and resolution all at once,
under the control of a single parameter. Finding the perfect ratio of model size to
performance is made easier with this streamlined approach. In order to find the best
scaling factors for different tasks, researchers combined neural architecture search
with grid search. As shown in Figure 2.6, this method has produced a family of
models varying from EfficientNet-BO0 to EfficientNet-B7 and offer a wide range of
trade-offs between model size and accuracy. While larger variations perform well in
difficult tasks like segmentation, object detection, and image classification, smaller
variants are best suited for applications requiring low processing ability [64].

Due to its ability to provide excellent outcomes with comparatively low
processing requirements, EfficientNet has gained a lot of interest in the computer
vision field and is useful in a variety of real-world applications and deployment
settings. In order to make use of the generalization characteristics of these models,
researchers and practitioners frequently utilize pre-trained versions of EfficientNet

for transfer learning on their specific tasks [67], [68].
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Figure 2.6: Scaling the depth, width, and image resolution to create different variations of the
EfficientNet model [64]

b) EfficientNetV2

EfficientNetV2 goes one step further than EfficientNet to increase training speed
and parameter efficiency. This network is generated by using a combination of
scaling (width, depth, resolution) and neural architecture search. The main goal is to
optimize training speed and parameter efficiency. In the end, the authors obtained
the EfficientNetV2 architecture which is much faster than previous and newer state
of the art models [69], as shown in Figure 2.7.

Architecturally, the primary differences lie in EfficientNetV2 strategic
utilization of both MBConv and the recently incorporated fused-MBConv primarily
in the initial layers. The primary distinction in the structures of MBConv and Fused-
MBConv is in the final two blocks. MBConv employs a depthwise convolution (3x3)
followed by a 1x1 convolutional layer, whereas Fused-MBConv simplifies this by
combining these two layers into a single 3x3 convolutional layer [70], as depicted in

Figure 2.8.
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Figure 2.7: Training and Parameter efficiency of the EfficientNetV2 model compared with
other state of the art models [21]
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The MBConv Block, also known as an Inverted Residual Block, is a unique type
of residual block employed in image models to enhance efficiency. It is originally
introduced in the context of the MobileNetV2 CNN architecture, it has found
applications in various mobile-optimized CNNs [71]. Unlike the traditional Residual
Block, which is characterized by a wide-to-narrow-to-wide structure of channel
numbers [61], [72]. The MBConv Block takes an inverted approach, following a
narrow-to-wide-to-narrow sequence. It begins by expanding the number of channels
with a 1x1 convolution, followed by a 3x3 depthwise convolution, and concludes
with a 1x1 convolution to compress channel numbers for input-output addition as

shown in Figure 2.9.
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Figure 2.9:Traditional Residual Block and MBConv Block Structures [71]

EfficientNetV2 is available in seven models, which are BO to B3 and S, M, L
each one of them is offering different detection accuracy and performance. The S

model is used in this thesis [69].
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2.3.7 Recurrent Neural Network

Recurrent Neural Network (RNN) is a type of artificial neural network designed for
processing sequences of data. Unlike traditional feedforward neural networks, which
process data in a single pass from input to output, RNNs have connections that loop
back on themselves, allowing them to maintain a hidden state or memory of previous
inputs. This recurrent connection makes them particularly well-suited for tasks
involving sequential data, such as time series prediction, NLP, speech recognition,

and more [46].

RNN consists of key layers: Input, Hidden, and Output. The Input layer is
responsible for receiving input data at each time step in the sequence. The Hidden
layer maintains a hidden state that includes information from previous time steps in
the sequence, effectively performing as a form of memory within the network.
Finally, the Output layer generates predictions or classifications based on the

information contained in the hidden state [38].

The mathematical operations within an RNN are typically formulated to enable
the network to acquire and adjust to patterns within sequential data. Nevertheless,
traditional RNNs encounter a limitation referred to as the "vanishing gradient"
problem, which poses challenges in capturing extensive dependencies across
sequences [73]. This limitation prompted the development of more sophisticated
RNN variants, such as LSTM networks and GRU networks. These advanced models
incorporate mechanisms that mitigate the vanishing gradient problem and enhance
the network's ability to effectively learn long-term dependencies in sequential data

[74].
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a) Long Short-Term Memory

Long Short-Term Memory (LSTM) network is a special traditional RNN type.
Despite the complex structure of this network, it efficiently addresses the gradient
vanishing problem faced by RNN [75]. Another important benefit of LSTM is its
ability to learn long-term dependencies. As shown in Figure 2.10, each LSTM
neuron contains a memory cell c. in which information can be stored. tanh () and
() are hyperbolic tangent and sigmoid functions. In addition, LSTM consist of three
gates: input gate i; forget gate f: and output gate o.. The benefit of these three gates

Is to regulate the information flow of the memory cell [76].

LSTM Cell

P .

Input gate

- -

Figure 2.10:LSTM Cell [76]

The forget gate focuses on the information that needs to be forgotten and is

calculated according to Equation 2.11 [77].
f(t) = O'(W(f) ht—l + U(f)xt + b(f)) .......... (211)

where h; and x;, are the hidden state vector and input vector at time t. b is the
bias vectors. U is the weight matrix for the input vector, and W is the weight matrix

for the hidden state.
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The input gate focuses on information that are needed to be stored and is

calculated according to Equations 2.12, 2.13, and 2.14 [77].

i(t) = O'(W(i) hq_,+ U(i)xt + b(i)) ................ (2.12)
6(@ = tanh(w(i) ht—l + U(i)xt + b(l)) (213)
C(t) = f(t) @ Ct—l + l(t) O 6(0...................... (2.14)

Finally, the output gate focuses on which parts need to be outputted in the cell
state and is calculated according to Equations 2.15 and 2.16 [77].

O(t) = O'(W(O) ht—l + U(o)xt + b(o)) ............. (215)
h(t) = O(t) © tanh (C(t)) ............................ (216)

The future context and preceding context are captured by combining backward

(Et) and forward (flt) hidden layers.

b) Gated Recurrent Unit

Gated Recurrent Unit (GRU) network is a simpler version of LSTM distinguished
by its capability to memorize short and long sequences. As shown in Figure 2.11,
GRU has two gates: an update gate (z;) and a reset gate (r;). The update gate is a
mix between the input gate and the forget gate that focuses on transferring
information to the current state, whereas the reset gate controls whether or not the
hidden state is ignored [78].
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Figure 2.11:GRU Cell [75]

2.3.8 Encoder-Decoder Architecture

The Encoder-Decoder (ED) architecture represents a foundational neural network
framework widely applied in a range of machine learning and deep learning tasks,
notably in domains such as NLP and computer vision. This architecture comprises
two essential elements: the encoder and the decoder, each fulfilling specific roles in
processing and creating data sequences. It has found utility across various
applications, including machine translation [79], text summarization, image

captioning [3], and more.

The encoder assumes the role of the initial component within the architecture,
primarily tasked with capturing meaningful representations (often referred to as
embeddings or context) from the input data, which can encompass text, images,
audio, or other structured data. In the domain of NLP, the encoder processes input
sequences, such as sentences in a source language, and transforms them into fixed-
dimensional vectors or sequences of vectors while preserving relevant information.
Notably, RNN and their derivatives (e.g., LSTM and GRU) are widely employed

encoders in NLP, alongside transformer-based architectures such as BERT and GPT-
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3. Transformers, in particular, have garnered significant attention due to their

efficient handling of long-range dependencies [5].

The decoder, on the other hand, constitutes the second component in this
framework and is primarily responsible for generating output sequences based on
the information encoded by the encoder. In the context of machine translation, for
example, the decoder takes the encoded representation of the source sentence and
produces the corresponding translated sentence in the target language. Like the

encoder, the decoder can also leverage recurrent or transformer-based architectures

[80].
a) Encoder-Decoder Architecture of Machine Translation

The process of automatically translating text or sequences from one language to
another, known as machine translation, often utilizes the ED architecture in deep
learning. This architectural approach is notably favored in the context of Neural
Machine Translation (NMT) systems. It comprises two primary components: an
encoder and a decoder, working in pairs to facilitate the translation of text as shown
in Figure 2.12 [79].

The encoder's primary role is to handle the input text in the source language. It
takes the source sentence and transforms it into a fixed-length representation known
as a context vector or thought vector. This context vector captures the crucial
information from the source sentence, which the decoder subsequently utilizes to
generate the target translation. Typically, the encoder is constructed using RNN,

LSTM, or more contemporary transformer-based models [1].

The decoder takes the context vector generated by the encoder and produces the

translated sentence in the target language. It processes the context vector step by step
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to generate each word or subword of the translation. Like the encoder, the decoder

can also be implemented using RNN, LSTM, or transformers [81].
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Figure 2.12:Encoder-Decoder Architecture of machine translation [5]
b) Encoder-Decoder Architecture of Image Captioning

The ED architecture for image captioning is a deep learning approach employed to
produce natural language descriptions (captions) for images. This method integrates
two neural networks, an encoder and a decoder, to accomplish this task. The encoder,
which is typically implemented as a CNN, extracts meaningful features from the
input image. In contrast, the decoder, usually implemented using a LSTM network,
generates a coherent and contextually relevant caption based on these extracted
features as depicted in Figure 2.13. This architecture is inspired by machine
translation models like those used in NMT, where the encoder processes the source

language and the decoder generates the target language [3].

CNN LSTM Generated
ut Imag » »
o e Captions
Image Text Generation
Understanding Part Part

Figure 2.13:Encoder-Decoder architecture of image captioning [1]
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The encoder network is typically a CNN, such as a pre-trained model like VGG,
ResNet, or Inception. Its purpose is to process the input image and extract high-level
feature representations. These features capture various aspects of the image, such as
objects, shapes, and spatial relationships, in a fixed-length vector representation.
These fixed-length feature vectors are passed on to the decoder for generating

captions [1].

The decoder network is usually an RNN, specifically a type of RNN called a
LSTM or a GRU. It takes the feature vectors from the encoder and generates captions
word by word. At each time step, the decoder produces a probability distribution
over the vocabulary of possible words. This distribution is used to predict the next
word in the caption. The decoder's hidden state is updated at each time step based
on the previously generated words and the features from the encoder. The process

continues until an end-of-sequence token is generated [82].

2.3.9 Attention Mechanism

Attention mechanisms in deep learning are crucial in various neural network
architectures to focus on specific parts of input data or context while making
predictions. These mechanisms have proven to be especially effective in NLP tasks
and have found applications in computer vision such as machine translation, image
captioning, and other domains [1]. Some common types of attention mechanisms in
deep learning are: Transformer Attention [81], Bahdanau Attention (Additive
Attention) [79], Luong Attention (Multiplicative Attention) [83], and Hard Attention
and Reinforcement Learning-based Attention. This thesis used Bahdanau Attention
because it has become a useful component in many state of the art image captioning

models, improving their performance in describing visual content [84].

36



Chapter Two Theoretical Background

a) Bahdanau Attention (Additive Attention)

Bahdanau attention is commonly used in sequence-to-sequence models, such as the
ED architecture. It computes a weighted sum of the encoder's hidden states,
considering each hidden state's compatibility with the current decoder state. In the
context of NMT, they have an encoder that reads the source sentence denoted as
{X1, X5, ..., X7} and produces a sequence of hidden states, denoted as {h4, h5, ..., hy}
as depicted in Figure 2.14, where T is the length of the source sentence. They also
have a decoder that generates the target sentence one token Y; at a time. At each

decoding step t, the decoder has a hidden state denoted as s; [79].

' Decoding
i Attention
— ||l — 1 — ! Encoding
- - - - :
h, 1 h,* h, h,
X; X, X3 pa

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

Figure 2.14:The Bahdanau architecture [79]

Bahdanau Attention computes a context vector c; for each decoding step t by

considering the source sequence's hidden states and the current decoder hidden state.
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The attention score e, ; for each source hidden state h; with respect to the decoder
hidden state s; is calculated as in Equation 2.17 [85]:
ec; = V' xtanh (W, X hy + Wy X s¢)......... (2.17)

where W, and W, are learnable weight matrices. v7 is a learnable weight

vector.

These attention scores are computed for each source hidden state h; with respect to
the current decoder state s;, resulting in a vector of scores[ey, €5, ..., er]. Next,
these scores are transformed into attention weights a; using the softmax function o

show in Equation 2.18 [20]:
o =0(€)ceiiiinnnn.. (2.18)
where a; represents the attention weight for source state h;.

Finally, the context vector ¢; 1s computed as a weighted sum of the source hidden
states, where each weight is determined by «; this computed based on Equation
2.19 [79]:

Ct = Zi(ai X hl) ......... (219)

This context vector c; is then used as an additional input to the decoder to generate

the next token in the target sequence [85].

b) Luong Attention (Multiplicative Attention)

Luong attention is another variant of attention used in sequence-to-sequence models,
similar to Bahdanau attention. Instead of using a feedforward network for scoring,

Luong attention uses a simple dot product between the decoder state and encoder

hidden states [83].
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2.4 Object Detection

Object detection is a computer vision task that involves identifying and locating
objects of interest within an image or video frame. It uses a neural network to
recognize items in an image and to highlight them with bounding boxes. Therefore,
the term "object detection" refers to the location and identification of objects within
an image that fall into a predefined set of classes. The wide application of tasks like
recognition, detection, and localization in practical situations makes object detection
a key area in computer vision. Generally, there are two methods for detecting objects,

which are: Two-stage object detection, and One-stage object detection [86].

2.4.1 Two Stage Object Detection

"Two-stage object detection" refers to the applying of techniques that divide the

object detection problem statement into two steps:

» Detecting potential object regions.

» Classifying the image into object classes in those regions.

Region Proposal Network, which proposes possible object containing regions of
interest, is frequently used in common two step algorithms like Fast-RCNN and

Faster-RCNN [87].

2.4.2 One Stage Object Detection

One-stage detectors expect all bounding boxes in a single neural network pass. It is
significantly quicker and more suited for portable devices. The most popular one-
stage object detectors include DetectNet, Single Shot MultiBox Detector (SSD),
SqueezeDet, and You Only Look Once (YOLO). Two-stage object detection models
achieve the highest accuracy rates, which are often slower. In contrast, one-stage
object detection models are much faster than two-stage object detectors but achieve

lower accuracy rates. Even while two-stage object detection models produce
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accurate findings with a high mean Average Precision, they require a lot of iterations
within the same image, which prevents real-time detection and slows down the

algorithm detection speed [88].

YOLO is an algorithm that in real-time detects and identifies various elements
in images. The object identification process in YOLO, which is carried out as a
regression problem, offers the class probabilities of the identified images. CNN are
used by the YOLO method to recognize objects in real-time. The method just needs
one forward propagation through a neural network to detect objects, as suggested by
the name. This shows that prediction is carried out throughout the entire image using
a single algorithm run. The CNN is used to forecast multiple bounding boxes and
class probabilities at once. Various versions of the YOLO algorithm are available. In
terms of popularity, YOLOv3, YOLOv4, and YOLOVS5 are the most common three.
YOLOv6 and YOLOV7, two recent updates, each provide a different level of
performance and detection accuracy [89]. The most recent YOLOv7 version was

used in this thesis.

YOLOV7 is the most recent official version of YOLO, developed by the initial
developers of the YOLO architecture. In July 2020, it was presented to the YOLO
family. Has a number of upgrades over the versions that followed. The usage of
anchor boxes is among the primary enhancements. Anchor boxes are a group of pre-
made boxes with various aspect ratios that are meant to identify variously shaped
objects. With nine anchor boxes, YOLOvV7 is able to recognize a greater variety of
object shapes and dimensions than earlier iterations, which contributes to reducing

the amount of false positives [90].

Furthermore, YOLOv7 employs a brand-new loss function known as "focal
loss". The standard cross-entropy loss function, which is known to be less successful

at identifying small objects, was utilized in earlier iterations of YOLO. Focal loss
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addresses this problem by highlighting the hard examples, the objects that are
difficult to detect while down weighting the loss for examples that are well-
classified. Additionally, YOLOvV7 displays an improved resolution than versions
before it. YOLOV3 utilizes a resolution of 416 by 416 pixels, whereas it processes
images at a resolution of 608 by 608 pixels, so it is capable of identifying small

objects and has a higher overall accuracy due to its higher resolution [91].

The essential architecture of YOLOv7 is constructed on Efficient Layer
Aggregation Network (ELAN) and is adapted from YOLOv4, Scaled YOLOv4, and
YOLO-R. In order for deeper networks to successfully converge and learn, ELAN
takes into account the architecture of an efficient network by managing the shortest
and longest gradient path as shown in Figure 2.15 (a). YOLOvV7 introduces
modifications to the ELAN architecture, which is referred to as the Extended
Efficient Layer Aggregation Network (E-ELAN). ELAN employs techniques such
as expansion, shuffling, and cardinality merging to enhance the model's capacity for
learning without disrupting the pathways for gradient flow. Regarding the
architectural changes, these adjustments are limited to the computational block,
while the transition layer maintains the same structure as ELAN, as depicted in
Figure 2.15 (b) [90].

Model scaling is a critical concept, enabling adjustments in model width, depth,
and image resolution. When scaling a model, the selection of layers to include or
exclude is pivotal. Also, scaling the number of channels within the model's
architecture relates to its width. Scaling factors for both width and depth are defined
in the model architecture files [89]. In YOLOv7, the architectural structure is
intertwined with other layers. Consequently, when executing scaling with regard to
the depth parameter within a computational block, it becomes critical to compute the

resulting alterations in output kernels. This, in turn, necessitates a corresponding
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adjustment in the width component, mirroring the changes calculated in the kernels.
This comprehensive scaling strategy ensures the preservation of the architectural
characteristics, design integrity, and optimally structured framework. The compound
scaling procedure is visually depicted in Figure 2.16 [92].
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2.5 Text Analysis

Text analysis, also known as text mining or NLP, is the process of examining and
extracting meaningful information from textual data. It involves using various
techniques and tools to gain insights, discover patterns, and extract valuable
knowledge from unstructured text. Text analysis can be applied to a wide range of
applications, including sentiment analysis, language translation, image captioning,

information retrieval, and more [93].

2.5.1 Text Preprocessing

In this thesis, many text preprocessing techniques are utilized, such as:

a) Tokenization
Is splitting the text into individual words or tokens. This process makes it easier to

analyze and work with text at the word level rather than as a single string [94].

b) Lowercasing

One of the quickest and most efficient methods of text preparation is lowercasing. It
Is useful in cases where the dataset is not too large and can be applied to the majority
of text mining and NLP challenges [95].

c) Stemming and Lemmatization

Which refers to the process of reducing the inflection of words. Stemming is a
primitive heuristic procedure that chops off the ends of words in the hope of
appropriately changing them into their base form. The goal of stemming is to reduce
word count, match stems accurately, memory space, and save time. Moreover,
lemmatization is quite similar to stemming in its overall purpose. It eliminates
inflections and maps a word to its root form. It returns the changed words to their
root [96].
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d) Stop-Words Elimination

Stop-words are a group of terms that are frequently employed in a language. "a",
"the", "is", "are", and other words are examples of stop-words in English. The
purpose of stop-words is to remove keywords with low information from the text
[95].

e) Removing Punctuations

Is the removal of uninformative information such as punctuation a necessary stage
In text preprocessing. The method of removing punctuation is to delete punctuations
that frequently appear and usually have no meaning. Punctuations help only the
composition of sentences and how they should be read such as '#, '$', ", '(, ", '&/,
%', ), s s @, e, W A S T YT T

~

2.5.2 Feature Extraction

A feature extraction procedure is used to extract attributes or significant features
from a raw text in order to be prepared for feeding to machine learning or statistical
methods. This method is referred to as vectorization, since it produces numerical
vectors from raw text tokens. The reason is that machine learning algorithms work
on numerical vectors and cannot work directly on raw text data because it includes
formats that are not acceptable to these algorithms. Feature extraction methods are
used in order to feed extracted features into machine learning algorithms for learning

patterns that may be applied to new data points [97].

There are several common feature extraction techniques such as Word2 Vec, BERT,
and GloVe whereas in neural networks for image captioning, a learnable embedding
layer is often used as the first layer in the model. This layer takes word indices as

input and converts them into word vectors. These word vectors are learned during
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the training process and are typically fine-tuned along with other model parameters

[98]. As a result, this layer was used in this thesis.

a) Word2Vec

In NLP, Word2Vec is employed, its force lies in its ability to cluster diverse vectors
with related words. Word2Vec can produce accurate meaning estimations for words
based on their frequency in text, given that the dataset is sufficiently large. These

estimates produce word associations with other words in the corpus [31].

b) BERT

A pre-trained language model is called BERT. It achieves state of the art
performance for some NLP issues by leveraging transformer model architecture. The
two approaches that can be employed with the BERT model are feature-based and
fine-tuning-based. BERT uses a trained model to represent text data as fixed feature
vectors in the feature-based process. In contrast to fine-tuning, which involves using
a model that has already been trained for a certain task and adjusting it to perform a

second identical task [33].

c) Glove

GloVe represents a technique that integrates two distinct methodologies. The initial
approach is count-based, while the other aligns with direct prediction methods,
similar to word2vec. In contrast to word2vec, which relies primarily on local word
contexts within proximity, the GloVe algorithm takes into account word co-
occurrence patterns and global statistics to establish semantic relationships among

words in the corpus [32].

d) Embedding Layer
An embedding layer is a fundamental component in many NLP and machine

learning models, especially neural networks (i.e. CNN, RNN), that are designed to
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work with text data. Its primary purpose is to convert discrete categorical data, such
as words or tokens in a text, into continuous vectors (embeddings) that can be used
as input features for machine learning models [99].

Practically, the embedding layer takes as input a sequence of discrete symbols,
typically words or tokens, from a text corpus. Each unique word in the input text is
associated with an integer index that represents its position in a predefined
vocabulary. For example, "cat" might be assigned index 5, "dog" index 10, and so
on. The core function of the embedding layer is to map each word's integer index to
a continuous vector representation, known as a word embedding. These embeddings
are learned during the training process and aim to capture semantic relationships
between words. Word embeddings have a fixed dimensionality (e.g., 50, 100, 300
dimensions), which is a hyperparameter defined when creating the embedding layer
[98].

Internally, the embedding layer maintains an embedding matrix or lookup table.
This matrix has dimensions (Vocabulary Size x Embedding Dimension), where the
rows correspond to each word in the vocabulary, and the columns represent the
dimensions of the embeddings. During training, the model updates the values in this
matrix to optimize the embeddings for the specific task. The objective is to position
similar words closer together in the embedding space [99].

2.6 Evaluation Measures

When developing a machine learning model, it is critical to evaluate performance
and efficiency. For the machine learning model to be dependable, an assessment tool
that is appropriate for the nature of the model's work must be chosen. When

evaluating machine learning models, it is common to utilize more than one scale to
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verify that the model is correctly evaluated. The primary machine learning

assessment metrics that are widely used in the image captioning field are:
a) BLEU

Bilingual Evaluation Understudy (BLEU) is a widely used metric for evaluating the
quality of machine-generated translations or text. It measures the similarity between
the generated text and one or more reference texts (human-generated) using n-gram
precision. It is calculated based on the precision of n-grams (1-gram, 2-gram, 3-
gram, etc.) between the generated text and reference texts. The BLEU score is
computed as in Equation 2.20 [100]:

BLEU = BP.eXIn=1:(wnxlogPn) (2.20)

where Pn is the modified precision for n gram, w,, 1s weight between 0 and 1,
BP is the brevity penalty to penalize short machine translations, and N is the

maximum n-gram size considered (typically 4).

b) METEOR

Metric for Evaluation of Translation with Explicit Ordering (METEOR) is an
automatic evaluation metric used primarily in machine translation. It combines
precision, recall, stemming, synonymy matching, and word order into a single metric
as shown in Equation 2.21 [101].

METEQR = ‘XfrecisionRecall 2.21)

Recall+9«Precision

c) CIDEr
Consensus-Based Image Description Evaluation (CIDEr) is a metric specifically
designed for evaluating image captions. It focuses on grammaticality and saliency

and measures the consensus between generated captions and reference captions

47



Chapter Two Theoretical Background

using a weighted version of cosine similarity. It considers not only individual words
but also the consensus between multiple references. The CIDEr score is computed
as in Equation 2.22 [102].

CIDEr(x;,Y)) = YN_ w, CIDET, (x;,Y))............. (2.22)

where Y; denotes the caption generated by a machine, Xx; is the original caption.

d) ROUGE-L

Recall-Oriented Understudy for Gisting Evaluation-Longest Common Subsequence
(ROUGE-L) is a metric used for evaluating the quality of machine-generated text,
particularly for tasks like text summarization, and image captioning. It measures the
longest common subsequence (LCS) between the generated text and reference text
as follows. The ROUGE-L score is computed as in Equation 2.23 [103]:

2 * *
ROUGH — L = &P ) Ries*Pres (2.23)

Rics+ B2#Pycs

where R;.; and P;.; denote to LCS-based Precision and Recall.

e) SPICE

Semantic Propositional Image Caption Evaluation (SPICE) is a metric designed
specifically for image captioning tasks, where the quality of generated captions for
images is evaluated based on the presence of semantic content and relationships. It

computes a score based on the precision of extracted semantic propositions as shown

in Equation 2.24 [104]:

SPICE(x ,Y) = ZPrecsionl): Recallx y) (2.24)

Precision(x,Y)+ Recall(x,Y)

where Y denotes the caption generated by a machine, x is the original caption.
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Chapter Three: The Proposed System

3.1 Overview

This chapter provides an overview of the practical aspects of the thesis, outlining the
key phases and methodology employed in constructing the proposed system. It
encompasses several stages aimed at achieving the task of transforming input images
into specific descriptions. This involves initially comprehending the image’s content
and subsequently generating a descriptive caption that aligns with the semantic

information present in the image.

3.2 The Proposed System

The proposed system employs Encoder-Decoder (ED) architecture attention-guided.
It comprises three phases as shown in Figure 3.1: Preprocessing, Features extraction
(Encoding), and Features decoding. In the first phase, both image and caption data
undergo preprocessing. In the second phase, two types of features are extracted:
Generic features (deep visual features) and Specific features (object features).
Additionally, we compute a new feature called Priority Factor (pf) and add it to
features of each object. Finally, these various features are combined in the
concatenation step. The third phase is a deep neural network that consists of three
processing blocks: Reduction, Attention, and Language. During this phase, the input
Image feature set and caption vector are passed through extra layers (Dense, LSTM)

to output a sequence of encoded term set that represents the final image caption.

49



Chapter Three The Proposed System

image caption

B — -
}

Image Caption
preprocessing

Preprocessing

phase : preprocessing

' s 1 1
¥

1 i

1 i

1 i

' | Generic features Specific features !

: extraction extraction :

Features extraction | :
phase (Encoding) | -
: Compute a new feature|

! (priority factar)) :

1 i

. | .

: 144 % 1280 1% 1280 :

1 i

] i

concatenation

145 1280

K ] 1 ™ vector
Reduction block ]

|
145 x 256

L

i
i
1
1
1
1
1
i
1
1
Attention block !
1
i
1
1
1
1
1
1
]

Features decoding
phase

h 4

Y -

[
hidden state context vector
¥

-

Language block |

-

Caption generation

Figure 3.1: A block diagram of the proposed system
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3.2.1 The Used Dataset

MSCOCO [105] dataset is often used in the image captioning literature. This
dataset primarily comprises images depicting common objects prevalent in daily
existence, each accompanied by five captions meticulously crafted by domain
experts. The encompassed objects includes a diverse collection, ranging from
animals and fruits to household articles and vehicles, among others. The dataset
standard partitioning consists of 83000, 41000, and 41000 images for training,
validation, and testing respectively. This thesis is based on the widely used split
regime in literatures (113287 training, 5000 validation, and 5000 testing) as applied

in [4], for the purpose of evaluation and comparison.

The MS COCO dataset includes two main formats: JSON and image files. The
JSON format includes the following attributes:

o Images: a list of all the images in the dataset, including the file path, image id,
and other metadata.
e Captions: a list of all captions for each image (5 captions for each image),

including the image id, caption id.

The image files are the actual image files that correspond to the images in the
JSON file. These files are typically provided in JPEG or PNG format and are used

to display images in the dataset as shown in Figure 3.2.

3.2.2 The Preprocessing Phase

Preprocessing is an essential part of every system. In this section, a comprehensive
description is provided regarding the preprocessing phase involving both images and
captions presented in the dataset. Algorithm 3. 1 depicts the steps involved in the

preprocessing of images and captions.

51



Chapter Three The Proposed System

r';':___ »

MS COCO
M A

images - captlmns

l\

L B ] T (T Y T

JS0OM JSON JSON
] ]
test2014 frain2014 val2014 captions_test2014 captions_train2014 captions_val2014

l

"images": [{"file_name": "COCO_train2014_000000318556 jpg"."id":318356}.
{"file_name": "COCO_train2014_000000379340 jpg"."id": 379340}]

"captions”: [{"image 1d": 3183536,"1d": 48 "caption”: "A very clean and well
decorated empty bathroom"},
{"image_1d": 318556,"1d":126,"caption": "A blue and white
bathroom with butterfly themed wall tiles "},
{"image 1d": 318336,"1d": 219,"caption”: "A bathroom with a
border of butterflies and blue paint on the walls above 1t."}
COCO_train2014_000000318556 jpg {"image 1d": 318556,"1d": 255, "caption”: "An angled view of a
beautifully decorated bathroom."},
{"image_1d": 318356,"1d": 3533, "caption”: "A clock that blends in
with the wall hangs in a bathroom."},
{"image_1d": 379340,"1d": 173,"caption": "A graffiti-ed stop sign
across the street from a red car "},
{"image 1d": 379340,"1d": 188,"caption": "A vandalized stop sign
and a red beetle on the road"}.
{"image 1d": 379340,"1d": 4940, "caption”: "A red stop sign with a
Bush bumper sticker under the word stop."},
{"image_1d": 379340."1d": 9125, "caption”: "A stop sign that has
been vandalized 1s pictured i front of a parked car."},
COCO_train2014_000000379340.jpg {"image 1d": 379340,"1d": 13916, "caption”: "A street sign
modified to read stop bush."}]

Figure 3.2:MSCOCO dataset samples

a) Image Preprocessing

Image preprocessing includes all images in the dataset. First, creating a special
dictionary for all images in the captions file (JSON file). The dictionary includes
“image id” and “file name” for each image. Thus, it is possible to exploit this
dictionary in the captions fetching process corresponding to each image. The next
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step is to read each image in the images file, followed by decoding image format
(such as JPEG, PNG, etc.) into a 3-channels (RGB), where the output values range
from 0 to 255. Finally, the diverse dimensions of images are considered. It is
essential to resize the input images to the specified 384x384 dimensions as per the
architectural requirements of the EfficientNetVV2 CNN model, whereas the YOLOv7
model does not require this. It implicitly resizes the image through one of its layers.

b) Caption Preprocessing

The architecture requires the preprocessing workload of the caption before the
workflow can take place. Firstly, each caption in the captions file ((JSON file) must
be tagged with <start> and <end>. The next step involves constructing a traditional
dictionary for usage later in translating captions to vectors. This is performed by
tokenizing the textual content for each caption into separated words based on
punctuations, special characters, and white spaces. The resulting tokens are then
counted and sorted based on their frequencies. Only the tokens within the top 10,000
ranks are chosen as vocabulary to avoid overfitting according to previous works.
Since sentences are of various lengths, they need to be unified through padding. The
final preprocessing step involves randomly shuffling the dataset to ensure that the
training process can converge quickly and eliminate any undesired bias that may
arise from the model learning specific rankings of the training samples. By shuffling,
the model is exposed to a diverse range of samples during training, facilitating better

generalization and reducing the risk of overfitting to specific patterns or sequences.

Algorithm 3. 1: The Preprocessing Phase

Input: Dataset (DS) /I The dataset includes two files

Output: List of captions vectors, List of tensor images (2D array)

Variables' definition
* img: a dictionary involves information for each image
« image_id_index: a dictionary involves (file name and id) for each image
« annot: a dictionary involves (caption, id, and image_id)
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+ C: Caption (string)
« P:full image name path (string)
« Ly:alistinvolves a full path for each image
« L,:alist of captions corresponding for each image
» Lj:alist of captions vectors
« L,:alist of captions vectors with padding
Begin
1. Step l: Read DS
2. caption file path = 'D:\\ms_coco\\captions\\captions_train2014.json'
3. image file path = 'D:\\ms_coco\\train2014"
4.  caption = Read the json file (caption file path)
5.  Step 2: Create a dictionary of images
6
7
8
9

FOR img in captions['images'] DO
image_id_index[img['id"]] «— img['file_name']

End
Step 3: Adding <start> and <end> tokens for each caption and store captions and image
names in lists
10. FOR annot in captions['captions’] DO
11. C « '<start>'+ annot['caption] + ' <end>'
12, ID «— annot['image_id']
13. P < image file path + \\' + image_id_index [ID]
14, L, — P
15. L, C
16. End
17. Step 4: Shuffle for all captions and images in L; and L, together (correspond)
18. Step 5: Tokenizing for each caption in L,
19. Step 6: Dictionary constructing
20. Step 7: Ly «— Convert each caption in L, into a vector
21.

Step 8: L, «<— Add padding (zeros) for each caption in L;
22. Step 9: Read each image in L; and convert it into three channels (RGB) as 2D array

23. Step 10: Resize the images
End|

3.2.3 The Features Extraction Phase (Encoding)

In this section, we delineate the details of the features extraction phase. The encoder

Is designed to take an image as its input and generate embedded features that are the

54



Chapter Three The Proposed System

visual attributes of the image. To achieve this the encoder exploits two types of
feature sets: (1) generic features extracted from CNN based image classification task
(EfficientNetV2) and (2) specific features extracted from object detection model
(YOLOvV7). In addition, a new feature i.e. pf is generated and added to features of
each object. These features are combined through concatenation, resulting in the

creation of a feature matrix that contains raw information.

a) Generic Features Extraction

This stage utilizes the EfficientNetV2, which is pre-trained on the ImageNet dataset,
for extracting deep visual features (i.e. Generic). EfficientNetV2 is a CNN model
commonly used for image classification tasks, where it first extracts features from

input images and then classifies them into specific categories (e.g., dog, cat, etc.).

This thesis focuses specifically on the feature extraction part of this architecture,
ignoring its classification aspect. It extracts deep visual features from the final layer
of block 5 in Figure 3.3, in alignment with the latest methodologies in the field of
Image captioning research. These features have dimensions of (12x12x1280), where
12x12 denotes image dimensions (width x height) and 1280 represents the number
of channels (filters). Subsequently, they are reshaped into (144x1280) dimensions
to facilitate more efficient matrix manipulation as shown in Figure 3.3. These
features carry generic spatial information about the entire image, enabling a

comprehensive understanding of the objects in the image and their relationships.

55



Chapter Three The Proposed System
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Figure 3.3: Deep visual features extraction from the EfficientNetV2 model

b) Specific Features Extraction

The proposed system in this stage exploits the object detection model to extract
specific features (object features), which contain rich semantic information. It
utilizes YOLOV7, which is a pre-trained model on the MSCOCO dataset due to its
heightened accuracy compared to its predecessors, rendering it well-suited for

detecting small objects and achieving enhanced overall precision.

The extracted features are 2D array (i.e. row and column) encapsulating object
features. Each row corresponds to a bounding box delineating an object, including
(bx, by, by, by, p. and c ) where b, and b,, represent coordinates of the top left point
of the bounding box, b,, and b;, denote dimensions of the bounding box (i.e. width
and height). Empirically, b,, and b, represent coordinates of the down right point of
the bounding box. p. is confidence factor and ¢ denotes class number as shown in

Figure 3.4.
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input image
by by by
object1 [ 463.37 74.737 690.47 170.85 0.8693]
object2 [ 131.99 221.52 311.79 540.7 16 0.95941]
object3 [ 127.2 135.18 567.04 419.86 1 0.96248]

objects features

Figure 3.4: Object Features Extraction and Bounding Box Representation

c) Extracting the Priority Factor Feature

In this stage, a new feature called Priority Factor (pf) is generated to the set of
features for each object in the input image. As indicated earlier, the purpose of pf is
a score derived from the features of an object in order to rank its semantic

prominence with respect to other objects within the image’s landscape.

pf is conceptually based on the following empirical observations:

A. Prominent objects tend to be larger in terms of area with respect to their
counterparts within the same image. Furthermore, such tendency is inclusive
for all prominent objects.

B. A minute’s reflection on photography field often yields us to readily observe
that prominent objects within an arbitrary image tend to collocate either in or
close to the center of the image’s landscape.

Here, further explanation is provided on how these observations can be modeled

and further exploited to improve the accuracy of the captioning task. Given an image
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p, the set O = {0y, 04, ..., 0.} to represent all objects within p and detected by the
object detection model (YOLOvV7), and an object o; in O. Empirically, the object
detection model recognizes any object as a square or rectangle, hence we can
compute the width and length of each o, using Equations 3.1 and 3.2.
width = x, — x; 3.1)
length =y, —y; (3.2)
where x, and x; represent coordinates of the top left point of the o; bounding
box. y, and y, represent coordinates of the down right point of the o, bounding box.
After that the spatial area of o0; is compute using Equation 3.3, the mean of the areas

of all objects in O is compute using Equation 3.4.

a(o;) = width * length (3.3)
N a(o:
Mp=¥,1v>o (3.4)

where a (0,) is the area of 0;, M, 1s the mean of the areas of all objects in O and
N is the number of objects in O. To activate observation (A), the area ratio of o; is
readily calculated using Equation 3.5.

a(o;)

My

r(o;) = (3.5)

By viewing p, a plane observation (B) can be activated by calculating the
distance between the center of p, and the center of o;, using a spatial distance

measure. In this step, Euclidian Metric as shown in Equation 3.6 is used.

d(0;) = Y ((x; = x)2 + i — yc)?) (3.6)

where (x., y.) represent coordinates of the center point of the p. (x;, y;) represent

coordinates of the center point of the o;.
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Finally, the combination of the mathematical modeling of observations (A and
B) for each detected object in the input image represents the priority factor’s score
of that object as shown in Figure 3.5. Such a combination is donated by Equation

3.7. Figure 3.6 illustrates the embedding of pf in the feature set of the object o;.

pflo) = 0 (37)
r(o;)
objects area mean ratio image center objects center  distance pf

0 21827.126933 68141.737857 0.320319 (384.0,288.0) (576.9182373046875, 122.79302558898925) 253.980745 792.926283
1 57386.692303 68141.737857 0.842167 (384.0,288.0) (221.89080047607422, 381.1133674621582) 186.947832 221.98439%4
2 125211.394334 68141.737857 1.837514 (384.0,288.0) (347.11689147949215, 277.51868591308596) 38.343469  20.867036

Figure 3.5:The results of the mathematical modeling of observations (A and B) with computing
the pf feature for each detected object.

 peT—

by = standard features

ra— new feature “priority factor”

C3 == classes

Figure 3.6: Priority Factor Feature Embedding with Standard Features of YOLOv7
After computing pf for every o; in O, objects are sorted in ascending order
according to pf using heap sorting algorithm as depicted in Figure 3.7. The objects

feature array undergoes a transformation into a 1D array of specified length,
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subsequently being padding with zero values spanning a length of 1280 units. This
adaptation is performed to align with the output configuration of the EfficientNet\V2

model, yielding a resultant 1D array measuring 1x1280 in length.

by by by by c Pc pf
[ 127.2 135.18 567.04 419.86 1 ©.96248 20.867]
[ 131.99 221.52 311.79 540.7 16 ©.95941 221.98]
[ 463.37 74.737 690.47 170.85 7 0.8693 792.93]

Figure 3.7: Objects Sorting Ascending According to pf

d) Features Concatenation

Upon the availability of all features (i.e. Deep visual features, Object features with
pf feature), they become ready for concatenation to form a matrix (V) of dimension
145x1280 that contains essential knowledge of various features for the input image

as depicted in Figure 3.8.

I:>®<::I

Object features with pf(1x1280)

Deep visual features (144x1280)

Matrix W (145x<1280)

Figure 3.8: Features Concatenation Workflow
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3.2.4 Features Decoding Phase

The features decoding phase of the architecture is a deep neural network that
comprises three blocks with embedded layers, namely: Reduction Block, Attention
Block (semantic stage) and Language Block, as illustrated in Figure 3.9

features W (145 x1280)

!

el Iayeri512 units) () summation of column values
Reduction Block | relu activation function i (P concatenation of two vectors
: v @ Dot product of vectors

FC2 layer (256 units)

: () summation of vectors
relu activation function :

initial hidden
T (145 x 256J ) state 0

FC3 layer (512 units) | FC4 layer (512 units) -«
[ T
(145 x 512} __@1‘ (1x512)

(145 x 512)

Attention Block tanh activation function

v
FC5 layer (1 units)

T
(145 x 1)
¥

softmax activation function

,I initail input
context vector i {=start= token)
{1 256) | embedding layer (256 units) -« ’
|
: (1x512)
; ¥ :
Language Block : LSTM layer (512 units) }——“'Ffigfge—

output prediction (1 x 512)
¥

FC6 layer (512 units)
I

FCT layer (10,000 units) —

caption generation

Figure 3.9: The Architecture of Features Decoding Phase
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a) Reduction Block

Due to concatenation, V can readily become highly dimensional. Thus, it becomes
difficult to understand by the language generator down the stream. Accordingly, the
proposed system utilizes a two-FC layer traditional neural network for
dimensionality reduction. The first layer with a length of 512, and the second with a
length of 256 which represents the output layer. Unlike previous works, this system
concatenates both sets of features before the reduction of V. This network results in
an array with dimensions of 145 x 256.

Algorithm 3. 2 describes the details of the reduction block. The algorithm takes
the image features resulting from the concatenation step (i.e., V) as input. A feature

v; € V is a vector of dimensions (145 x 1280). In step (1) the algorithm process
each wv; in order to unify its cardinality with size 512 using FC;() layer and the
result is a 2D array S with size 145x 512 where each s; is a transformed vector

within S feature space. After that each s;; is input to relu () activation function to

normalize the values. In step (3) the algorithm uses a FC, () layer to process each s;
in order to unify its cardinality with size 256. The result is R with size (145x 256).

Finally, applying relu () activation function for each r;; , V r; € R.

Algorithm 3. 2: Reduction Block

input:
V:image features ,Vv; €V,0 <j < |V], |v_]| = 1280
output:
R: features dimensions reduction to 145%256
1)  reduction of the features with size (145 x 512)
si — FG(v)),v5 €S
2) use relu function to normalize the values

sij < relu(s;)
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3) reduction of the features with size (145 x 256)
r — FG(s), VT €R
4)  use relu function to normalize the values

1y relu(ry)

b) Attention Block (semantic stage)

The proposed system regards attention as a means to select the features that are more
relevant according to semantic information learned by Gradient Descent during
training. It utilizes the global attention introduced by Bahdanau to signify the
prominence of object features. As such, this can help readily collect class and
position information to grasp context (semantic) regarding the image rather than
merely deep visual features. This architectural design allows the decoder component
to dynamically utilize the most relevant sections of the input sequence, and this can
be achieved by combining all the encoded input vectors into a weighted
combination, where the vectors deemed most relevant are assigned higher weights.
Therefore, assures that the decoder focuses on the most important information during
the generation of output sequences.

Figure 3.10 illustrates the visual representation of attention results. Although this
result relies on gradients, as humans, we do not directly perceive these differentials.
Instead, they are analyzed and understood by our system managing the training
process. The system adjusts the parameters based on these gradients without us
having a clear awareness of the precise changes being made.

Algorithm 3. 3 outlines the complicated structure of the attention network

architecture. The input of this algorithm is as follows:
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e The image features R is extracted by the reduction block where r; € R, 7; is

vector represents a feature within the set. Empirically, R is a 2D array of
probabilistic distributions (145 X 256).

e The second input is a vector h obtained from the language block, h is a 1D
array (1 x 512).

In step (1) the algorithm process each 7; in order to unify its cardinality with r
using the FC layer Fc,() and the result is a 2D array w1 with size 145 x 512. After
that it pass h vector to FC,() and the result is w2 1D array of probabilistic
distributions (1 x 512). Next step we perform vector addition (w2 + w1;) where
w1, is a transformed vector within w1 feature space. The result is further processed
by applying tanh() activation function to normalize the values in the range (-1,1).
The motivation behind such normalization is identifying the importance of a w1, as
part of activation maximization undertaking. T undergoes a transformation to reduce
its dimensions to (145x1) through the use of the function Fc5(). In step (5) each a;
iIs normalized using softmax function o() to become a suitable probability
distribution over the predicted output classes. The results are positive scores that
represent attention weights which can be stored back in their locations in A. After
that the algorithm computes (4- R) The reason behind such computation is to
determine the relevant features of the corresponding word. Finally, we summate

each w; in W to produce the context vector ¢ of size 1 X 256.

Algorithm 3. 3: Attention Block (semantic stage)

input:

R:image features,¥Y71; ER,0 <j < |R|, |ﬁ| = 256
h: Hidden State Vector,V h; € E,O <i< 512

output:

€ : context vector
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1) extending features dimensions from (145 x 256) to (145 x 512)
wl; — FCy(7;),Ywl; e W1

2) Pprocessing h vector using FC, () layer
w2 — FCZ(E)

3) Vector addition (w2 + w1;) The result is further processed by applying tanh function
t; — tanh(w2 + wl;),Vt, €T

4) T is transformed to flatten using FC53()
a; — FC3(t),Va, €A

5) each a; is normalized using softmax function
d,«— o(a;) ,Vd, €A

6) compute the dot product of vectors (4 - R)

-

W «— A-R

7) summation each w; in W to produce the context vector ¢

C]' «— Z?=1Wi]' ,VC]' Ec

teenagers

Figure 3.10: Visual Representation of Attention Results.
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¢) Language Block

The language block consists of four layers: Embedding Layer, LSTM Layer,
Computation Layer, and Output Layer. The first layer takes a sequence of words
from the input caption, and returns one dimension vector of 256 length. The LSTM
layer is responsible for generating two outputs: hidden state and prediction vectors.
We rely on LSTM due to its beneficial performance with long dependencies. It can
remember information for long periods and provides wide range of parameters, such
as learning rates and biases, thus eliminating the need for finetuning. LSTM
produces a caption by generating one word relative to the context vector in the
previous hidden state as well as the previously generated words. The remaining
layers are FC layers where the computation layer is of size 512, and the second is of
length equals the vocabulary dimensions.

Algorithm 3. 4 depicts the details of language block workflow. The algorithm
takes two inputs:

e The word sequence w . Empirically, w is the key of the word in the dictionary.
e ¢ is 1D vector (1 x 256) which represents the context vector obtained from
the attention block.

In the step (1) the algorithm passes w to the embedding layer EMBED() to
transform it into a vector w of 256 length. After that concatenates (¢t @ w) to
prepare LSTM input which in turn returns two vectors h ,p of size 512. Next step the
algorithm processes p using Fc; () layer for computation purposes. The result is 1D

vector p with size (1 x512). Finally, p passes to Fc,() layer to extend its

dimensionality with the vocabulary size. The output is 5 1D vector with size
(1 x 10000).
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Algorithm 3. 4: Language Block

1)

2)

3)

4)

input:

w : word sequnce
C: context vector
output:

p:1D prediction vector
h: hidden state vector

w is transformed into vector using embedding layer
w «— EMBED(w)

preparing LSTM input by concatenating (¢ @ w)
h,p«— LSTM(tc @ w)

p undergoes a processing using FC; () layer

p— FC,(D)

p undergoes a processing using FC, () layer

P — FCy(P)

3.3 Training of The Proposed System

Before the training phase, the dataset undergoes a preparatory stage. The raw dataset

consists of two files: the first file includes images, while the second file is a JSON file

containing captions for all images in the first file. The features corresponding to each

image in the first file are extracted and archived within a file with the "npy" extension

using the features extraction phase, but before this phase, all the images and captions

undergo the preprocessing phase. The final result is the generation of database D which

comprises a set of features and a set of captions as depicted in Figure 3.11.

Algorithm 3. 5 depicts the main training workflow of the proposed system. The

input of this algorithm is as follows:
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e A set of image features denoted by V, each element in V is a 2D array (145 x

1280) which represents the features of a single image in the training dataset.

o A set of textual phrases donated by S. Each phrase represents the description

of various objects appearing in an image, and assigned by an expert.

e h is 1D vector (1x512) which represents the hidden state, and is initialized
with 0.

e The desired number of training epochs.
The processing workflow for any given training epoch is as follows:
Step-2: For each image in V, i.e. V;

Step-3: The image’s features set V; must be sent to the routine Reduction Block in
order to reduce its dimensionality from 145 X 1280 to 145 X 256.
Step-4: The reduced feature set, donated by 1y, is passed together with the hidden

state vector (h) to the routine Attention Block for learning the relevance between r;
features and their corresponding caption words as discussed in Step-8. The result is

an initial context vector ¢;
Step-5: The loss function in initialized to zero.

Step-6: In this step, the algorithm loops into each word s;; in the caption s;,s; €S

which corresponds to the image V; in the dataset V.

Step-7: Each s;; is passed with ¢; to the Language Block routine. The latter returns

two results:

e The prediction vector p;; with length that equals the vocabulary size (in the
context of this thesis the size is 1x10000).

e The updated hidden state & which reflects the learning of relevance.
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Step-8: In this step, we call the Attention Block routine again with two parameters:

the original image features set, and the updated h in Step-7. The result is an updated

context vector that will be used for prediction calculation for the word s;;4.

Step-9: The algorithm uses the function LOSS to compute the loss between the
predication of the word s;; and the next word s;;,4 in the caption set. The loss values
are accumulated in the variable [;. Steps (7,8, and 9) continues looping for all the

images and their corresponding captions.

Step-11: In this step, the average loss is computed for the feature set V; and its

corresponding caption s;. The result is stored in av;

Step-13: Finally, av represents the average loss of the entire training epoch n, and
1s computed by divining the sum of loss averages for all images by the size of the

dataset.

Algorithm 3. 5: Training Iteration

input:

a set of image features V, a set of captions S, & is an initial hidden state vector, and
epoch initialization N=25

output:

av: represents the average loss of the entire training epoch n

1) FOR epoch =1to N DO
2) FOR i=1to |[V|DO

3) r; «— Reduction Block (V;)

4) ¢, «— Attention Block (ri,ﬁ)

5) l; <0

6) FORj=1to |s;| DO

7) (Pij» h) < Language Block (c, Sij)
8) ¢, « Attention Block (r;,h)
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9) li — li+ LOSS(py, Sij+1)
10) END
11) av; «— Ii_lll
12) END
VI o
13) av l=“1/| :
14) END

Raw

[ )

j )
)

image p Caption T

Preprocesing Preprocesing

Caption sequnce
Concatenate features

> J
Database
(D)

Figure 3.11: Preparing Dataset for Training
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Chapter Four: Experimental Results and

Discussion

4.1 Overview

The proposed system explained in Chapter Three is applied to achieve the thesis
aims explained in Chapter One. The findings of all phases are ordered according to
their appearance in Chapter Three. However, this Chapter begins with the software
and hardware configurations along with explaining the dataset for implementing the

proposed system.

4.2 Software and Hardware Configurations

Implementing image processing systems using machine learning with a deep
learning approach requires high computer resources to be applied flexibly, especially
with huge datasets. Therefore, the proposed system was implemented using two

main Sources:
A. Local Software and Hardware

e Central Processing Unit (CPU): Intel(R) Core(TM) 17-8750H CPU @
2.20GHz.

e RAM: 16 GB.

e Graphics Processing Unit (GPU): NVIDIA GeForce GTX 1060 6GB.

e Hard Disk: 256 GB SSD.

e Operating system: Windows10, 64 bit.

e Programing language: Python 3.9 Anaconda with PyCharm 2022 IDE.
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B. Cloud GPU

e Google Colab Pro subscription for 1 month.

e Google Colab Pro+ subscription for 3 months.

4.3 Implementation Details

In this thesis, the loss function used during training is sparse categorical cross
entropy. Adam optimizer was used as the optimizer. Therefore, we adopt the

following configurations:

e Learning rate = 0.001
e Epoch =25

e Batch size = 32, and early stop if the metric scores discontinue improving.

4.4 Results of Data Preprocessing

The outcomes of the preprocessing phase involving both images and captions are
displayed after conducting the following: image resizing, adding unique tokens for
each caption, tokenization of captions, dictionary construction, transformation of

each caption into a vector, and finally padding.

a) Images Resizing
It is essential to resize the input images to 384 x 384 in order to be compatible with
the architectural requirements of the EfficientNet\V2 CNN model due to the dataset's

variable image dimensions make this modification necessary (See Figure 4.1).
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resize (384 x 384) [

Figure 4.1: Resize Sample of the Dataset Images

b) Adding Unique Tokens
For each caption in the dataset, unique tokens should be added which are <start> and
<end> where <start> is added at the beginning of the caption and <end> is added at

the caption end as shown in Table 4.1.

Table 4.1: Sample of the dataset captions before and after adding unique tokens

"Three large dollies with scattered luggage place on top "
Before Adding "A person walking with an umbrella against the wind"
Unique Tokens | "A dog is laying down and getting his teeth brushed"

"A teddy bear is sitting on a chair"

"<start> Three large dollies with scattered luggage place on top <end>"
After Adding "<start> A person walking with an umbrella against the wind <end>"
Unique Tokens | "<start> A dog is laying down and getting his teeth brushed <end>"

"<start> A teddy bear is sitting on a chair <end>"
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c) Tokenization of Caption

All captions in the dataset are converted into separated words based on punctuations,
special characters, and white spaces by tokenizing the textual content (See Table
4.2)

Table 4.2: The captions sample before and after the tokenization process

"<start> Three large dollies with scattered luggage place on top <end> "
Before "<start> A person walking with an umbrella against the wind <end>"
Tokenization | "<start> A dog is laying down and getting his teeth brushed <end>"

"<start> A teddy bear is sitting on a chair <end>"

[ <start>’,” Three’,” large’, *dollies’, *with’, ’scattered’, ’luggage’, ’place’,’
on’, ’top’,’<end>’]

- [’<start>’, A’, *person’, walking’, *with’, ’an’, umbrella’, *against’, ’the’,
After

o ‘wind’,’<end>’]
Tokenization

[’<start>’, ’A’, ’dog’, ’is’, ’laying’, ’down’, ’and’, *getting’, ’his’, ’teeth’,
’brushed’,’<end>’]

[’<start>’, ’A’, *teddy’, ’bear’, ’is’, ’sitting’, "on’, ’a’, ’chair’,’<end>’]

d) Dictionary Construction
The resulting tokens after the tokenization process are then counted and sorted based
on their frequencies. Only the tokens within top 10,000 ranks are chosen as our

vocabulary (i.e. dictionary) to avoid overfitting as depicted in Table 4.3.
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Table 4.3: The captions sample before and after the dictionary construction

Before
Dictionary

Construction

[’ <start>’,” Three’,” large’, *dollies’, *with’, *scattered’, ’luggage’,
’place’,” on’, ’top’,’<end>’]

[’<start>", ’A’, ’person’, *walking’, *with’, ’an’, 'umbrella’, *against’,
’the’, *wind’,’<end>’]

[’<start>’, ’A’, ’dog’, ’is’, ’laying’, ’down’, *and’, ’getting’, ’his’,
’teeth’, *brushed’,’<end>’]

[’<start>’, ’A’, ’teddy’, ’bear’, ’is’, ’sitting’, >on’, ’a’, *chair’,’<end>’]

After
Dictionary

Construction

{1: '<start>', 2: '<end>', 3:'a', 4: 'with', 5: 'on’, 6: 'is', 7: 'three’, 8: 'large’,
9: 'dollies’, 10: 'scattered’, 11: 'luggage’, 12: 'place’, 13: 'top’, 14:
‘person’, 15: 'walking’, 16: 'an’, 17: 'umbrella’, 18: 'against’, 19: 'the’, 20:
'wind', 21: 'dog’, 22: 'laying’, 23: 'down’, 24: 'and’, 25: 'getting’, 26: 'his’,
27: 'teeth’, 28: 'brushed’, 29: 'teddy’, 30: 'bear’, 31: 'sitting’, 32: 'chair'}

e) Caption Transformation to Vector

After dictionary construction, each caption after the tokenization process is

converted into a vector by comparing each token with the dictionary. Table 4.4

shows a sample of the captions before and after transforming them into vectors.

Table 4.4: Caption Transformation to Vector

Before

[* <start>",” Three’,” large’, *dollies’, *with’, *scattered’, ’luggage’,
’place’,” on’, ’top’,’<end>’]

[’<start>’, ’A’, ’person’, *walking’, *with’, an’, 'umbrella’, *against’,
’the’, *wind’,’<end>’]

[’<start>’, ’A’, ’dog’, ’is’, ’laying’, ’down’, and’, *getting’, his’,
’teeth’, *brushed’,’<end>’]

[’<start>’, ’A’, ’teddy’, ’bear’, ’is’, ’sitting’, *on’, ’a’, ’chair’,’<end>’]
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[[1,7,8,9,4,610,11,12,5,13,2], [1, 3, 14, 15, 4, 16, 17, 18, 19, 20, 2],
After [1,3,21,6,22,23,24,25,26,27,28,2],[1, 3,29, 30,6, 31, 5, 3, 32,
211
f) Padding

This means captions need to be padded with zeros to make them uniform in length
since the length of features vary. Table 4.5 depicts a sample of the captions vectors

before and after padding.

Table 4.5 The use of padding

[[1,7,8,9,4,10,11,12,5,13, 2], [1, 3, 14, 15, 4, 16, 17, 18, 19, 20, 2],
Before [1, 3,21, 6, 22, 23, 24, 25, 26, 27, 28, 2], [1, 3, 29, 30, 6, 31, 5, 3, 32,
211

[[1,7,8,9, 4,10, 11,12,5,13,2,0], [1, 3, 14, 15, 4, 16, 17, 18, 19, 20,
2,0],[1, 3, 21, 6, 22, 23, 24, 25, 26, 27, 28, 2], [1, 3, 29, 30, 6, 31, 5, 3,
32,2,0,0]]

After

4.5 Experiments

In this thesis, four experiments were conducted on the proposed system, especially

the features extraction phase (Encoding):

e Experiment 1 compared the proposed system before and after adding object
detection.
e Experiment 2 compared the proposed system before and after adding a pf

feature to features of object detection.
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e In experiment 3, the proposed system as whole (with object detection & pf)
was compared with the reduction process before and after the concatenation
step.

e In experiment 4 our proposed system as whole is compared with state of the

art approaches in terms of Precision(P) and Recall(R) of the reported caption.

4.5.1 Results of the First Experiment

Table 4.6 shows the quantitative comparison of experiment 1. The inclusion of
object detection results in a significant improvement in assessment scores, especially
in CIDEr and SPICE scores, which increased from 83.1-89.1 and 14.2-15,
respectively. This increase is considered good compared to the results of the Al-
Malla [20], indicating a high level of concurrence with human judgment.
Additionally, this improvement underscores the efficacy of incorporating object
features to enhance the overall quality and relevance of generated descriptions,
thereby bridging the gap between machine generated outputs and human perception
and comprehension. Figure 4.2 depicts a comparison of the results of Experiment 1
before and after adding object detection.

Table 4.6: Results of experiment 1. Bold indicates the highest score, and OD denotes Object

Detection.
Proposed
BLEU-1 | BLEU-2 | BLEU-3 | BLEU4 | METEOR | CIDEr | ROUGH-L | SPICE
System
Without OD 72.5 57.2 449 323 254 83.1 50.1 14.2
With OD 75 59.5 46.9 33.8 264 89.1 51.6 15
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Figure 4.2: Comparison of the results of experiment 1. OD denotes Object Detection.

Figure 4.3 depicts the qualitative results of experiment 1. It is obvious that the
proposed system with object detection features generates captions with higher
quality compared to those produced by this same system but without using these
features. In Figure 4.3(a), our system without object detection features can identify
a "two sheep ". However, by adding object detection, the system identifies "group
of sheep".

In Figure 4.3(b), the proposed system without object detection features is unable
to generate accurate captions compared to the improved caption generation after
adding these features. As shown in Figure 4.3(c), the proposed system generates the
caption “a group of young people sitting around a table.”, and the object detection
variation gives the caption “a group of people that are sitting at a birthday party.”.

In Figure 4.3(d), our system without adding the object detection model mixes

78



Chapter Four

Experimental Results and Discussion

animals and people. In Figure 4.3(e), the proposed system identifies the "sink" of a

bathroom after adding an object detection model.

gL ) P\ h
» '.‘.’I 4N

Without OD:

Without OD: Without OD: Without OD: Without OD:
two sheep grazing in a woman sitting on the a group of young several people are
field couch in her bed with people sitting around a grazing on the grass
two laptops. table. one walking in the
foreground with dog.
With OD: With OD: With OD: With OD:
group of sheep together a woman sitting on top a group of people that a herd of animals
in a flooring. of a bed with her are sitting at a birthday walking across a lush
party. green field.
(d)

Without OD: Without OD: Without OD:
large bathroom. motorcycle parked in two giraffes are in the table holds a flower.
front. grass.
With OD: With OD: With OD: With OD:
a bathroom area a large group of two giraffes standing a clear glass vase is
showing a sink. motorcycles parked together under a tree in holding flowers.
near a city street. a eight rocks in the
grass.
(® ® (g (h)

Figure 4.3: Examples of captions generated by experiment 1. OD denotes Object Detection

In Figure 4.3(f), the proposed system is capable of describing a group of
motorcycles rather than one motorcycle after adding object detection. In Figure
4.3(g), without object detection, the system was unable to identify the 'tree’ and
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'rocks’ behind the giraffes. Finally, in Figure 4.3(h), we are able to identify the "glass
vases™ holding flowers.

4.5.2 Results of the Second Experiment

Table 4.7 shows the results of second experiment based on a quantitative
comparison. We observe that our proposed scheme (i.e. pf) when it was combined
with object features contributes in increasing BLEU metrics, while other metric
values remain unaffected. In contrast to the results of Al-Malla [20], our scheme
does not result in a decrease in the METEOR score. Figure 4.4 depicts the minor

increase in BLEU metrics of the results of Experiment 2 before and after adding pf.

Table 4.7: Results of experiment 2. Bold indicates the highest score

Pgls’t‘;zd BLEU-1 | BLEU=2 | BLEU-3 | BLEU-4 | METEOR | CIDEr | ROUGH-L | SPICE
With OD 75 59.5 46.9 33.8 264 89.1 51.6 15
WithOD & pf | 76 60 47.1 34 26.4 89.1 51.6 15

Experiment 2 is qualitatively evaluated, and the results are depicted in Figure
4.5. For example, in Figure 4.5(a), the proposed system generates the caption “two
sheep grazing in field”, and the object features variation gives the caption “group of
sheep together in a flooring.”, whereas the object features with the added pf feature,
the system generates the caption “a very herd of sheep with different features of
sheep”. From semantic point of view, it can be readily observed that the captions
generated with the pf approach have better semantics with respect to the objects
appearing in the input image, compared to the captions generated by other
approaches. For example, the object features approach (without pf) can identify a

"group of sheep". However, when adding pf, it identifies "sheep features".
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Similarly, in Figure 4.5(b), the proposed system identifies "glasses™ in the image
along with “sitting woman” due to the effect of pf addition. In Figure 4.5(c), the
object detection approach (without pf) was unable to generate the "dessert" eaten by
individuals at the table compared to the improved caption generation after adding pf.
In Figure 4.5(d), our system with the object detection model (without pf) mixes
animals and people, whereas with adding pf the system can identify the ‘cows'.

100

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr ROUGH-L SPICE

W withod [ With OD &pf

Figure 4.4: Comparison of the results of experiment 2
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oy 5
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With OD without pf: With OD without pf: With OD without pf:
group of sheep together a woman sitting on top a group of people that a herd of animals
in a flooring. of a bed with her are sitting at a birthday walking across a lush

laptop. party. green field.
With OD & pf: With OD & pf: With OD & pf: With OD & pf:
a very herd of sheep girl wearing glasses two men and a girl are a herd of cows with a
with different features sitting on the bed with sitting in front of a shepherd in a dry
of sheep. her laptop. table eating dessert. grassy field.

() © ' (d)

W
Wi

”~ S

‘With OD without pf:

With OD without pf: With OD without pf: With OD without pf:
a bathroom area a large group of two giraffes standing a clear glass vase is
showing a sink. motorcycles parked together under a tree in holding flowers.
near a city street. a eight rocks in the
grass.
With OD & pf: With OD & pf: With OD & pf: With OD & pf:
The bathroom area a group of motorcycles two giraffes fighting in two glass vases holding
shows a sink with a parked near a blue a forest. flowers.
toilet. building.
(® ® (=) (h)

Figure 4.5: Examples of captions generated by experiment 2

4.5.3 Results of the Third Experiment

Table 4.8 demonstrates the results of experiment 3. A slight improvement is

observed in the evaluation scores, particularly in the BLEU 1, BLEU 2, and BLEU

3 metrics, where a 0.63 % increase is evident when conducting the reduction process

(i.e. Reduction Block) of V features after the concatenation step. This experiment
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illustrates the effectiveness of this method in improving the accuracy, especially the

BLUE metric.

Table 4.8: Results of experiment 3. Bold indicates the highest score

Proposed system

BLEU-1

BLEU-2

BLEU-3

BLEU+4

METEOR

CIDEr

ROUGH-L

SPICE

With (OD & pfand
reduction before
concatenation)

76

60

47.1

34

264

89.1

51.6

15

With (OD & pfand
reduction after
concatenation)

76.2

60.1

47.2

34

26.4

89.1

51.6

15

4.5.4 Results of the Fourth Experiment

Table 4.9 presents the results of the fourth experiment. These results show that the

proposed system outperforms the selected counterparts in terms of BLEU-1, BLEU-

2, BLEU-3, and SPICE metrics. Although previous experiments prove that SPICE

score is hard-to-improve measure, our method achieves 2nd of BLEU-4 with only a

1.2 difference from the best score. Similarly, w.r.t METEOR, we achieve second

rank whereas Iwamura et al. [19] achieved first rank, w.r.t CIDEr and ROUGH-L

we achieve third place whereas they achieved first rank. Finally, we achieve best
scoring w.r.t the BLEU-1, BLEU-2, BLEU-3, and SPICE metrics.

Table 4.9: Results of experiment 4. Bold indicates the highest score

State of the art

RS BLEU-1 | BLEU-2 | BLEU-3 | BLEU-4 | METEOR | CIDEr | ROUGH-L | SPICE
Yang et al. [16] 70.4 53.1 39.2 29 23.8 85 52.1 -
Yin and Ordonez [17] - - - 253 23.8 92.2 50.7 -
Iwamura et al. [19] 75.9 59.9 46 35.2 26.7 109.9 55.8 -
Al-Malla et al. [20] 49.2 29.6 17.4 10.1 16.3 39 35.8 10.8
Ours 76.2 60.1 47.2 34 26.4 89.1 51.6 15
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Figure 4.6 displays a comparison between state of the art approaches and our
system. We see a clear increase in the results on evaluation metrics, especially in
BLEU-1, BLEU-2, BLEU-3, and SPICE, where we achieved scores of 76.2, 60.1,
47.2, and 15, respectively. The acceptable ranges for BLEU, METEOR, CIDEr,
ROUGH-L, and SPICE are 60-80, 20-30, 50-100, 40-60, and 10-20, respectively.
Accordingly, the results of our system are good relative to these ranges and lead to

improving the performance of captioning on images.

120
110
100
90
80
70
60
50
40
30
20

I |

Yang et al Yin and Ordonez lwamura et al Al-Malla et al Qurs

B BLEU-1 [ BLEU-2 | BLEU-3 BLEU-4
METEOR | | CIDEr ROUGH-L | SPICE

Figure 4.6: Comparison of the experiment 4 results between our system and state of the art
approaches
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5.1 Conclusions

Several conclusions throughout the design and implementation of the proposed

system are drawn.

Utilizing a combination of diverse features, both generic (deep visual features)
and specific (object detection features), has been demonstrated to enhance
caption accuracy, as shown by the results of experiment 1.

The attention mechanism takes an important role in the proposed system
architecture, especially in the features decoding phase (Decoding). This
mechanism directs the decoder to focus on specific features derived from
diverse feature combinations. Empirically, the attention mechanism
prioritizes object detection features known for their semantic richness in
describing the input image. Additionally, it feeds the decoder with relevant
features that bridge the gap between text and image features.

A new feature called priority factor (pf) was introduced in addition to the
features of the object detection. pf is a score derived from the features of an
object in order to rank its salience with respect to other objects within that
image’s landscape. This schema shows the empirical effectiveness of the
captioning task from semantic point of view as demonstrated in the analysis
of experiment 2.

Unlike previous works, this thesis shows that it is more effective to combine
all raw features (Generic and Specific) in the first step of downstream

processing workflow, and only then the feature reduction can take place. This
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method demonstrates the observed improvement in the evaluation metrics
especially the BLUE metric as shown in the results of experiment 3.

e The proposed system produced the best results for almost all considered
metrics. Therefore, it demonstrably improved the image captioning
performance compared with other state of the art approaches as demonstrated

in the analysis of experiment 4.

5.2 Future Works

Several future directions could be highlighted based on the findings of this present
thesis. A basic foundation can be provided upon which various image collections can
be annotated with semantics supported captions drawn from (semi) structured
knowledge sources (e.g. WordNet Ontology [40]). This can help facilitate various
information retrievals tasks (e.g. semantic search, structural querying with machine
readable metadata like RDF [41] or OWL [42]). Moreover, it is possible to conduct
experiments on larger and more diverse datasets to validate generalization and

scalability.

Regardless of such important outcomes, this thesis is not without limitations such

as:

e Ensuring the generation of captions of excellent quality that align with human
judgments.

e Dealing with potential biases that may occur when evaluating the system
using datasets sourced from diverse domains, aiming to achieve unbiased and
representative performance assessments.

e Training such a large-scale model requires high computation power which

may not always be readily available.
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