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Abstract

Object Detection and Identification Based on Contour
Segmentation

Artificial intelligence has been applied across various domains. Despite its advan-
tages, there are significant limitations that hinder the implementation of artificial
intelligence techniques in specific fields and locations. Major concerns include ac-
curacy, the poor quality of gathered data, and processing time, particularly when
deploying machine learning techniques on low-end smart devices.

In the field of computer vision, advancements in multimedia and visual comput-
ing technologies have the potential to revolutionize human life. Many applications
utilize captured images from autonomous entities as data sources for various pur-
poses. These images must be interpreted to extract information about their ex-
ternal environment. Researchers in this domain face challenges such as detecting
and interpreting the context of these images.

The proposed approach introduces a new pipeline that reduces the size of the
image in both the input and intermediate layers of a deep learning model by
merging pixels based on their standard deviation values rather than processing
the entire image. Experimental results demonstrate that this technique signif-
icantly enhances the performance of existing text detection methods, especially
in challenging scenarios involving low-end IoT devices that offer low contrast or
noisy backgrounds. Compared to other techniques, the proposed method can be
effectively used for object detection in IoT-gathered multimedia data, achieving
reasonable accuracy with short computation times.

Keywords: Object detection, Image segmentation, deep learning, Standard de-
viation, IoT Image Processing



Résumé

Détection et Identification d’Objets Fondée sur la
Segmentation par Contour

L’intelligence artificielle a été appliquée dans divers domaines. Malgré ses avan-
tages, il existe des limitations significatives qui entravent I'implémentation des
techniques d’intelligence artificielle dans certains domaines et endroits spécifiques.
Les principales préoccupations incluent la précision, la mauvaise qualité des données
recueillies et le temps de traitement, en particulier lors du déploiement de tech-
niques d’apprentissage automatique sur des appareils intelligents de bas de gamme.

Dans le domaine de la vision par ordinateur, les avancées en matiere de multimédia
et de calcul visuel ont le potentiel de révolutionner la vie humaine. De nombreuses
applications utilisent des images capturées par des entités autonomes comme
sources de données pour divers objectifs. Ces images doivent étre interprétées
pour extraire des informations sur leur environnement extérieur. Les chercheurs
de ce domaine sont confrontés a des défis tels que la détection et 'interprétation
du contexte des images.

L’approche proposée introduit un nouveau pipeline qui réduit la taille de 'image
dans les couches d’entrée et intermédiaires d’un modele d’apprentissage profond en
fusionnant les pixels basés sur leurs valeurs d’écart type au lieu de traiter I'image
entiere. Les résultats expérimentaux montrent que cette technique améliore sig-
nificativement les performances des méthodes de détection de texte existantes,
notamment dans des scénarios difficiles impliquant des appareils IoT de bas de
gamme offrant un faible contraste ou des arriere-plans bruyants. Comparée a
d’autres techniques, la méthode proposée peut étre efficacement utilisée pour la
détection d’objets dans les données multimédias recueillies par des appareils [0T,
atteignant une précision raisonnable avec un temps de calcul réduit.

Mots clés: Détection d’objets, Segmentation d’image, Apprentissage profond,
Equart type, traitement d’images [oT.
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General Introduction

Introduction

Nowadays, Image analysis has become increasingly important in a wide variety of
applications, especially in such areas where the automatic searching in images is
a challenge.

Object detection, segmentation, and identification are the most fundamental yet
challenging problems in image processing and computer vision community. Their
applications and use reside in many domains such as robotics, image processing,
recognition, and others. Detecting an object in an image is an operation that
aims to identify the presence of various individual objects in a given image or
video from distinguishing the region of the object from the background according
to a defined criterion. Several techniques in the literature could be found to ensure
this operation, which is the first step towards object recognition.

On the other hand the Internet of Things (IoT) plays a significant role in the
domain of object detection, further emphasizing the importance of this technology
in today’s digital landscape.

IoT devices, which encompass a vast array of sensors, cameras, and other data-
gathering tools, generate a massive amount of multimedia data. This data comes
from various sources, including surveillance cameras, environmental sensors, smart
appliances, and wearable devices, among others.

With the proliferation of IoT devices, there’s an unprecedented volume and di-
versity of information being generated continuously. This influx of data presents
both challenges and opportunities, particularly in the realm of object detection.

Object detection algorithms can be deployed on IoT devices themselves or on edge
computing platforms to analyze the data locally, reducing latency and bandwidth
usage. This capability is crucial in applications where real-time detection and
response are essential, such as in smart cities for traffic monitoring, in industrial
settings for quality control, or in healthcare for patient monitoring.



Context

General context Computer vision has indeed emerged as a major research topic
within computer science, driven by advancements in artificial intelligence and deep
learning. While artificial intelligence (AI) has shown tremendous potential across
various domains, there are indeed several limitations that can hinder its imple-
mentation, especially in certain contexts such as low-end smart devices. Some of
the key limitations include:

1. Accuracy: The accuracy of Al models heavily depends on the quality and
quantity of training data available. In domains where data is scarce or noisy,
achieving high accuracy can be challenging. Additionally, Al models may
struggle with generalizing to unseen data or adapting to changing conditions,
leading to potential inaccuracies in real-world applications.

2. Data Quality: Poor quality or biased data can significantly impact the per-
formance of Al models. Biases in training data can lead to unfair or discrim-
inatory outcomes, especially in sensitive domains like healthcare or criminal
justice. Ensuring high-quality and diverse training data is essential for mit-
igating these issues.

3. Processing Time: Al algorithms, particularly deep learning models, can be
computationally intensive and require significant processing power and mem-
ory resources. This poses a challenge for implementation on low-end smart
devices with limited computational capabilities. Real-time or near-real-time
inference may be difficult to achieve in such constrained environments.

4. Resource Constraints: Low-end smart devices often have limited memory,
storage, and power resources, which can pose constraints on the size and
complexity of Al models that can be deployed. Optimizing models for re-
source efficiency while maintaining acceptable performance becomes crucial
in such scenarios.

Specific context Object detection, segmentation, and identification lay the foun-
dation for many advanced image processing and computer vision tasks.

Object detection involves locating instances of objects within images or videos,
typically by creating bounding boxes around them. This process is essential for
tasks like autonomous driving, surveillance, medical imaging, and industrial au-
tomation.

Segmentation, on the other hand, goes a step further by precisely delineating the
boundaries of objects, assigning each pixel to a specific class or object category.



This level of detail is crucial in medical image analysis, satellite imaging, and
quality control in manufacturing.

Identification involves recognizing and labeling specific objects or instances within
an image. This could range from identifying different species of plants in agricul-
ture to recognizing faces in security systems.

Deep learning, particularly convolutional neural networks (CNNs), has revolution-
ized object detection and image analysis by enabling end-to-end learning from raw
pixel data to object detection and classification.

As technology continues to evolve, we can expect even more sophisticated methods
and applications of image analysis and object detection across various domains.

Furthermore, integrating object detection with IoT devices enables a wide range
of applications, including smart retail (tracking inventory and analyzing customer
behavior), environmental monitoring (detecting pollution or changes in wildlife
habitats), and home automation (recognizing occupants and adjusting settings
accordingly).

The synergy between IoT and object detection not only underscores the abundance
of multimedia data but also presents new avenues for innovation and application
across various domains.

Motivation

A crucial aspect of deep learning-based approaches in object detection is strik-
ing the right balance between accuracy and speed. While Convolutional Neural
Networks (CNNs) have demonstrated remarkable effectiveness in object detection
tasks by automatically learning features from data, achieving a balance between
accuracy and speed remains a fundamental goal.

In object detection systems, especially those deployed in real-time applications or
on resource-constrained devices, both accuracy and speed are critical factors:

e Accuracy: Accuracy refers to how well the object detection system can cor-
rectly identify and localize objects in an image or video. Higher accuracy en-
sures reliable performance, especially in tasks where precision is paramount,
such as medical imaging or autonomous driving.

e Speed: Speed, on the other hand, refers to the efficiency of the object de-
tection system in processing input data and generating predictions. Faster
processing times are essential for real-time applications like video surveil-
lance, where timely detection and response are crucial.



Research question

When designing object detection systems, these considerations are crucial, espe-
cially in real-world scenarios where factors like model complexity, real-time con-
straints, and resource constraints play significant roles:

1. Model Complexity: Deep learning models, especially deep neural networks
like CNNs, may offer high accuracy by learning intricate features from data.
However, they often come with a high computational cost due to their com-
plexity. This can be challenging for deployment on devices with limited
processing power and memory, such as low-end IoT devices or edge comput-
ing platforms.

2. Real-Time Constraints: Many applications, such as autonomous vehicles,
video surveillance, and robotics, require low-latency predictions for timely
decision-making. High computational complexity can lead to longer infer-
ence times, which may not be feasible in real-time scenarios. Achieving
real-time performance while maintaining accuracy is crucial for the success
of these applications.

3. Resource Constraints: Low-end devices, including [oT devices and embedded
systems, often have limited computational resources, memory, and power.
Deploying complex deep learning models on such devices may not be prac-
tical due to resource constraints. Optimizing models for resource efficiency
while preserving accuracy becomes essential in these scenarios.

Objective

Detecting and segmenting objects in natural scenes has attracted a lot of interest
in computer vision. Despite many models have been proposed and several ap-
plications have emerged, yet a deep understanding of achievements and issues is
lacking.

The primary goal of this thesis is to achieve a delicate balance between accu-
racy and speed in the development of object extraction systems. The significant
contribution lies in addressing this balance, ensuring that these systems not only
maintain high accuracy but also operate efficiently in terms of speed. The purpose
of the thesis is to tackle the challenges posed by real-time constraints, resource
limitations, and model complexity. To address these challenges, we propose a
novel text detection approach.



In addition to achieving a delicate balance between accuracy and speed, this thesis
aims to improve image object detection by reducing image size while preserving
essential features. The proposed reduction technique enhances model training
efficiency without sacrificing accuracy, thus addressing the challenges posed by
real-time constraints, resource limitations, and model complexity.

Contribution

This thesis contributes to the ongoing efforts in advancing object detection tech-
niques by introducing a novel pre-treatment technique that addresses important
challenges in model training and performance, particularly in the context of low-
end IoT devices. It would be fascinating to see how this approach evolves and
potentially influences future research and development in the field of computer
vision.

Our work presents several distinct advantages that set it apart from existing lit-
erature:

1. Reduced Processing Time : - Our approach significantly diminishes the com-
putational overhead typically associated with fine-tuning or adapting these
models to specific tasks. - This leads to faster object detection, making it
suitable for real-time or resource-constrained applications.

2. Customization and Adaptability: - Our model offers greater flexibility in
adapting to various domains and datasets. - Researchers and practition-
ers can tailor the algorithm more effectively to their specific needs. - This
adaptability ensures better performance across diverse scenarios.

3. Competitive Precision Rates: - Our approach maintains competitive preci-
sion rates. - Ensuring that the accuracy of object detection is not compro-
mised while benefiting from reduced processing time and enhanced adapt-
ability.

Presentation Order

This thesis contains four chapters. The general introduction presents the context
and the research problem. It identifies the motivations and objectives of the thesis
and also presents the main contributions.

Chapter 1 introduces the Deep Learning approach employed in computer vision,
focusing on Convolutional Neural Networks (CNNs) for tasks such as semantic
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segmentation and object detection. CNNs are particularly well-suited for these
tasks due to their ability to automatically learn hierarchical features from raw
input data.

Chapter 2 presents the color divergence technique utilized for image segmentation
and object detection. This method leverages color information to segment images
and detect objects within them.

In Chapter 3, the focus is on the application of the o Net approach for object
detection of text in natural scene images. The chapter delves into the technical
details of the o Net approach, its architecture, training process, and performance
evaluation.

The chapter 4 addresses the multi-class challenge in colorectal cancer detection us-
ing a 0 Net with a pre-trained convolutional neural network and a spatial attention
module.

Finally, the general conclusion consolidates all the insights and contributions
gained throughout the thesis, and the research’s perspectives and future direc-
tions are provided.
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Chapter 1

Preliminary knowledge

1.1 Introduction

The Deep Learning approach in computer vision predominantly utilizes Convolu-
tional Neural Networks (CNNs). CNNs have revolutionized computer vision tasks,
including semantic segmentation and object detection, due to their ability to learn
spatial hierarchies and capture local and global context. The content within this
chapter focuses on the foundational knowledge of this thesis. First, we describe
the principles of Convolutional Neural Networks (CNNs). Then, we clarify the
application and implementation of encoder-decoder networks in the context of
semantic segmentation. Finally, we introduce the task of object detection.

1.2 Convolutional Neural Networks CNNs

1.2.1 Overview

The cnn is a sophisticated deep learning method commonly employed for detecting
objects. Initially introduced by Fukushima in 1980 [6] and later refined by LeCun
[7], CNNs are structured to handle data represented as multi-dimensional arrays.
They incorporate four fundamental concepts that exploit the characteristics of
natural signals: localized connectivity, weight sharing, pooling strategies, and the
implementation of numerous layers [8] The architecture of a typical Convolutional
Neural Network (CNN) model is composed of a series of sequential layers detailed
as follows :

e Convolutional layers: These layers are crucial for extracting features. Early
layers detect simple features such as edges and corners, while subsequent
layers identify complex features like structures and objects by integrating
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the simpler ones. Each neuron within a convolutional layer connects to a
small region of the preceding layer’s feature maps via a kernel set known
as a filter bank as shown in figure 1.1. The local weighted sum produced
is then processed through a nonlinear function, commonly a rectified linear
unit (ReLU). Neurons in the same feature map utilize identical filter banks,
whereas different feature maps employ distinct ones. The equation 1.1 de-
scribes the convolution operation between a multi-channel input tensor 7'
and a filter kernel K.

F(z,y,l) = (T % K))(z,y,1) = ZZZT(z—i,y—j,m) K(i,j,0) (1.1)

e Pooling layers: The purpose of pooling layers is to condense the data rep-
resentation and achieve robustness against minor positional changes and
distortions. Positioned typically between convolutional layers, each pooling
layer’s feature map links to the corresponding feature map of the preceding
convolutional layer. A standard pooling operation calculates the maximum
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Figure 1.2: Max and Average Pooling example

value within a local cluster of neurons in a single feature map. Figure 1.2
illustrates an example of max and average pooling process.

Nonlinear Activation Function : The activation functions are essential in
neural networks as they establish a non-linear relationship between the in-
put and output. This non-linearity allows the network to handle complex,
non-linear data. Choosing an appropriate activation function is crucial for
enhancing network performance [9]. Widely used activation functions are the
Sigmoid and Rectified Linear Unit (ReLU) [10], each contributing uniquely
to the network’s learning capabilities.

Fully connected layers: These layers are generally found near the end of
the network and serve to synthesize the information from the preceding
layers, aiding in the final decision-making process. Figure 1.3 shows different
layers of the CNN, including the convolution layer, pooling layer, and fully
connected layer.
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1.2.2 Applications of CNNs
1.2.2.1 Image classification with CNNs

Feature extraction is a crucial step in image classification. It involves transforming
the raw data of the image into a set of features that can be effectively used by a
classifier to distinguish between different object categories [11].

There are two main approaches to feature extraction:

e Manual Feature Extraction: This involves selecting and designing features
based on domain knowledge. For example, color, texture, and shape descrip-
tors are manually crafted and extracted from the image.

e Feature Learning: This approach relies on machine learning algorithms to
automatically discover the representations needed for classification or other
tasks.

The advent of Deep Convolutional Neural Networks (DCNNs) has revolutionized
the field of image classification [12, 13, 14, 15]. Deep learning, particularly Convo-
lutional Neural Networks (CNNs), is a popular method for feature learning. CNNs
can automatically learn hierarchical feature representations from the data. The
key factors contributing to the success of DCNNs include:

e Hierarchical Feature Learning: DCNNs learn multiple layers of features au-
tomatically, from simple to complex, capturing various aspects of the visual
content.
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e Shared Weights Architecture: This reduces the number of parameters in the
network, making it efficient and less prone to overfitting.

e Non-linearity: The use of non-linear activation functions like ReLLU helps
the network learn complex patterns.

e Pooling Layers: These reduce the spatial size of the representation, making
the network invariant to small translations of the input.

e End-to-End Training: DCNNs can be trained in an end-to-end manner with
backpropagation, allowing the network to adjust its filters to improve the
task performance

1.2.2.2 Bounding box object detection using CNNs

Convolutional Neural Networks (CNNs) can be effectively used for bounding box
object detection. This process involves training a CNN to not only classify objects
within an image but also to localize them by predicting the coordinates of bound-
ing boxes around each object. Techniques like bounding box regression [16, 17]
are commonly used for this purpose. Additionally, architectures such as YOLO
(You Only Look Once) have been specifically designed to perform object detec-
tion using CNNs by simultaneously predicting class probabilities and bounding
box coordinates

1.2.2.3 Part and key point prediction with CNNs

Keypoint detection is a critical preprocessing step in various computer vision tasks
involving faces. It is essential for creating face models and plays a significant role in
the processes of recognition and identity verification [18]. Moreover, in the realm
of 3D shape segmentation and keypoint prediction, it facilitates the forecasting
of vertex functions, including part segments or keypoints, even on irregular data
structures [19]. Convolutional Neural Networks (CNNs) are highly effective for
part and keypoint prediction tasks. These tasks involve identifying specific parts
of objects or keypoints, which are significant points of interest within an image.
CNNs can learn to recognize these features through training on labeled datasets
20, 21].

1.2.2.4 Local correspondence using CNNs

Establishing reliable dense correspondences between two images is a complex task,
made difficult by significant differences in appearance among corresponding ele-
ments and the confusion caused by repetitive patterns. This process is essential
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for various computer vision applications, such as 3D reconstruction and visual
localization [22].

Convolutional Neural Networks (CNNs) are increasingly being used to establish
local correspondence between images. This involves identifying points in one image
that correspond to points in another, despite variations in scale, rotation, and
lighting [23, 24]

1.2.3 Advanced Architecture Design for Artificial Neural
Networks (ANNs)

One kind of machine learning model that draws inspiration from the composition
and operations of the human brain is called an artificial neural network (ANN).
They are made up of layers of interconnected nodes, or neurons. These networks
have the ability to extract intricate patterns from data [25]. CNNs are a specific
type of ANN designed to process image data. In general, ANNs are a flexible
tool for many machine learning applications, such as time series analysis, audio
recognition, and natural language processing.

1.2.3.1 Widespread CNNs models

AlexNet is renowned as a pioneering Convolutional Neural Network (CNN) and
made a significant impact by participating in the 2012 ImageNet Large Scale
Visual Recognition Challenge [26].

Following the success of AlexNet, a series of influential CNNs were developed.
Network-In-Network (NIN) [27] demonstrated state-of-the-art classification per-
formances on various datasets. VGG-Net [13] consists of very deep convolutional
networks that achieve state-of-the-art performance in the ImageNet Challenge
2014. GoogLeNet [28] introduced the inception module, which allows for more
efficient computation and deeper architectures without a significant increase in
the number of parameters. ResNet [26] utilized residual connections to enable
the training of very deep networks by addressing the vanishing gradient problem.
DenseNet [29] connected each layer to every other layer in a feed-forward fashion
to ensure maximum information flow between layers in the network.

These networks have been introduced one after another, contributing to the rapid
evolution and remarkable achievements of CNNs in the realm of computer vision
[30]. They have set the stage for the development of even more sophisticated and
efficient architectures in the years that followed.
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1.2.3.2 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are a class of neural networks designed to
handle sequential data, such as time series, natural language, and speech. RNNs
process input sequences one step at a time while maintaining hidden states that
capture context, allowing them to remember past inputs and use that information
to make predictions about future outputs. This feedback loop enables information
to persist across different time steps [31].

However, traditional RNNs suffer from the vanishing gradient problem, which
limits their ability to capture long-term dependencies.

Long Short-Term Memory (LSTM) networks address this issue by introducing
gating mechanisms. LSTMs consist of four interacting layers: the input gate,
forget gate, cell state, and output gate. These gates allow LSTMs to learn long-
term dependencies and prevent both decaying and exploding gradients.

Gated Recurrent Units (GRUs) are similar to LSTMs but feature a simplified ar-
chitecture. They combine the input and forget gates into a single update gate,
making GRUs computationally efficient while maintaining strong performance
across various tasks [32].

While CNNs excel at grid-structured data like images, RNNs handle sequential
data with memory. Understanding their strengths and limitations helps choose
the right architecture for specific tasks

1.2.3.3 Encoder-Decoder Models

An encoder-decoder is a type of neural network architecture used for sequence-
to-sequence learning. It consists of two main components: the encoder and the
decoder [33].

e Encoder: The encoder processes an input sequence (such as text, images, or
other data) and extracts essential features. It creates a concise representation
(often a fixed-length vector) that captures the relevant information from the
input. The encoder’s role is to encode the input data into a meaningful
format.

e Decoder: The decoder takes the encoded representation (output by the en-
coder) and generates an output sequence. It acts as a conditional language
model, predicting the subsequent tokens in the target sequence.

Encoder-decoder models are versatile and find applications beyond translation,
including:
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e Machine Translation: Encoder-decoder models are widely used for translat-
ing text from one language to another.

e Image Segmentation: They can also be applied to segment images into mean-
ingful regions [34].

e Text Summarization: Encoder-decoder architectures help summarize long
articles into concise summaries.

These models have significantly advanced various fields by providing a robust
framework for processing and generating sequential data.

1.2.3.4 Attention mechanism

The attention mechanism in neural networks is inspired by the human visual
system’s ability to focus on specific parts of the visual field. In the context of
Convolutional Neural Networks (CNNs), attention mechanisms can significantly
enhance model performance by directing the network’s focus to the most informa-
tive elements of the input. Channel attention mechanisms assess the importance
of each channel (feature map) to highlight more pertinent features. Conversely,
spatial attention mechanisms prioritize different spatial locations within the fea-
ture maps. Both types of attention can be seamlessly integrated into existing CNN
architectures, serving as plug-and-play modules that sharpen the network’s focus.
Such selective attention enables the model to make more accurate predictions by
allocating computational resources to the most prominent features , improving
performance on tasks like image captioning and visual question answering. They
are versatile improvements that can be integrated into various CNN architectures
to improve their ability to capture long-range feature interactions and boost rep-
resentational power [35]

1.2.3.5 Generative Adversial Networks (GANs)

Generative Adversarial Networks (GANs) are a powerful class of neural networks
that can learn to generate new data that is similar to the input data, without
needing extensively labeled training data. The two networks, the generator and
the discriminator, work in tandem where the generator creates data and the dis-
criminator evaluates it. Through this adversarial process, GANs can learn robust
representations. The applications like image synthesis, semantic image editing,
style transfer, image super-resolution, and classification, showcase the versatility
of GANs. They have become a significant tool in the field of machine learning
for their ability to generate high-quality, realistic images and their potential in
unsupervised learning tasks [36].
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1.3 Exploring Fully convolutional networks FCNs

Fully Convolutional Networks (FCNs) are a pivotal architecture in the field of
computer vision. They streamline the process of learning dense predictions and are
efficient both in terms of computational resources and performance, thus avoiding
the need for patchwise training. This method eliminates the need for complex
pre- and post-processing steps such as superpixels, proposals, and refinements by
random fields or local classifiers. It also allows for end-to-end training without the
need for supervised pre-training on small convnets [37]. This approach has been
transformative for tasks that require an understanding of the image at a pixel
level, like semantic segmentation, and has set a new standard for efficiency and
effectiveness in deep learning architectures for vision.

1.3.1 Downsampling and upsampling

FCNs are composed entirely of locally connected layers such as convolution, pool-
ing, and upsampling layers [37, 38]. They omit dense layers, which reduces the
number of parameters and speeds up training.

1.3.1.1 Recap

Downsampling and upsampling are two fundamental processes in signal processing,
particularly in the context of digital signal processing (DSP) [39].

e Downsampling, also known as decimation, is the process of reducing the sam-
ple rate of a signal by removing some of the sample points. Downsampling
by a factor of N can be described in equation 1.2 as follows:

yln] = z[N] (12)
Where y[n| is the downsampled signal and xz[n| is the original signal.

e Upsampling, also known as interpolation, is the process of increasing the
sample rate of a signal. This is done by inserting new sample points between
the existing samples. Mathematically, upsampling by a factor of N can be
represented in equation 1.3 as follows:

(1.3)

0, otherwise

r|2|, if N divides n
yln] :{ ]

Where y[n] is the upsampled signal and x[n] is the original signal.
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These operations are crucial in various applications such as audio processing and
multirate signal processing. Precisely, downsampling and upsampling are crucial
techniques in image processing [40)].

e Downsampling reduces the resolution of an image, which can be beneficial
for decreasing file size and saving storage space. It’s often used when high-
resolution images are not necessary, or when bandwidth for transmission
is limited. The challenge with downsampling is to minimize the loss of
important information from the original image.

e Upsampling, on the other hand, increases the resolution of an image. This
might be used for printing purposes, where a higher resolution is required,
or for zooming into an image while maintaining visual quality. The main
challenge with upsampling is to avoid artifacts like blurring or aliasing, which
can occur when new pixel values are interpolated .

1.3.1.2 Downsampling and Upsampling in FCN

In the context of neural networks, particularly Convolutional Neural Networks
(CNNs), downsampling and upsampling are techniques used to manipulate the
spatial resolution of feature maps [37].

e Downsampling (contracting path or encoder)in FCN is used to reduce the
spatial dimensions of the input image as it progresses through the network,
which can help to make the network more computationally efficient and re-
duce overfitting by providing an abstracted form of the features. This is
typically achieved through pooling layers, such as max pooling or average
pooling, or by using convolutions with a stride greater than one. The down-
sampling path helps the network to extract and interpret the context of the
input image, allowing it to understand the larger structures and patterns
present.

e Upsampling (expanding path or decoder) is used to increase the spatial di-
mensions of the feature maps as they move up the network towards the
output layer. This is necessary to produce a detailed, pixel-wise prediction
that matches the original input size, which is crucial for tasks like seman-
tic segmentation. Upsampling in FCNs is often performed using transposed
convolutions (sometimes called deconvolutions), unpooling, or interpolation
methods.

As illustrated in figure 1.4, the principle consists of first performing max pooling on
the input feature map, reducing its size. Then, upsampling the pooled feature map
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Figure 1.4: Downsampling and Upsampling in FCN

back to the original size. Both downsampling and upsampling play a critical role
in the architecture of CNNs, especially in models designed for tasks that require
detailed spatial understanding, such as image segmentation, super-resolution, and
generative models.

1.3.2 Skip connection

Skip connections, also known as shortcut connections, are a neural network ar-
chitecture technique that allows the output of one layer to skip over one or more
layers and be added directly to a later layer’s input. This approach helps to mit-
igate the vanishing gradient problem, which can occur in deep neural networks,
making it difficult to train them effectively.

In essence, skip connections create an alternative path for the gradient during
backpropagation, allowing for the training of deeper networks.

The main benefits of skip connections include:

e Easing the training of deep networks: By providing a direct path for the flow
of gradients, skip connections help to maintain the strength of the gradient
even in deep layers.

e Improving accuracy: Networks with skip connections tend to outperform
those without them, as they can learn more complex functions.
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e Enabling deeper architectures: Skip connections allow for the construction
of very deep networks without the degradation of performance typically as-
sociated with increased depth

1.3.2.1 Skip connection in CNN

Skip connections, also known as residual connections, are a neural network archi-
tecture component that allows the output of one layer to be fed to non-adjacent
layers, typically in a Convolutional Neural Network (CNN). They are a key feature
in architectures like ResNet and DenseNet, which have shown significant improve-
ments in training deep networks.

The primary purpose of skip connections is to mitigate the vanishing gradient prob-
lem, which can occur in deep networks as gradients are backpropagated through
many layers. By providing an alternative shortcut path for the gradient flow, skip
connections help preserve the gradient from earlier layers, making it easier to train
deeper networks.

In a ResNet, skip connections work by performing element-wise addition of the
input to the output of a block of layers. This means that the identity of the
input is preserved and added to the learned representation, which theoretically
allows the network to learn modifications to the identity rather than the entire
transformation [26].

In DenseNet, skip connections are implemented through concatenation, where each
layer receives the feature maps of all preceding layers as input. This encourages
feature reuse throughout the network and leads to more efficient learning [29].

These connections are not just a workaround for the vanishing gradient problem;
they also encourage feature reuse and lead to more interpretable layer activations,
as each layer has access to the raw input data as well as the deep features.

1.3.2.2 Skip connection in FCN

Skip connections in Fully Convolutional Networks (FCNs) are a technique used
to combine low-level feature information with high-level features to improve the
performance of semantic segmentation tasks. In standard FCNs, long skip con-
nections are typically used to concatenate features from the contracting path (en-
coder) to the expanding path (decoder) to recover spatial information lost during
downsampling.

The idea is that by adding these skip connections, the network can use the detailed
spatial information from earlier layers to refine the output. This is particularly
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useful for tasks where precise localization is required, such as in biomedical image
segmentation [41].

Moreover, some studies have extended FCNs by adding short skip connections,
similar to those introduced in residual networks (ResNets), to build very deep
FCNs. These short skip connections help maintain the gradient flow, allowing for
effective training of deeper network architectures [42].

These techniques help the network to better localize and delineate the boundaries
of objects within an image, leading to more accurate segmentation results.

FCNs employ skip connections to combine the high-level, semantic information
from the deeper layers with the detailed, spatial information from the earlier
layers. This helps to recover the fine-grained spatial information that may be
lost during the downsampling process FCNs utilize skip connections to combine
semantic information from deep layers with appearance information from shallow
layers for detailed segmentations

1.3.3 Overall architecture of FCN

The network includes a downsampling path to extract context and an upsampling
path for precise localization

In CNNs, downsampling is often achieved through pooling layers or strided convo-
lutions, which reduce the spatial dimensions of the feature maps. Upsampling in
CNNs might not be common unless the network is specifically designed for tasks
that require increasing the resolution, such as in some segmentation or super-
resolution tasks.

FCNs, on the other hand, are a specific type of CNN that are designed for pixel-
wise tasks like semantic segmentation. In FCNs, downsampling is used to capture
context and reduce the resolution, while upsampling is used to restore the reso-
lution for precise localization. FCNs utilize skip connections to combine coarse,
high-level features with fine, low-level features during the upsampling process.

The key difference lies in the purpose and the architecture of the networks. While
traditional CNNs may not always include upsampling, FCNs are characterized by
their use of upsampling and skip connections to produce outputs that are the same
size as the input.

These operations enable FCNs to perform semantic segmentation, where each pixel
of the input image is classified into a predefined category, making them powerful
tools for tasks that require detailed, pixel-level understanding of the image [43].
Figure 1.5 illustrate the overall architecture of FCN.
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1.4 Semantic segmentation

1.4.1 Image segmentation

Image segmentation is pivotal in computer vision and image processing, with its
extensive applications spanning diverse sectors [44]. It is a method in computer
vision that partitions a digital image into distinct segments [45], simplifying anal-
ysis and processing tasks. This technique is instrumental in identifying objects
and demarcating boundaries within images[46].

1.4.2 Typical image segmentation techniques

There are various methods for image segmentation, including thresholding, clus-
tering, edge detection. These methods analyze the visual features of each pixel,
like color or brightness, to identify object boundaries and background regions.

1.4.2.1 Histograms

Histograms in the context of image processing are graphical representations that
plot the frequency of pixel values found in an image.

Histogram-based methods are recognized for their efficiency in image segmenta-
tion, as they generally require only a single pass through the image’s pixels. The
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process involves creating a histogram from all the pixels, utilizing the peaks and
valleys to identify clusters within the image. Both color and intensity serve as
viable metrics for this analysis [46].

To enhance this method, the histogram analysis is recursively applied to the iden-
tified clusters, subdividing them into increasingly smaller groups. This recursive
process continues until it no longer produces distinct clusters.

However, a notable limitation of histogram-based segmentation is the potential
difficulty in pinpointing significant peaks and valleys within the histogram, which
are critical for accurate cluster identification

1.4.2.2 Thresholding

Thresholding methods are a fundamental image segmentation technique that con-
verts grayscale images into binary images. This is achieved by classifying each
pixel according to whether its intensity level is higher or lower than a specified
threshold value. The result is a binary image where pixels are marked as ei-
ther foreground or background, facilitating the identification of objects or features
within the image.

Otsu’s method is a popular algorithm used in thresholding for automatically de-
termining the optimal threshold value. It works by minimizing the intra-class
variance, which is the variance within the same class, or equivalently, by maximiz-
ing the inter-class variance, which is the variance between different classes. This
method is particularly effective when the histogram of the image has a bimodal
distribution, meaning it has two distinct peaks or classes of pixel values [47].

1.4.2.3 Edge detection

Edge detection is a fundamental component of image segmentation, crucial for
identifying the contours that define regions within an image through the detection
of sharp changes in brightness or contrast. These techniques are predicated on
the idea that object edges within an image are indicative of significant variations
in pixel intensity. The intrinsic link between region boundaries and edges is what
makes edge detection a key element in the development of various segmentation
techniques.

Among the common algorithms for edge detection are the Sobel, Prewitt, and
Canny methods. Each of these employs a unique approach to calculate gradients
and edges, enabling the effective identification of object boundaries in different
types of images.
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1.4.2.4 Region based segmentation

Region-growing algorithms are indeed a class of image segmentation techniques
that start with one or more ‘seed pixels’ and expand the region by aggregating
neighboring pixels that have similar properties. These algorithms can be:

e Agglomerative: This approach begins with individual pixels or small regions
and merges them into larger regions based on predefined criteria, such as
intensity or color similarity.

e Divisive: In contrast, this method starts with the whole image and divides
it into smaller segments by detecting dissimilarities or changes in pixel char-
acteristics.

The choice between agglomerative and divisive approaches depends on the spe-
cific requirements of the application and the characteristics of the image being
processed. Region-growing methods are particularly useful for images where re-
gions of interest are not clearly defined by edges, or when the regions have uniform
or gradually varying intensities

1.4.2.5 Watershelds

The watershed transformation is an image segmentation technique that treats
the gradient magnitude of an image as if it were a topographic surface. Pixels
with the highest gradient magnitude intensities (GMIs) are akin to the peaks of
a mountain range, forming the watershed lines that delineate the boundaries of
different regions. When ‘water’ is metaphorically poured onto any pixel within
these boundaries, it flows downhill to the nearest local intensity minimum (LIM).
The collection of pixels that drain into the same LIM forms what is known as a
catchment basin, which corresponds to a distinct segment in the image.

This method is particularly effective for separating touching objects in an image
and is widely used in various applications, such as medical imaging for separating
overlapping cells or nuclei.

1.4.2.6 Clustering methods

Clustering algorithms, a type of unsupervised learning method, categorize visual
data into groups or ’clusters’ of pixels that share similar characteristics. K-means
clustering is a widely-used variant where 'k’ represents the number of desired
clusters. The process involves:
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1. Plotting pixel values as data points in a feature space.
2. Selecting 'k’ random points as initial cluster centers or 'centroids’.
3. Assigning each pixel to the cluster with the closest centroid.

4. Updating the position of each centroid to the average of all pixels in the
cluster.

5. Repeating the assignment and update steps until the centroids no longer
change significantly, indicating that the clusters are stable.

This iterative process organizes pixels into clusters based on similarity, which
is often measured by Euclidean distance in the feature space. The result is a
segmentation of the image into distinct regions that can be used for further analysis
or processing tasks.

1.4.3 Deep learning image segmentation tasks

The distinction between different types of image segmentation tasks lies in how
they handle semantic classes—specifically, the categories to which individual pixels
belong.

In computer vision, there are three groups of images segmentation tasks:

1.4.3.1 Semantic segmentation

Semantic segmentation is a fundamental task in computer vision. It involves as-
signing a semantic class label to each pixel in an image, categorizing pixels based
on their meaning or content. The goal is to understand the scene structure by
identifying different regions corresponding to specific objects or classes[48]. Unlike
object classification, which annotates the entire image with one or more semantic
labels, semantic segmentation operates at a finer granularity—labeling individual
pixels. Meanwhile, object detection focuses on locating target objects, while se-

mantic segmentation provides richer information about the scene’s composition
49].

The significance of semantic segmentation lies in the following points:

e Pixel-Level Understanding By providing category information at the
pixel level, semantic segmentation enables fine-grained analysis of images.
It allows systems to discern intricate details within the scene.
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e Spatial Context Semantic segmentation helps intelligent systems under-
stand the spatial positions of objects and their relationships. This context is
crucial for tasks like navigation, scene understanding, and object interaction.

e Critical Judgments Systems can make informed decisions based on pixel-
level semantics. Whether it’s avoiding obstacles, identifying regions of inter-
est, or enhancing visual perception, semantic segmentation plays a pivotal
role.

Semantic segmentation empowers intelligent systems to perceive images at a de-
tailed level, making it a cornerstone of modern computer

1.4.3.2 Instance segmentation

Instance segmentation is a computer vision task driven by deep learning. Its
goal is to predict the precise pixel-wise boundaries for each individual object in-
stance within an image. Unlike conventional object detection algorithms, instance
segmentation provides more detailed and sophisticated output by distinguishing
separate instances of the same object class.

Semantic segmentation aims to achieve fine inference by predicting labels for each
pixel in an image. Each pixel receives a class label based on the object or re-
gion it belongs to. Taking this direction further, instance segmentation provides
distinct labels for separate instances of objects belonging to the same class. In
essence, instance segmentation can be defined as the task of finding a simultane-
ous solution to both object detection and semantic segmentation [50]. So, instance
segmentation provides detailed boundaries, while semantic segmentation focuses
on pixel-level labeling. Both techniques contribute to our understanding of visual
content.

1.4.3.3 Panoptic segmentation

In computer vision, Panoptic segmentation is a hybrid method that bridges the gap
between semantic segmentation and instance segmentation. It aims to provide a
unified view of segmentation rather than treating these tasks separately. panoptic
segmentation involves three key steps:

1. Separating Objects: Each object in the image is broken down into individual
parts, which are independent of each other.

2. Color Labeling: These separated parts are then painted with different colors
(i.e., labeled).
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3. Object Classification: Finally, the system classifies the objects.

Panoptic segmentation, introduced by Alexander Kirillov and team in 2018 [51],
represents a significant advancement in computer vision and provides a unified
view of segmentation, considering both semantics and individual instances. By
combining the strengths of semantic and instance segmentation, panoptic seg-
mentation offers a richer understanding of visual scenes. Consequently, panoptic
segmentation paints a comprehensive picture, capturing both the forest (semantic
context) and the trees (individual instances)

1.4.4 Deep learning semantic segmentation models
1.4.4.1 FCNs

Long et al [37]. adapted well-known CNN architectures like VGG16 and GoogLeNet
by removing fully-connected layers. As a result, the modified networks output spa-
tial segmentation maps directly.

1.4.4.2 Medical Image Segmentation UNET

U-Net, an extension of the Fully Convolutional Neural Network (FCN) architec-
ture, addresses data loss during downsampling by incorporating skip connections.
These connections selectively bypass certain convolutional layers, allowing the net-
work to retain more detailed information as data and gradients flow through it.
The name "U-Net” originates from the visual arrangement of its layers, which
resembles the letter 7U.” This innovative design has proven effective for tasks like
image segmentation, particularly in medical imaging applications[52].

1.4.4.3 Multiscale and Pyramid Network Based Models PSPNET

Zhao et al.[53] introduced the Pyramid Scene Parsing Network (PSPNet), a re-
markable model specifically designed for semantic image segmentation. The PSP-
Net aims to enhance scene parsing by effectively capturing global context infor-
mation. Its innovative design leverages pyramid pooling and context aggregation,
resulting in state-of-the-art performance on various datasets. Notably, PSPNet

secured the top position in the ImageNet scene parsing challenge 2016, as well as
the PASCAL VOC 2012 benchmark and the Cityscapes benchmark [44].
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1.4.4.4 R-CNN based model

Mask R-CNN (Mask Region-based Convolutional Neural Network) is a powerful
model for instance segmentation. It seamlessly combines a region proposal net-
work (RPN), which generates bounding boxes for potential instances, with an
FCN-based "mask head” that produces detailed segmentation masks within each
confirmed bounding box. Mask R-CNN excels in distinguishing individual object
instances within an image, making it a go-to choice for various computer vision

tasks[5H4].

1.4.4.5 Transformers

ViTs (Vision Transformer) are directly influenced by the architecture of trans-
former models like GPT (used for natural language understanding) and BERT.
ViTs have excelled in various computer vision tasks like segmentation. Vision
Transformers leverage attention mechanisms to achieve impressive performance in
computer vision, demonstrating their versatility [55].

1.4.5 Practical applications

Image segmentation is a fundamental technique in computer vision with diverse
practical applications.

1.4.5.1 Medical Imaging:

Image segmentation plays a critical role in medical imaging, including;:
e Tumor Detection: Identifying the exact location and size of tumors using
segmented images.

e Brain Segmentation: Precise delineation of brain structures for diagnosis
and surgical planning.

e Disease Diagnosis: Assisting doctors in analyzing medical images for various
conditions[56, 57]
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1.4.5.2 Satellite Imaging:

Both semantic and instance segmentation automate the identification of differ-
ent terrain and topographical features in satellite images. Applications include
environmental monitoring, disaster response, and urban planning.

1.4.5.3 Smart Cities:
Image segmentation powers real-time tasks in smart cities:
e Traffic Monitoring: Analyzing traffic flow and congestion.
e Surveillance: Identifying incidents and enhancing safety.
1.4.5.4 Self driving vehicles
Image segmentation is crucial for self-driving cars:

e Obstacle Avoidance: Identifying pedestrians [58, 59|, other vehicles, and
obstacles.

e traffic signs: Ensuring safe navigation by recognizing lanes and road mark-
ings.

1.4.5.5 Manufacturing:

Beyond robotics, image segmentation is used for:
e Product Sorting: Efficiently categorizing items on production lines.
e Defect Detection: Identifying flaws in manufactured products.
1.4.5.6 Agriculture:

Image segmentation helps farmers:

e Estimate crop yields: By analyzing plant regions.

e Detect weeds: Identifying unwanted vegetation for targeted removal
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1.4.5.7 Other Applications:

e Face Recognition, Fingerprint Recognition, and Iris Recognition rely on ac-
curate segmentation.

e Airport Security: Detecting prohibited items at checkpoints.
e Traffic Control Systems: Optimizing traffic flow.

e Video Surveillance: Enhancing security through object tracking.

1.5 Object detection

Object detection is a fascinating field in computer vision and image processing.
from early rule-based methods to today’s deep learning-driven approaches, object
detection has come a long way [60]. It involves identifying and locating specific ob-
jects within images or videos. The primary goal is to detect instances of semantic
objects belonging to certain classes (such as humans, buildings, or cars).

1.5.1 Background of Object Detection
1.5.1.1 Task Description:

Object detection identifies the precise bounding boxes that enclose each object
within an image. These bounding boxes define the spatial extent of the detected
objects. Beyond localization, object detection also involves classifying these ob-
jects. Object detectors are typically trained on large datasets with annotated
class labels. These labels define the categories of objects the model can recognize.
Each detected object is assigned a class label based on its category as mentioned
in figure 1.6(b). The figure 1.6 is an example showing the detected object from
figurel.6(a).

1.5.1.2 Challenges:
The challenges faced in object detection are:

e Scale Variation: Objects can appear at different scales within an image.
Detecting both tiny objects (like small insects) and large objects (like build-
ings) is essential. Methods like feature pyramids and multi-scale anchors
address this challenge.
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(a) The original image. (b) The output image after detecting objects.

Figure 1.6: Localization and classification objects within an image

e Occlusion: Partial occlusion occurs when objects are hidden by other ob-
jects or structures. Occluded objects may only reveal a portion of their true
appearance. Handling occlusion requires robust features and context-aware
models.

e Complex Backgrounds: Distinguishing objects from cluttered backgrounds
is critical. Background elements (trees, walls, etc.) can interfere with accu-
rate detection. Techniques like context modeling and attention mechanisms
help focus on relevant regions. overcoming these challenges leads to more
accurate and reliable object detection systems

Moreover, the challenges encountered in Classification are Fine-Grained Cate-
gories: Some applications require distinguishing between similar objects (e.g., dif-
ferent bird species). Imbalanced Data: Some classes may have fewer examples,
affecting model performance. Context Matters: The context of an object can
influence its classification (e.g., a “car” near a “road”).

1.5.1.3 The Process of Detecting Objects

Detecting objects involves training object detection models. This entails creating a
neural network that learns features from images. The network learns by analyzing
images of objects in various scenarios, encompassing different backgrounds and
angles, each paired with corresponding labels indicating the object’s location [61].

In the following more detailed step-by-step process on how object detection models
are typically trained:
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Figure 1.7: The process of training object detection models

e Data Collection: The first step is to gather a large dataset of images
that contain the objects. These images should cover various scenarios, back-
grounds, lighting conditions, and object orientations to ensure robustness.

e Annotation: Each image in the dataset needs to be annotated with bound-
ing boxes indicating the location of objects of interest and their correspond-
ing labels. This process can be time-consuming and may require manual
effort, although there are some tools and services available to assist with
annotation.

e Preprocessing: The annotated images are then preprocessed to prepare
them for training. This may involve resizing images to a consistent size, nor-
malizing pixel values, and augmenting the data with transformations such as
rotation, flipping, and adjusting brightness or contrast. Data augmentation
helps improve the model’s generalization ability and robustness.

e Model Selection: Build a suitable object detection model architecture
based on specific requirements, such as accuracy, speed, and hardware con-
straints. Common models include Faster R-CNN, YOLO (You Only Look
Once), SSD (Single Shot Multibox Detector), and their variants.

e Training: Train the object detection model on the annotated dataset. Dur-
ing training, the model learns to predict bounding boxes and class labels for
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objects within images by minimizing a loss function that measures the dis-
crepancy between predicted and ground-truth annotations. This typically
involves iterating over the dataset multiple times (epochs) until the model
converges to a satisfactory level of performance.

e Evaluation: After training, evaluate the performance of the trained model
on a separate validation or test dataset. Metrics such as precision, recall, and
mean average precision (mAP) are commonly used to quantify the model’s
accuracy and robustness.

e Fine-tuning and Optimization: Depending on the evaluation results,
you may need to fine-tune hyperparameters, adjust the model architecture,
or collect additional data to further improve performance. Optimization
techniques such as pruning, quantization, and model compression may also
be applied to reduce model size and inference latency for deployment on
resource-constrained devices.

e Deployment: Once satisfied with the performance, the trained object de-
tection model can be deployed for inference on new, unseen data. This may
involve integrating the model into a larger application or system, optimiz-
ing inference speed, and ensuring compatibility with the target deployment
environment.

e Monitoring and Maintenance: Continuously monitor the deployed model’s
performance and periodically retrain or update it with new data to adapt to
changes in the environment or data distribution over time. Regular mainte-
nance is essential to ensure that the model remains effective and reliable in
real-world applications.

Object detection is a powerful tool for various real-world scenarios, and its accu-
racy and efficiency continue to improve with advancements in deep learning and
computer vision techniques [62]. The figure 1.7 illustrate these different steps of
training object detection models.

1.5.2 Neural Network Methods and Techniques

Object detection algorithms often utilize machine learning or deep learning tech-
niques to identify and locate objects within images or video streams. These algo-
rithms learn to recognize patterns and features in the input data, allowing them
to detect and classify objects accurately.

Machine learning-based object detection algorithms usually involve traditional
computer vision techniques combined with handcrafted features and classifiers.
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Figure 1.8: An overview of the architecture of the R-CNN model.

However, deep learning has emerged as a powerful approach for object detection
due to its ability to automatically learn relevant features directly from the data.
Two distinct approaches commonly used in object detection tasks[63] :

1.5.2.1 Region-Based Detection Framework

This framework typically involves two-stage object detection methods. In the
first stage, the algorithm generates a set of region proposals or candidate bound-
ing boxes that potentially contain objects. These proposals are then refined and
classified in the second stage to determine the presence and location of objects
within the proposed regions. Examples of region-based detection frameworks in-
clude Faster R-CNN (Region-based Convolutional Neural Network) and R-CNN
(Region-based Convolutional Neural Network).

R-CNNs (Region-Based Convolutional Neural Networks) [64, 65] are a family of
techniques designed for object localization and recognition tasks. In the following,
it is described how they work:
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e Region Proposal: Initially, the image is divided into smaller regions (pro-
posals) using selective search or other methods.

e Feature Extraction: Each region proposal is passed through a convolu-
tional neural network (CNN) to extract features.

e Classification and Localization: These features are used for both classi-
fication (identifying the object category) and localization (drawing bounding
boxes around the object).

e Non-Maximum Suppression: To avoid duplicate detections, non-maximum
suppression is applied to select the most confident bounding boxes.

The following figure 1.8 explains the principle of R-CNNs object detection method

1.5.2.2 Predictive Modeling Framework

This framework typically involves single-stage object detection methods. In this
approach, the algorithm directly predicts the class labels and bounding box coordi-
nates for objects in a single step, without the need for explicit region proposal gen-
eration. Predictive modeling frameworks are often faster but may sacrifice some
accuracy compared to region-based approaches. Examples of predictive modeling
frameworks include YOLO (You Only Look Once) and SSD (Single Shot Multibox
Detector) [66].

YOLO (You Only Look Once) is a famous family of techniques for object recog-
nition. Figure 1.9 illustrates model architecture of YOLO series network shown
as the backbone, neck, and detect (head). In the following Key features of this
technique [67, 68]:

e Speed: YOLO prioritizes real-time performance.

e Single Pass: It processes the entire image in a single forward pass through
the neural network.

e Grid-Based Prediction: YOLO divides the image into a grid and predicts
bounding boxes and class probabilities for each grid cell.

1.5.3 Salient Object Detection

Generic object detection typically involves predicting bounding boxes around ob-
jects of interest within an image, often using techniques like bounding box regres-
sion. On the other hand, salient object detection is a captivating field of research
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in computer vision that seeks to emulate the human visual attention mechanism.
This process involves identifying the most visually prominent or salient object(s)
within an image by highlighting objects or regions that are most likely to draw
human attention. [63, 69]. Figure 1.10 presents an overview of SOD in comparison
to semantic segmentation and object detection.

Salient object detection or segmentation commonly involves two main stages:

e Salient Object Detection: This stage involves identifying the most salient
or visually striking object(s) in the image. This can be done using various
techniques such as contrast enhancement, saliency maps, or deep learning-
based approaches.

e Salient Object Segmentation: Once the salient object(s) are detected, the
next stage is to accurately segment the region corresponding to those ob-
ject(s) from the background. This can be achieved through methods like
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pixel-level segmentation, where each pixel is classified as belonging to the
salient object or the background.

1.5.3.1 Ispiration from Human Visual Attention

SOD is inspired by both bottom-up and top-down saliency mechanisms observed
in the human visual system [70].

e Bottom-Up Saliency: This aspect of SOD is akin to the natural way humans
are drawn to visually distinct regions in an image, such as areas with high
contrast, unique textures, or intense colors. Bottom-up saliency is primarily
driven by low-level image features and does not require prior knowledge or
context.

e Top-Down Saliency: In contrast, top-down saliency incorporates higher-level
cognitive factors such as knowledge, expectations, and task-specific goals
into the saliency detection process. This aspect of SOD involves identifying
regions that are relevant to specific objects or categories based on contextual
information and task requirements.

Both bottom-up and top-down approaches to SOD face unique challenges. These
challenges highlight the complexity of emulating human visual attention mech-
anisms in computational models. Addressing these challenges is crucial for ad-
vancing the field of SOD and improving the accuracy and reliability of saliency
detection algorithms :

1. Bottom-Up SOD Challenges:

e Large Appearance Variation:

— Unconstrained object categories exhibit diverse appearances.

— Handling variations in lighting, scale, pose, and occlusion is chal-
lenging.

e Contextual Complexity:

— Objects interact with complex backgrounds.
— Separating salient objects from cluttered scenes is nontrivial.

e Foreground-Background Ambiguity:

— Distinguishing between foreground (salient) and background (non-
salient) regions can be ambiguous.

— Boundaries may blur due to contextual cues.

37



e Data Imbalance:

— An imbalance between salient and non-salient regions affects model
training.

— Ensuring sufficient examples of both classes is crucial.
2. Top-Down SOD Challenges:

e Semantic Association:

— Associating desired visual stimuli (usually at a semantic level) with
corresponding regions.

— Balancing cognitive cues (knowledge, expectations, reward) and
visual features.

e Task-Specific Guidance:

— Determining which objects or regions are relevant based on specific
tasks.

— Incorporating top-down cues (e.g., task instructions) effectively.
e Object Category Determination:

— Identifying regions related to specific object categories.
— Cognitive factors (knowledge, expectations) play a role.

e Spatial Localization:

— Precisely localizing the desired visual stimulus.

— Ensuring alignment with semantic cues.

By overcoming these hurdles, researchers can pave the way for more effective
applications of SOD in various domains, ultimately enhancing our understanding
of visual attention processes.

1.5.3.2 Benefits and Applications

The benefits and applications of salient object detection (SOD), demonstrate its
versatility and utility in various domains of computer vision [71, 72, 73, 74] :
1. Object Highlighting and Segmentation:

e Benefit: Salient object detection identifies the most visually significant
regions within an image. It highlights objects or regions that naturally
draw human attention.
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e Applications: Content-Aware Image Editing: Enhance or manipulate
specific objects while preserving context. Object Segmentation: Accu-
rate segmentation aids in further analysis and understanding.

2. Visual Attention Modeling:

e Benefit:

— Understanding where humans naturally look in an image.

— Provides insights into cognitive processes and attention mecha-
nisms.

e Applications:

— Human-Computer Interaction: Design interfaces that align with
human gaze patterns.

— Advertising Optimization: Place critical content where users are
likely to focus.

3. Scene Understanding and Recognition:

o Benefit:

— Salient regions often correspond to informative parts of a scene.
— Helps in scene understanding and context-aware recognition.

e Applications:

— Scene Understanding: Identify relevant objects and their relation-
ships.

— Visual Search Engines: Improve retrieval by emphasizing salient
regions.

4. Content-Based Image Retrieval:
e Benefit: Saliency maps guide retrieval by emphasizing relevant regions.
Enhances search accuracy and relevance.
e Applications: Image Databases: Retrieve images based on content sim-
ilarity. Reverse Image Search: Find similar images online.

5. Attention-Driven Robotics and Autonomous Systems:

o Benefit:

— Robots and autonomous vehicles can focus on relevant parts of the
environment.

— Efficiently allocate computational resources.
e Applications:

— Robot Navigation: Prioritize relevant visual cues.
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— Autonomous Vehicles: Detect pedestrians, obstacles, and road signs.
6. Visual Aesthetics and Design:

e Benefit:

— Salient regions contribute to image aesthetics.
— Aids in photo composition and design.

e Applications:

— Photography: Compose visually appealing shots.
— Graphic Design: Emphasize key elements in layouts.

Salient object detection plays a crucial role in various applications, ranging from
enhancing image editing capabilities to improving the efficiency and safety of au-
tonomous systems.

1.6 Conclusion

The objective of this chapter was to provide an overview of several key concepts
introduced to serve the overarching purpose of this thesis. We began by discussing
CNN (Convolutional Neural Networks), a widely used deep learning architecture
for various computer vision tasks. Following that, we delved into image segmenta-
tion, a process involving the division of an image into multiple segments or regions
to simplify its representation or enhance its analytical significance. This technique
is commonly applied in tasks such as object identification within images or the
delineation of regions of interest.

Subsequently, we explored the principle of object detection. Unlike image classi-
fication, which predicts the presence of objects in an image, object detection also
furnishes information about the precise location of each object, typically through
bounding boxes. The aim of this exploration is to establish a foundation for
comprehending the techniques and methodologies utilized in the analysis and in-
terpretation of visual data. These insights will be further leveraged in subsequent
chapters to elucidate the proposed approach for addressing object detection chal-
lenges.
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Chapter 2

A Salient Object Detection
Technique Based on Color
Divergence

This chapter consists of the article: ” A Salient Object Detection Technique Based
on Color Divergence, ICEFNDS ’20: The 4th International Conference on Future
Networks and Distributed Systems - St. Petersburg Russian Federation, November
2020.”

2.1 Introduction

In view of the constraints and problems brought up by the artificial vision system,
salient object detection has raised an increasing amount of interest in computer
vision which is applied to a wide range of applications for further processing in
computer vision and image processing, such as object detection [75], and semantic
segmentation [76]. In fact, object detection may offer many benefits in several
research domains [77, 78, 79, 80]

SOD (Salient Object Detection) tries to simulate the visual attention mechanism
to highlight objects that attract the attention from each given image. This is in-
spired by cognitive studies of visual attention [81], where the researchers proposed
intensive approaches to better detect and segment the most visually distinctive
object in natural scenes. Classical methods [82, 83, 84] are based on low-level
features and cues to obtain salient object regions in an image. They suffer from
several deficiencies which limit their ability for processing images with complex
scenes. Recently, fully-supervised approaches based on deep Convolutional Neural
Networks (CNNs) have had a significant improvement for salient object detection,
and have shown superior performance over traditional solutions which is obtained
by powerful representation methods of deep learning techniques. SOD depends
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principally on the number of training images which contain manually annotated
salient objects.

Despite the great improvement brought by (CNNs), still several improvements
could be attained such as reducing time consumption, raising the accuracy and
improving the quality of saliency maps by implementing a reliable detection tech-
nique of salient objects.

In this paper we will propose a salient object detection method which is based on
color divergence of the RGB cube representation. The main contribution of this
research is observed in the development of the model which considers both the
Euclidean distance matrix, and the standard deviation vector.

2.2 Related work

Nowadays, object detection including salient object detection is one of the most
fundamental yet challenging problems in the computer vision community [69]. The
set of saliency detection methods are extremely rich. With the great success of
deep learning technologies in computer vision, several deep learning based SOD
methods have emerged since 2015 [85] and a series of algorithms have been pub-
lished to learn the saliency representations from large amounts of data [86]. The
authors of this paper focus on some representative work having great practical
importance to improve the performance of SOD.

Specifically, Li et al. [87] introduce an end-to-end deep contrast network with
two complementary components: a fully convolutional stream and a segment-
wise spatial pooling. In Kuen et al. [88], a recurrent attention and convolutional-
deconvolutional networks are used to perform saliency progressive refinement from
exploiting spatial transformer and recurrent network units. Kruthiventi et al.
in [89] consider both fixation prediction and segmentation of salient objects in a
unified network. However, these models still fail in several cases including scenes
with transparent objects, low contrast between foreground and background, and
complex backgrounds.

In order to adress these problems, Zhang et al. [90] detect salient objects by using
saliency cues at different levels through fully convolutional neural networks and
multi-level fusion mechanisms. Hou et al.[81] suggest adding a series of short
connections to the Holistically-Nested Edge Detector (HED) architecture [91] to
combine different side outputs from deeper layers to shallower ones to better detect
the salient objects/regions. Pingping Zhang et al. [92] aggregate a multi-level
features framework at multiple resolutions. A boundary refinement is used at
each aggregated feature before using the fused prediction as a final saliency map.
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However, salient results in these methods attend to contain many non-salient
objects and suffer from the loss of certain details of the salient object when directly
merging several level features. Inspired by these observations, Xiaowei Hu et al.
93] introduced the Fully Convolutional neural Network (FCN) with recurrently
aggregated deep features for salient object detection. They use the built-in side
features to refine the features of each layer of the FCN and such processes are
repeated to gradually produce finer salience predictions. Another improvement
proposed by Xin Li et al. in [94], comes from creating a two-branch Contour-
to-Saliency Network (C2S-Net) for salient object detection. With the capability
of combining both saliency and contour knowledge, some enhanced results are
obtained by inserting an SOD branch to a pre-trained contour detection model.

All these models use context regions holistically to construct contextual features.
Even with their robustness, they still need to get the most accurate results. Re-
cently, in [95] Nian et al. formulate a Pixel-wise Contextual Attention Network
(PiCANet) within a U-Net architecture [52] to attend global and local context
regions for each pixel. The work of [96] expands the potentials of pooling in con-
volutional neural networks based on the feature pyramid networks (FPNs)[97].
Yuzhu Ji et al. in [98] solve the problem of salient object detection by fusing
multiple saliency cues and objectness based on a graph model bottom-up method.
The work of [99] presents a simplified end-to-end method based on a saliency
regression network which runs as a compact pipeline to directly output a full res-
olution saliency map (image-to-image prediction). Despite the good performance
obtained by these approaches, there is still a great room for improvement. To this
end, we will use the color divergence technique to be discussed in the next section.

2.3 Background and contribution

Image segmentation is a process that subdivides an image into its constituent
parts or objects [77, 100]. Several general-purpose algorithms and techniques have
been developed for image segmentation because there is no prominent solution
for the image segmentation problem. Regions of a digital image whose pixels
are characterized by color homogeneity can be interpreted as constituting parts
of the objects present in the image. However, if a 24-bit true color image is
considered, where the number of possible different colors may reach 16 millions,
the number of perfectly homogeneous regions in the image would most possibly be
noticeably larger than the number of objects perceived in the image by a human
observer. In fact, the human visual system is able to distinguish a reasonably large
number of colors. In visual computing, only a group of colors with similar tonality
could define the objects since few colors are often sufficient for understanding and
interpreting the image in question.
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2.4 Philosophical enclosure of the assumption

Color image clustering of natural scenes is widely studied to address numerous
applications in computer vision such as image segmentation and SOD. The com-
bination of different features for detecting salient regions could be a good solution
because manually modelling an interaction method to integrate inherently differ-
ent saliency features is a challenging problem. A good integration method could be
developed to address this problem for adopting the Convolutional Neural Network
mechanism to train a saliency map integration model.

This paper aims to introduce a new clustering methodology that will classify the
distribution of an image’s pixels in sets of clusters to efficiently show the salient
object upon this image. The proposed assumption should be conceptually simple
in term of complexity in order to provide a short computation time. Furthermore,
the proposed technique should take into consideration the limitations of the previ-
ously proposed algorithms, since many algorithms are utilized to detect the salient
objects. The proposed clustering technique focuses on the standard deviation to
detect salient objects using an optimized clustering process.

2.5 The proposed Color Divergence Technique
(CDT) to detect salient objects

This work presents a salient object detection technique based on color divergence
using an RGB cube representation. An RGB cube represents colors of an image in
three dimensions, Red, Green and Blue. The standard deviation is used with the
aim to discover classes of color homogeneity in close location, i.e., that are very
likely to represent salient objects. Specifically, we first use the Euclidean distance
matrix between each RGB color pixel of the original image and the eight vertices
of the RGB cube. For each pixel, eight values (distances between this point and
eight vertices of the cube) will be computed. The ninth value is the standard
deviation of the eight values computed. This computation will reduce three pixel
values of an image to one single value sdv. Based on the desired salient objects’
color, we classify sdv in order to extract the salient objects. To this end, we affect
a coefficient to each computed sdv as a function of the desired salient objects’
color. Then we apply different type of coefficients to obtain a set of matrices,
where for each matrix we create the standard deviation vector with the aim to use
it for image classification. Finally, we get an approximate saliency map after the
fusion of the results of all type coefficient classifications.

We observe that the difficulty to detect the salient objects or to draw the boundary
of an object depends on the quality and complexity of the image. In this work,
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we will redistribute the RGB colors of each pixel of a given image in a 3-D cube
following the three values (Red, Green, and Blue). With the aim to extract the
salient objects, the proposed technique clusters these scattered 3-D cube points.
The principle is that instead of exploring million of points to detect the salient
objects the clustering process minimizes this number depending on the number of
proposed clusters. Therefore, the image segmentation in this contribution will be
reached using the clustering process. Each segment will present an object and the
objects that reside in the far region will be presented as salient objects.

2.5.1 RGB cube classification

The goal of RGB cube representation is to show the classes of color homogeneity
in close location that are very likely to represent objects. The proposed technique
focuses on the idea of representing the RGB color cube of an image provided as
input. We assume that each object color resides in a separate region in the 3-
D cube depending on the object color. The proposed technique focuses on the
principle that detecting an object is a process that starts from unifying the colors
of each object. This procedure will reduce the number of similar colors to one color
in such a way as to provide a new version of the original image while preserving
the image features.

Image segmentation based on a distance vector:

The RGB color space is characterized by a cube with R, G, and B axis, and colors
are interpreted as three-dimensional (3D) vectors, with each vector element having
an 8-bit dynamic range. FEach of the three edges of the cube has length 256, since
each color component may assume any value in the range [0, 255] as shown in
Figure 2.1.

The representation of an image as an RGB color cube is used to unify similar
pixels, i.e., clustering the similar points that will represent an object. To this
end, the distances between each pixel and the eight cube vertices are computed
using Equation 3.1. The distance vector of a given pixel p is defined as D, =
[do, dy, ds, d3, dy, ds, dg, d7], where d; corresponds to the distance between the pixel
p and the vertex i(i = 0...7) of the cube which is computed as follows:

di = \J1} + g7 + b} (2.1)

where r;, g; and b; represent, respectively, the red, green and blue values of the
pixel p depending on the vertex 1.
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Figure 2.1: A 3D cube geometrically representing the RGB color
space

The obtained values D, of all pixels will be presented in a table with the aim to
segment the input image by representing similar colors by a single color. There-
fore, the segmentation process orders the table rows in such a way that every
similar color appears on the consecutive rows. Sorting the obtained table follow-
ing distances d; may offer a preliminary result. This ordering will consider all pixel
points that have the same d; value as similar pixels, e.g., the blue and red pixels
having the same value compared to dy. Therefore, the standard deviation is used
to distinguish the pixels having the same d;.

We define the standard deviation vector sdv which will be used to order the table
rows. A column will be inserted into the table that contains the standard deviation
of the distance vector D,,.

V2 (d; — averageD,)?
8

sdv, = (2.2)

where d; corresponds to the distance of the pixel p and the vertices i(i = 0...7)
of the cube. averageD, is the average of the distance vector D,,.

In fact, the standard deviation may provide more accuracy by distinguishing fur-
ther pixel points of the input image. However, we may observe that there are some
symmetric pixels that have the same sduv,, i.e., the pixels that have the same stan-
dard deviation with different d; values. Mathematically, two pixels are symmetric
if the following condition is verified:
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Figure 2.2: A 3D regular and irregular cube geometrically repre-
senting the pixel standard deviations

We define the coefficient f to separate these symmetric pixels. The cube that
presents the colors will be presented in a new cube with irregular edges. Hence,
we assign a different value of f for each cube vertex. The values of the d; are

computed as follows:
di = fix\[17 + g7 + 0 (2:3)

where f; is used to ensure that the symmetric pixels will not have the same stan-
dard deviation and will not belong to the same class, thereby clearly separating
the different objects. We note that the coefficient f separates the symmetric val-
ues only when the following condition is verified: i # j = f; # f;. Figure 2.2
shows an example of an irregular cube with f; = 1.

The eight values of f should be assigned carefully because their role is to separate
the image’s objects and detect the salient objects. Therefore, we assign to the
image background color the minimal value of f and to the most salient object the
maximal value. By default, we assign the minimal value to the black color and
the maximal value to the white color. The potential of these coefficients could be
observed when detecting salient objects having a dominant color, so we can assign
the maximal value to the coefficient of the dominant color of the salient object.

2.5.2 Segmentation and salient object detection

To detect the salient objects, we use a table which contains the value of the
standard deviation sdv, and the pixel values of the input image. The table will
be sorted in an ascending order following the standard deviation sdv,. Then we
divide it into classes where the pixels of the same class will represent a class of
objects. The last class represents the most salient objects that exist in the input
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image. In this paper, we segment the image into two classes in order to obtain
several saliency maps by applying different values of coefficients to the Euclidean
distance matrix. Hence, we will create for each type of coefficients a standard
deviation table and each standard deviation table is divided into two classes that
will represent the saliency map.

2.6 Implementation and results

Evaluating the performance of the proposed clustering algorithm is pertinent for
showing its performance mainly in terms of execution speed and accuracy. To this
end, we will test it on real images and see what it extracts. In fact, it is difficult
to judge the quality of the obtained results without comparing it with other al-
gorithms. In this section, we present the carried out experiments in order to see
them and evaluate our classification technique compared with others. The objec-
tive of these experiments is in particular to evaluate the ability of the algorithm
to correctly detect and extract the most salient objects based on such already
predefined colors. Figure 2.3 shows examples of the color divergence technique for
detecting salient objects. The evaluation of the proposed CDT is often done by
applying the technique to subsets of benchmarks. We conducted our experiments
with the different algorithms containing a two-dimensional vision. For all the ex-
periments that we have carried out, we have varied the parameters processing time
and accuracy. We have used random images with different levels of difficulty to
detect salient objects because our goal in this study is to compare the proposed
technique in various different cases. Table 2.1 shows the first obtained results.

The processed MSRA-B dataset [101] contains a diversity of 5000 images widely
used in the salient object detection community. This dataset is treated by a
Python program to visualize the processing time and accuracy results. The results
obtained by applying several executions are presented in Table 2.1. For pixel
accuracy that evaluates the precision of detected salient objects, we evaluated
accuracy = (TP +TN)/(T'P + TN + FP + FN) which is the percent of pixels
in the image which were correctly classified. A true positive represents a pixel
that is correctly predicted to belong to the salient object (according to the ground
truth) whereas a true negative represents a pixel that is correctly identified as not
belonging to the salient object .
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(a) The original image for detecting salient

red objects.

red objects.

(¢) The input image for detecting salient black (d) The output image after detecting salient

and white objects.

Figure 2.3: An example showing some detected salient objects

black and white objects.

based on CDT

Technique | Accuracy % | Processing time (ms)
Our CDT 0.785 4.202
SVR 0.662 6.342
DSR_D 0.801 8.127

Table 2.1: The processing time and the accuracy.
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2.7 Conclusion and future work

A novel color classification technique is proposed in this paper to efficiently detect
salient objects using color divergence and RGB cube representation. We have ap-
plied RGB cube classification focusing on a distance vector and standard deviation
values for the clustering of RGB pixels. Our method achieves a comparable per-
formance in term of processing time in compact salient object detection systems.
Our technique is efficiently capable of identifying salient colored objects in both
simple and difficult cases, which helps to enhance the deep learning process for the
object identification phase. Furthermore, a simple salient object detection process
and a fast detection speed may offer further advantages for image processing in
computer vision and artificial intelligence domains. As future work, we will check
its performance by implementing it for object identification using different deep
learning methods.
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Chapter 3

Pixel and tensor standard
deviation representation

This chapter introduces a new pipeline approach dedicated to image text detection,
which reduces the size of the input and intermediate layers in a deep learning model
by merging feature maps based on standard deviation values.

3.1 Introduction

Computer vision in general, in recent years, has become one of the major com-
puter science research topics, where efficient text detection in multimedia content
is one of the major challenges. Advancements in artificial intelligence have signif-
icantly improved various facets of computer vision, allowing for the automation
of numerous tasks. In the realm of image classification, various machine-learning
algorithms are frequently used [102]. Deep Learning (DL) stands out as a subset
of these algorithms, with one of its key strengths being its capacity to automati-
cally extract pertinent features from the data, thereby diminishing the necessity
for manual feature selection [103]. With the rapid advancement of mobile comput-
ing devices and the massive proliferation of smart devices[104], images containing
text data are being collected more readily, conveniently, and efficiently. There-
fore, recognizing text within an image has become an active research topic in
computer vision. The texts in the image often contain rich semantic information
of high-level importance that helps in analysis, guidance, and understanding of the
corresponding environment. Therefore, detecting and recognizing texts in images
have received increasing attention in several applications[100], including automatic
navigation, image retrieval, human-computer interaction, security, data integrity
[105, 106, 107, 108, 109] , etc. For example, considering the application of au-
tonomous vehicles, a field rapidly gaining momentum. These self-driving cars
navigate complex urban environments, relying on many sensors and cameras to
perceive their surroundings. In this context, accurate text detection can be a
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game-changer. The extraction and analysis of text from images and videos have
emerged as focal points within multimedia understanding systems. Numerous
methods have been put forward for extracting text from visual media, and many
studies have offered comprehensive reviews [110, 111, 112, 113] on this subject.
Text recognition and extraction address two primary challenges when locating text
within a target image. The first challenge is identifying the geometric representa-
tion that encapsulates the text’s position, which may take the form of a contour,
such as a square, rectangle, oriented rectangle, or quadrilateral. The second task is
to transform text-containing regions within images into machine-readable strings.
Hence, the first crucial step in text identification is text discovery [114]. Text
within an image can be classified into two categories: scene text, which is inherent
in the image at the time of capture, and artificial text, which is introduced into
the image during post-production processes [115]. On the other hand, the Internet
of Things’s significance in the text detection domain cannot be overstated. In to-
day’s digital information, a substantial portion of multimedia data emanates from
[oT devices and embedded systems, underscoring the sheer volume and diversity
of information generated. Integrating IoT into various applications underscores
the pivotal role of text detection in computer vision. This paper addresses IoT-
generated multimedia data’s critical challenges, focusing on enhancing text detec-
tion methodologies to extract valuable information efficiently. IoT-generated data
containing embedded text is indispensable for streamlining shipping information
processing in logistics and supply chain management domains. Similarly, in the
realm of smart cities, the utilization of IoT is instrumental in text detection ap-
plications such as smart parking systems, enabling effective traffic management
through license plate and signage recognition.

This paper’s primary target is to propose novel approaches tailored to the in-
tricacies of IoT-generated multimedia data. Specifically, our research endeavors
to enhance text detection algorithms to cope with the unique challenges of vari-
able image quality, diverse orientations, and complex environments inherent in
IoT-driven scenarios. We aim to contribute significantly to advancing robust and
efficient text detection methods within [oT frameworks by addressing these chal-
lenges.

However, a pivotal challenge that emerges is the often poor quality of text data
extracted from these sources. Text detection in this context necessitates robust
solutions capable of real-time processing and maintaining high levels of accuracy.
In response to this challenge, researchers and engineers have proposed a spectrum
of innovative solutions designed to address the multifaceted concerns surround-
ing poor-quality data. These solutions not only enhance the accuracy of text
detection but also ensure that it operates seamlessly in real-time scenarios, ulti-
mately facilitating the effective utilization of IoT-generated multimedia data in
various applications. The following points, among others, render the detection
task more difficult [116]: 1) The absence of prior information regarding the text’s
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location within the image presents a significant challenge, particularly when the
text is distributed throughout the scene. Knowledge of factors such as the num-
ber of text lines, line spacing, and word count can significantly streamline the
process, especially in the case of scanned documents. Consequently, the lack of
such pre-established formatting rules makes direct segmentation implementation
more challenging in these image types. 1) Text within an image can appear in
many sizes, fonts, and orientations. It may even include embossed or uniquely
designed characters, such as calligraphy logos, presentation slides, or messages
displayed on a digital bulletin board. Recognizing text with such distinctive and
non-traditional appearances poses a significant challenge. 2) The quality may dif-
fer from one photo to another, depending on the digital device the image was
taken with, which may in several cases be poor. 3) Images often contain numer-
ous patterns resembling letters, set against complex backgrounds, where certain
unfamiliar objects like icons, windows, and leaves may closely resemble letters and
words. Various other elements may be interwoven with the text, resulting in new
styles and representations. Therefore, one of the critical sources of information in
the image and video is the inside text. For instance, the caption text may explain
information about where and when the events in the video occur and possibly who
participated in the events, and the banner text is used as a visual indicator for
navigation and notification in the scene. Additionally, among the different types
of objects that appear in the videos, the text that contains abundant semantic
information plays an important role in many practical applications, such as video
annotation and multimedia retrieval [117]. The accuracy of text extraction is criti-
cal for the reliability and effectiveness of these applications, while faster processing
times enhance efficiency and user experience. Achieving the right balance between
accuracy and speed is often a key consideration in developing text extraction sys-
tems. Figure 1 shows an overview of text detection in images in the literature.
In the pre-processing phase of image text detection, particularly in practical real-
world applications, substantial efforts have been poured into the pursuit of swift
and resilient algorithms [118, 119, 120, 121]. The most important, among other
challenges, is the imperative for outstanding performance, which includes achiev-
ing an acceptable processing time and a high recall rate while maintaining a low
false alarm rate. These requested efficiencies must be accomplished while accom-
modating an intricate web of variables. These variables encompass the intricacies
of font size, font color, textual orientation, linguistic diversity, and the often per-
plexing intricacies of diverse backgrounds. Nonetheless, a further challenge lies
in the arduous task of distinguishing text from an eclectic array of text-like el-
ements, ranging from leaves and window curtains to generic textures. Adding
to the complexity is the ever-evolving nature of text patterns, as they meander
through variations in font sizes, colors, and languages. To complicate matters fur-
ther, the pervasive influence of noise and the capricious nature of image encoding
and decoding procedures conspire to undermine the integrity and quality of the
text. Moreover, the factor of treatment time emerges as a crucial consideration in
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Figure 3.1: A comprehensive vision of text detection in images

this landscape. Swift and robust text detection algorithms must also account for
timely processing to meet the demands of real-world applications. The pertinence
of time in text detection further underscores the complexity of this multifaceted
challenge.

Compared with proposed approaches, recent text detection algorithms often face
the following challenges:

(1) Text Orientation: Text can be written in different orientations, such as hor-
izontal, vertical, and diagonal. Detecting text in non-horizontal orientations can
be challenging for text detection algorithms.

(2) Font Size and Style: Text detection algorithms can struggle with recognizing
text with a small font size, written in a different style, or complex structure.

(3) Language and Script: Text detection algorithms may be trained in specific
languages or scripts and cannot detect text in other languages or scripts.

(4) Background and Contrast: Text detection algorithms can have difficulty de-
tecting text if the background is complex or if the contrast between the text and
the background is low.

(5) Image Quality: The image quality can significantly affect text detection algo-
rithms’ performance. Low-quality images or images with noise or distortion can
make it difficult for the algorithms to detect text accurately.

(6) Computational Resources: Text detection algorithms can be computationally
intensive and may require significant computational resources to operate efficiently.

o4



This can be a limitation in some scenarios where computational resources are
limited.

The primary goal of this paper is to achieve the right balance between accuracy
and speed in developing text extraction systems, so the significant contribution
lies in addressing this balance, ensuring that text extraction systems not only
maintain high accuracy but also operate efficiently in terms of speed. The pur-
pose is to address the three last challenges, where we propose a text detection
approach focusing on the pre-processing phase of Figure 1. To reach this goal, the
proposed approach considers the values of the computed o instead of the whole
pixels’ image while preserving its features to reduce the data size by reducing both
the input image channels and the tensor channels of the intermediate layer of the
deep learning model. We run a deep learning model without pre-trained models
to reduce the computational time speed and increase the accuracy compared with
original RGB images. To improve the accuracy, we introduce ¢ in different stages
of the proposed pipeline approach. The rest of the paper is organized as follows:
Section 2 presents a background and some related works. In Section 3, the pro-
posed approach is explained. Section 4 shows the experimental evaluation and
results. The manuscript is concluded in Section 5.

3.2 Background and Related Work

This section presents an overview with an analysis of text detection techniques of
recent and relevant work. The discussed text detection techniques in this section
will be reviewed depending on their operating modes and characteristics. We or-
ganize our review by classifying text detection techniques into traditional Machine
Learning-based (ML-based) approaches and deep learning-based approaches. Ma-
chine learning is a powerful tool that aids in a multitude of tasks, particularly
in prediction. Its versatility lies in exploring various methods and algorithms, al-
lowing for effective analysis and interpretation of data [122]. However, traditional
ML-based approaches rely on handcrafted features and classifiers. These features
could include gradient-based features, edge detection, and texture analysis. The
common classifiers used in traditional ML-based approaches are Support Vector
Machines (SVM), decision trees, and random forests. These techniques prove their
good performance in several applications, which explains their wide uses. How-
ever, these approaches have some critical limitations, such as their dependency
on the quality of handcrafted features, which could be sensitive to lighting condi-
tions, and their inability to generalize well to unseen data. Deep learning-based
approaches in text detection are often based on neural networks that can learn
features automatically from data. Convolutional Neural Networks (CNNs) proved
to be effective in text detection tasks. CNNs can learn hierarchical representations
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Figure 3.2: Text Detection Taxonomy

of visual features, enabling them to detect text in images with varying orienta-
tions, fonts, and sizes. Several deep-learning architectures have been proposed
for text detection, including Faster R-CNN, YOLO, and SSD. These architectures
exhibited outstanding performance on various text detection benchmarks.

3.2.1 A Taxonomy of Text Detection Techniques

The main characteristic of text detection is the features’ design and testing. Deep
learning incorporates many modern methods and enables researchers to avoid
the cumbersome work of designing and testing handcrafted features. To provide
a comprehensive investigation of the existing techniques for text detection, we
classify existing techniques into two categories [123], before deep learning and in
deep learning, as shown in 3.2.

1. Before deep learning: The text detection methods relied on two main tech-
niques: a) Connected Components Analysis, which extracts the candidate
components through various methods such as color grouping and then filters
the non-text components using manually designed rules, as well as auto-
matically trained on handcrafted features. b) Sliding Window where each
window is specified as text areas. Those deemed positive are then grouped
into text regions.

2. In deep learning: Deep learning techniques automatically learn features from
the input images. In this era, researchers no longer need to design or test
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handcrafted features, as deep learning models can independently learn the
most relevant features for text detection. There are four main known deep
learning types: (1) Text detection to localize text in natural images. This
method went through several stages, starting with early attempts to uti-
lize deep learning, which uses CNNs passing by methods inspired by object
detection and methods based on sub-text components. (2) Recognition strat-
egy that transforms the content of the detected text regions into linguistic
characters. This strategy contains several methods, including connectionist
temporal classification, encoder-decoder methods, and rectification modules
for Irregular text. (3) End-to-end strategy, where text detection and recogni-
tion are performed in one unified pipeline. Several techniques can be cited,
such as two-step, two-stage, and one-stage pipelines. (4) Auxiliary meth-
ods, where these kinds of approaches aim to support the principal task of
text detection and recognition. Among these methods, we can mention syn-
thetic data, text editing, and weakly and semi-supervision (bootstrapping
for character-box, partial annotations).

3.2.2 Related Work

Advanced technology offers the possibility to place modern camera systems in dif-
ferent places, such as mobile phones, surveillance systems, and autonomous cars,
generating high-quality images at a lower cost. The huge amount of generated
images and videos increases the demand for the systems to read and interpret
these images. In fact, the rapid development of Deep Neural Networks (DNN)
has made significant progress in detecting text in scene images, which explains
why recently several works have been released using DNN. Scene text detection
can be included taxonomically under general object detection. The generic object
detection methods’ designs inspire many scene text detection algorithms. How-
ever, scene text discovery has different characteristics and challenges that require
independent methodologies and solutions. Huang et al. [124] used CNNs to clas-
sify local image patches into text and non-text classes. The authors proposed
scooping such image patches by using MSER features. Text Flow [125] applied
CNNs to the whole images in a fully convolutional approach to detect charac-
ters. In [126], a convolutional neural network is utilized to determine if a pixel in
the input image belongs to characters if it is inside the text region and the text
orientation around the pixel. Hereafter, they considered the connected positive
responses as detected characters or text regions. Lei et al. [127] presented a text
detection technique belonging to the Connected Component (CC) based methods
that divide text detection into two sub-issues: CC generation and text/non-text
classification. The proposed technique uses neural networks and Color-Enhanced
Contrasting external regions (CER). The authors of [128] presented text recog-
nition in natural scenes. Two steps were performed to achieve the goal. Firstly,
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detecting the text area which is an important function in the general performance
of the OCR engine. The second step translates the detected text area using the
accurate and open-sourced OCR engine Tesseract V5. In their work, the authors
found that minor lighting and text angle differences resulted in significant text
recognition errors. Sayahi et al. in [115] proposed a technique for detecting text
in the scene file. Using neural networks and wavelet transformation to classify
pixels into text and non-text areas. Yan et al. [129] presented a Uyghur language
text detection system in complex background images for intelligent vehicles. They
proposed a channel-enhanced maximally stable extremal regions (MSERs) algo-
rithm to detect component candidates. Using the ICDAR 2003 database, Shehzad
et al. [130] proposed a text detector that uses a small set of heterogeneous fea-
tures spatially (choosing the Likelihood Ratio Test (LRT) as a weak classifier)
combined to build an extensive set of features; the text segment is equal to 32x16
pixels. They presented a modified AdaBoost technique named CAdaBoost that
considers the complexity of the weak classifiers at the feature selection step. The
authors used a neural network to learn the localization rules automatically for
text localization. As an application of Intelligent Transportation Systems (ITS),
the authors in [131] proposed an approach to detect traffic boards in street-level
images to recognize their information. After applying blue-and-white segmen-
tation, the technique focuses on extracting local descriptors at some key points
of interest. These images are then represented as a bag of visible words and
categorized using Naive Bayes vector machines. Finally, the images in which a
pass-through was detected are considered to apply the text-detection method to
it. Using the reverse geocoding service, a language model based on a dynamic
dictionary for a limited geographical area is adapted to automatically read and
save the information shown in the panels. Non-Latin families of cursive scripts
like Hindi, Arabic, and Chinese pose a challenge for text detection from natural
scene images. Syed and Muhammad [132] presented a technique to detect, predict
orientation, and recognize Urdu ligatures in images. The authors have used the
FasterRCNN algorithm and CNNs such as Resnetb0 and Googlenet on images of
size 320 x 240 pixels for detection and localization. In [133], the authors introduce
an efficient pipeline that combines simplicity with effectiveness, delivering swift
and precise text detection in natural scenes. This approach directly anticipates
words or text lines with arbitrary orientations and quadrilateral shapes, utilizing
a single neural network. The authors proposed a Differentiable Binarization (DB)
module in [134] to perform the segmentation network’s binarization process. In
[135], the authors incorporated a DB module and an Adaptive Scale Fusion (ASF)
module into the segmentation network, improving the network’s performance by
fusing multi-scale features. Optimized along with a DB module, a segmentation
network can adaptively set the thresholds for binarization, simplifying the post-
processing and enhancing the performance of text detection. A new approach is
presented in [136] for text detection that combines a text proposal model with a
deep relational reasoning network using a local graph and a Graph Convolutional
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Network (GCN). The resulting network is end-to-end trainable, allowing for effi-
cient and accurate arbitrary shape text detection. The authors of [137] propose a
novel approach for representing arbitrary-shaped text contours using the Fourier
Contour Embedding (FCE) method, which converts text instances into compact
signatures in the Fourier domain. Based on FCE, the FCENet is developed with a
backbone, feature pyramid networks, and post-processing with the Inverse Fourier
Transformation and Non-Maximum Suppression, enabling end-to-end training for
arbitrary-shaped text detection. The proposed FCE method is accurate and robust
in fitting highly-curved text contours, and FCENet achieves good generalization
for detecting arbitrary-shaped text in scenes. A Mask R-CNN-based approach
for text detection that can detect multi-oriented and curved text in natural scene
images is described in [138]. To enhance the feature representation ability of Mask
R-CNN;, the authors proposed to use the Pyramid Attention Network (PAN) as
a new backbone network; PAN can more effectively suppress false alarms caused
by text-like backgrounds. The authors of [139] proposed an efficient and accurate
arbitrary-shaped text detector called the Pixel Aggregation Network. It consists of
a low computational-cost segmentation head and a learnable post-processing mod-
ule. The segmentation head comprises a Feature Pyramid Enhancement Module
(FPEM) and a Feature Fusion Module (FFM), introducing multi-level informa-
tion to guide better segmentation. The FFM gathers features from FPEMs of
different depths for final segmentation. Pixel Aggregation (PA) implements the
learnable post-processing, which precisely aggregates text pixels using predicted
similarity vectors. The proposed method achieves high accuracy on various bench-
mark datasets while being computationally efficient In [140], the authors proposed
a Progressive Scale Expansion Network (PSENet) to enable the accurate detection
of text instances with arbitrary shapes. PSENet achieves this by generating kernels
of different scales for each text instance and gradually expanding the most small-
scale kernel to cover the complete shape of the text instance. Because the minimal
scale kernels have large geometrical margins between them, this method effectively
splits closely spaced text instances, making it easier to use segmentation-based
methods for detecting text instances with arbitrary shapes. This paper proposes
a text detection technique based on the channel-reducing step. The idea is based
on the standard deviation value extracted from both RGB images to generate new
images with clear objects and tensors of intermediate layers of the deep learning
model. We implement the algorithm of the released work in [4] to reach this goal.
Then, we use these newly generated images instead of the original images in the
learning process. The reason for using this procedure is that in this proposed
oNet, we apply the standard deviation over the RGB images in the o step to
avoid using any pre-trained model. The geometric representation of text positions
is foundational in various domains, ensuring accurate and efficient transformation
of text-containing regions into machine-readable formats. Several examples and
case studies illustrate the significance of these processes. In scene text recognition
[141], geometric representation aids in capturing the spatial layout of text through
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methods like bounding boxes or quadrilateral shapes. This enhances accuracy in
recognizing text within natural scenes. Geometric representation is crucial for
aiding visually impaired individuals. By transforming text into machine-readable
strings, systems can provide valuable assistance in interpreting and interacting
with visual content. In autonomous driving systems, geometric representation is
employed for sign recognition [142]. This enhances the understanding of visual
content, contributing to safer and more efficient transportation.

While numerous existing methods in the field of text detection in images primarily
rely on pre-trained deep learning models, the proposed approach takes a distinc-
tive and innovative path by eschewing the use of pre-trained models. This decision
carries several distinct advantages that set our work apart from the existing liter-
ature:

e Reduced Processing Time: By avoiding the need for pre-trained models,
our approach significantly reduces the computational overhead typically as-
sociated with fine-tuning or adapting these models to specific tasks. This
translates into faster text detection, making it well-suited for real-time or
resource-constrained applications. Table 1 illustrates the use of a pre-trained
model by the most relevant research. Our approach uses no pre-trained
model to reduce computational load and increase processing speed.

e Customization and Adaptability: Our model’s independence from pre-trained
models allows for greater flexibility in adapting to various domains and
datasets. Researchers and practitioners can tailor the algorithm more ef-
fectively to their specific needs, enabling better performance across various
scenarios.

e Competitive Precision Rates: Our approach maintains competitive precision
rates despite not relying on pre-trained models.

Method Pretrained model
DB-RenNet [33] ImageNet
DBNet [34] Synthtext (model— lg)
DRRG [35] ImageNet
DFCENet [36] ImageNet
oNet (proposed model) | Without pre-trained model

Table 3.1: Text Detection results using different pre-trained models
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3.3 Text Detection Pipeline Approach Specifica-
tions

We present a novel approach to image text detection that achieves state-of-the-art
limits while significantly reducing the pipeline’s computational complexity. This
work focuses on the initial idea proposed in [4] to define the o step. The present
paper aims to adjust the adequate regions depending on the text detection in au-
tomation and robotics domains [143], such as automatic driving, visual search, and
robot navigation, to quickly recover precious and meaningful textual information
in image scenes.

There are some specifications in each multimedia domain, such as the background
and the salient object colors. The best way to detect the salient objects is by
eliminating the background and unnecessary objects. Therefore, if the user appli-
cation area is well-defined, it will be easy to detect and extract the existing texts
by considering them salient objects in this work.

So, the pipeline uses the standard deviation principle (o step) in several pipeline
stages. The first step applied to the original image reduces the three RGB channels
to one, as shown in Equations 3.1 and 3.2.

Algorithm 1 illustrates in detail these steps, where for each pixel, we compute the
distance to (0,0,0) and extract its o value. In the end, Algorithm 1 returns the
value of o of each pixel depending to its distance to the RGB cube corner.

The binary semantic segmentation established by the fully convolutional network
(FCN) architecture upgraded with the o step called o Net in the context of text
detection and extraction. The result of the deep learning model is a saliency map
that is thresholded to obtain the binary image.

Finally, we use Connected Component Analysis (CCA) to generate a bounding
polygon that encloses each text region. The first published idea in [4] applies the
o step on only the input RGB three-channel image without using the deep learning
model.

Figure 3.3 presents the proposed approach by showing the role of the standard
deviation image in the segmentation process, where for the general tensor T' of
n channels, we follow a consistent process for each group of three consecutive
channels T; within T with ¢ ranges from 1 to n/3. As result, we obtain a single-
channel tensor o; from the three channels of tensor 7.

This method allows us to preserve the most pertinent information in the image
or tensor while significantly reducing the computational complexity of subsequent
operations. Text in scene images could be in random places, sizes, and colors.
Furthermore, texts in images could be multi-oriented and curved or vertically.

61



Our approach has two main contributions based on [4]:

e First, it reduces the number of channels in the image sensor using the stan-
dard deviation of the image pixels [4], enabling us to achieve better perfor-
mance with fewer computational resources.

e Second, it uses a deep learning model for text detection that leverages both
downsampling and upsampling operations and skip connections, with a stan-
dard deviation of intermediate tensors, to preserve high-resolution informa-
tion and improve the accuracy of the final output.

The proposed approach is designed to be a fast and light deep-learning text de-
tection model.

3.3.1 Reducing the Channel Step (o step)

A wide variety of machine learning and computer vision applications have used
the clustering method as an unsupervised algorithm [144]. Clustering as an unsu-
pervised machine learning method has great utility certainly in data science [145].
It groups a subset of the data set characterized by most similar features into the
same cluster. A subset of dataset interclusters has the most dissimilarity features
[146]. In unsupervised learning, unlabeled datasets are provided for training, and
unsupervised algorithms can find clusters of data samples based on the notion of
distance or another similarity measure [147]. The color divergence approach is a
novel clustering method used for image segmentation and object detection that
will be exploited in this work [4].

We name the standard deviation step of an image (RGB image defined as three
channels) the tensor 7' of n channels with n > 3 as a generalization. In our
study case of a tensor T, we take each of three successive channels T; of T for
i =A{1,...,[n/3]} and apply Algorithm 1, which resumes the idea of the o step.
The output of Algorithm 1 will be used instead of using the three values of RGB
pixel, where the standard deviation will keep the feature of the computed pixel
and reduce its size from three to one value. To understand the secret behind
using standard deviation, we discuss our study case by starting with the cube
representation of the three channels tensor 7. In this case, we define the cube
C' with eight vertices j(j = 0...7) in such a way that encloses the tensor. In
this representation, we consider each element ¢;k for k = {1,...,w x h} of T; as
have three coordinates (xy, yx, zx) with w and h is the width and the height of the
channel’s tensor:

e 1, corresponding to the value of the element in the first channel
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e ;. corresponding to the value of the element in the second channel

e 2. corresponding to the value of the element in the third channel

Then, we compute the Euclidean distance between each element of T; and the eight
vertexes of the cube j(j = 0...7) as shown in Figure 3.3. The cube representation
of three channels tensor T} involves calculating the distance between each element
t; of T; and the cube’s eight vertices using Equation 3.1. A distance vector Dy, =
[do, dy, da, ds, dy, ds, dg, dr] is defined for each element ¢;;, where d; is the distance
between the element t;;, and vertex j of the cube. The distance is calculated using

the formula

where 21, y;i, and zj; are the difference between the element ¢;;, of the tensor and
the corresponding vertex j. We will use Equation 3.2 to calculate the standard
deviation vector sdv, which can enhance the accuracy of the outputs.

V2o (djy, — averageDyy,)? (3.2)
8 :

sdvg, =

The distance values d;, represent the distance between the element ¢, and the ver-
tices j(j = 0...7) of the cube. averageD;i denotes the element average distance

vector Dyy.
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Algorithm 1 Standard Deviation step.
Require: T;, C;
Ensure: o;;

1: for (j <~ 0to 7) do
2 C < C + vertexe;;
3: end for
4: for (k< 0 tow x h) do
5: for (< 0to7) do
6
7
8
9

dji, < \/ng + yjz-k + z?k;
end for

. \/Z(djk—averageDtikP
Otik =

: g; [k] < Otik
10: end for
11: return o;;

Finally, from the three channels of the tensor T; we obtain one channel Sdv; tensor
each element correspond to sdvyy for k= {1,...,w x h}

The o step is applied first to the input RGB three-channel image to reduce it to
one o channel, as illustrated in Figure 3.3. After that, it is applied to the tensor
in the intermediate layer of the deep learning model. This method enables us to
retain the most relevant information in the image or the tensor while significantly
reducing the computational complexity of subsequent operations.

3.3.2 Deep Learning Text Detection Model

Segmentation-based approaches are commonly employed in scene text detection
[134]. The significance of image classification and segmentation in object detection
cannot be overstated, particularly in applications like autonomous driving. In
addition to their role in object detection, these techniques are pivotal in advancing
text detection and recognition systems, which are vital components of autonomous
vehicles and blind assistance systems [148].

In digital image processing and analysis, image segmentation stands out as a
fundamental and extensively used method. It facilitates the division of an image
into multiple segments or regions, typically based on the distinctive characteristics
of the pixels. This process offers several advantages, including the separation
of foreground from background elements and the grouping of pixel regions with
similarities in color or shape, ultimately enhancing the analysis and understanding
of the image.
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Figure 3.4: An overall overview of the proposed text detection
approach

In the context of our research, image segmentation is a pivotal tool for achieving
our text detection objectives. In order to enhance the accuracy of the regression
method and introduce greater flexibility in the field of text object detection within
scene images, we present a novel approach that involves harnessing the standard
deviation matrix derived from the original image as the input to the FCN. In
this stage, the proposed FCN incorporates the o step into the tensors at various
intermediate layers of the model.

Certain challenges could appear when using FCN, like the extensive variability
in the sizes of word regions in scene images, where effectively detecting these
regions requires a strategic adaptation. Recognizing the presence of larger words
demands the extraction of features from the later stages of the neural network,
while accurately delineating the geometry of smaller word regions relies on the
availability of low-level information in the early stages. Consequently, our network
must be capable of leveraging features at different levels to address these diverse
requirements. To overcome this challenge, we embrace the concept of the U-shape
architecture [52]. This approach facilitates the gradual fusion of feature maps while
maintaining the compactness of the upsampling branches. This results in utilizing
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features at different levels while minimizing computational overhead effectively.

The following steps show the pipeline details of the proposed method:

e o of intermediate channels in hidden Layers : A fully convolutional
network (FCN) is a type of neural network architecture commonly used in
computer vision tasks such as semantic segmentation. The FCN architecture
takes an input image and outputs a pixel-wise prediction of the class label
for each pixel. This architecture with skip connection follows the ordinary
architecture of a convolution neural network as the downsampling step and
up-convolution as an upsampling step.

In the first phase, we apply the standard deviation principle to the orig-
inal three-channel image, which reduces it to a tensor of one channel, to
preserve high-resolution information and improve the accuracy of the final
output. Then, in the second phase, we develop a deep learning model o Net
as shown in Figure 3.4, for text detection that leverages both downsampling
and upsampling operations and skip connections. We apply the o method
in the downsampling step of our deep learning model, which consists of a
contracting path defined by a sequence of operations that increase the num-
ber of feature channels. We reduce the number of feature maps using the
standard deviation values, resulting in a tensor of n/3 channels instead of n
channels. The upsampling step consists of an expanding path defined by the
transposed 2D convolution (up-convolution) of the feature map that reduces
the number of feature channels to half. Applying the standard deviation
step between expanding paths also reduces the n’s tensor channels to n/3.
We introduce skip-connections between the downsampling and upsampling
steps, which preserve and combine high-resolution information from previous
layers.

This approach enables our deep learning model to capture better the spa-
tial relationships between different elements in the image, resulting in more
accurate text detection.

e Downsampling step: It consists of a contracting path defined by a se-
quence of operations of two 3 x 3 convolutions with the same padding, each
accompanied by the activation function rectified linear unit (ReLU) and the
application of ¢ method which reduce the number of the feature map us-
ing the standard deviation, after that performing 2 X 2 max pooling with
stride 2.

At each step, the number of feature channels is increased by double, then
decreased by a third using o process until the fifth step, we add the attention
module instead of 2 x 2 max pooling before the upsampling step

e Attention module: In this step we apply both the 2 x 2 max and average
pooling to the output of Sdv map of the fifth step, we concatenate the result
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of max and average pooling then we use the dropout regularization to avoid
overfitting and improve the generalization ability of deep neural network.

e Upsampling step: It consists of an expanding path defined by the trans-
posed 2D convolution (up-convolution) of the feature map followed by a skip
connection and then by a 2 x 2 convolution that reduces the number of fea-
ture channels to half; after that, we add the o process, which reduces the
n’s channel tensor to a third.

e Skip connection After each transposed convolution in the expanding path,
the image is concatenated with the corresponding image result of max pool-
ing from the contracting path. Skip connections preserve and combine high-
resolution information from previous layers.

Unlike conventional deep-learning text detection models, the proposed method
does not require feature extraction layer transfer learning. Therefore, the pro-
posed method can be implemented with a relatively small memory and low com-
putational complexity.

3.4 Experimental Evaluation and Results

This section gives the experimental setup and the three public datasets used to
evaluate the proposed algorithm. Table 3.2 shows the result of the different steps
of the pipeline, beginning with the original images through the standard deviation
step and the output of the deep learning model. Compared with the ground
truth, we remark that the result of the oNet is near to the ground truth and
gives us an enhanced result in extracting text from scene images. While the
oNet framework for text detection demonstrates significant advancements, it’s
important to acknowledge its limitations and areas for improvement. One notable
weakness is its vulnerability to scenarios where text regions are closely positioned
or intersecting.

3.4.1 Technical details

We conduct 100 epochs of fine-tuning the models on real-world datasets. The
training batch size is set to 8. The model is compiled with a custom loss function
related to the Dice coefficient, which is commonly used in image segmentation
tasks, and uses the Adam optimizer with a learning rate of le-4 for training the
model. We harness computational complexity by leveraging Google Colab’s GPU
resources for our experiments. Specifically, we utilize the T4 GPU, which boasts
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Table 3.2: ¢ images detection compared with the ground and pre-
dicted images

Original Image

o step

Predicted result

Ground truth

final result

2,560 CUDA cores—parallel processing units designed for efficient parallel com-
putation. This GPU comes equipped with 16 GB of GPU RAM, allowing us to
work seamlessly with large datasets and complex models.

3.4.2 Datasets

e ICDAR 2015 dataset [149] includes 1000 training images and 500 testing
images; Google Glasses captured this dataset with a resolution of 720 X
1280 and annotated the text instances at the word level.

e Total-Text dataset Total-Text [150] dataset is a collection of text data in
various shapes, such as horizontal, multioriented, and curved. The dataset
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consists of 1255 training images and 300 testing images. FEach text instance
in the dataset is labeled at the word level, meaning individual words within
the text instances are annotated and labeled for training and evaluation
purposes.

e MSRA-TD500 dataset [151] contains text data in English and Chinese. It
comprises a total of 300 training images and 200 testing images. The text
instances within the dataset are annotated at the text-line level. Addition-

ally, we augment the dataset with an extra 400 training images from the
HUST-TRA400 dataset [152]

3.4.3 Dice Coefficient Metric

In the analysis, we evaluate the proposed approach using the dice coefficient met-
ric. The o Net text detection pipeline incorporates a standard deviation step. To
evaluate its performance, we compare the performance of o Net with a similar se-
mantic segmentation model. The evaluation results, shown in Table 3.3, indicate
the dice coefficient values for both oNet and the baseline RGB model on three
public datasets. The dice coefficient is a commonly used metric for evaluating
the similarity between two sets. In the context of text detection, it measures
the overlap between the predicted text regions and the ground truth regions. A
higher dice coefficient indicates a better performance of the text detection model.
Table 3.3 presents the evaluation results of the MSRA-TD500 dataset and their
corresponding variety in terms of the o step in the dataset and model.

e "rgh fcn” is the proposed fcn model without o step.

e "o fcn” is the proposed fen model with o step applied only in the input
image.

e "gNet ” is the proposed model with o step
For each dataset, we provide the size of the training set and test set, denoted as”
training size” and” test size” respectively.

As a result, the standard deviation step in the o Net text detection pipeline sig-
nificantly improves the dice coefficient values, thereby enhancing the model’s per-
formance on various public datasets as shown in Table 3.4 and 3.5.

This suggests that utilizing a one-channel input image with the standard deviation
step effectively enhances the accuracy of the text detection model.
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Table 3.3: Dice coefficient evaluation metric for semantic segmen-
tation of MSRA-TD500 dataset .

Model ‘ Training set ‘ Test set ‘ Training size | Test size ‘ Dice_coeff
rgh fen | T'D500TR400 | T'D500Test 700 200 0.85
o fen | oT' D500T R400 | T D500T est 700 200 0.94
oNet | oT'D500T R400 | oT D500T est 700 200 0.97

Table 3.4: Dice coeflicient evaluation metric for semantic segmen-
tation of ICDAR2015 dataset.

Model ‘ Training set ‘ Test set ‘ Training size ‘ Test size ‘ Dice_coeff
rgh fen | ICDARtrain | ICDARtest 1000 500 0.95
oNet | cICDARtrain | cICDARtest 1000 500 0.97

3.4.4 Precision and Recall

Among the existing methods, oNet is the only approach with no pre-trained
model. This indicates that o Net does not benefit from pre-existing knowledge
and instead learns directly from the provided data. Table 3.6 and 3.7 illustrate
the precision and recall values of semantic segmentation with and without o step.

3.4.5 Comparison with pre-trained models

We conduct comparative analysis between our proposed approach without pre-
trained models and with the pretrained model used in [134, 136, 137] on the
MSRA-TD500 dataset. In this study, we employed a cloud-based NVIDIA T4
GPU for the training and testing of our proposed model, while other studies
utilized performance-focused hardware configurations. It is important to note that
due to the inherent differences in hardware architecture, design, and optimization,
we faced challenges when attempting to directly compare the results of other
studies. Therefore, we implemented the proposed approach by incorporating a pre-
trained ResNet-50 model which has been trained on the ImageNet dataset, as the
feature extraction channel. Table 8 presents the evaluation results on the MSRA-
TD500 dataset, where ”Resnet fcn” is the fen model with pre-trained Resnet-50
on ImageNet used in the contracting path of the fcn (feature extraction).

The comparative analysis conducted on the MSRA-TD500 dataset aimed to show-
case the efficacy of the proposed approach. Table 8 presents the precision and
recall results of the semantic segmentation phase. In contrast, Table 9 displays
the precision and recall results of the final phase, which involves the prediction
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Table 3.5: Dice coefficient evaluation metric for semantic segmen-
tation of Total text dataset.

Model ‘ Training set ‘ Test set ‘ Training size ‘ Test size ‘ Dice_coeff

oNet ‘ cTotalTextTrain ‘ ocTotalTextTest ‘ 1254 ‘ 300 ‘ 0.97

Table 3.6: Precision and Recall of text detection results of MSRA-
TD500 dataset.

Model ‘ Training set ‘ Test set ‘ Precision ‘ Recall

rgb fcn | T'D500T'R400 | T'D500T est 0.14 0.082
o fen | oT'D500TR400 | 0T D500 est 0.85 0.77
oNet | cT'D500TR400 | oT' D500 est 0.88 0.79

of bounding boxes for the text regions after segmentation. Table 9 delineates the
performance improvements achieved by the o Net algorithm in contrast to exist-
ing methodologies in text detection. Analyzing the precision and recall metrics
on the MSRA-TD500 dataset provides a comprehensive view of the algorithmic
advancements.

The oNet algorithm demonstrates substantial progress in both precision (93.8)
and recall (85.6), outperforming contemporary research endeavors. This outcome
underscores its heightened effectiveness in accurately identifying text instances
compared to prior state-of-the-art models. The notable improvement in precision
indicates the algorithm’s capability to limit false positives, while the enhanced
recall signifies its proficiency in capturing a larger proportion of actual text in-
stances. The significantly higher precision and recall values consolidate o Net as a
frontrunner, showcasing its potential for advancing text detection methodologies.
These results substantiate the compelling performance of the o Net algorithm, po-
sitioning it as a noteworthy advancement in text detection research, promising
higher accuracy and reliability in practical applications.

3.4.6 A speed assessment comparative

A comparative analysis between the proposed model and the East text detection
model [133] is conducted, emphasizing speed assessment as the focal point of
comparison. Table 10 presents the result of speed comparison analysis.

We deployed the East [133] model to ascertain its performance metrics. The East
model achieved an FPS of 1.44 on our system. We observe that the proposed
model achieved a significantly higher FPS of 2.37, showcasing markedly superior
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Table 3.7: Precision and Recall for semantic segmentation of IC-
DAR2015 dataset

Model ‘ Training set ‘ Test set ‘ Precision ‘ Recall
rgb fen | ICDAR2015Train | ICDAR2015T est 0.75 0.32
oNet | cICDAR2015Train | cICDAR2015T est 0.93 0.72

Table 3.8: Precision and Recall of text detection results of MSRA-
TD500 dataset.

Model ‘ Training set ‘ Test set ‘ Dice_coeff ‘ Precision ‘ Recall

Resnetfcn
oNet

TD5007TR400 | T'D5007est 0.92 0.88 0.30
oT'D500T'R400 | ¢ T'D500T est 0.97 0.88 0.79

performance in terms of speed. This notable disparity in processing speed un-
derscores the efficiency gains inherent in our proposed model compared to the
established East text detection model. In scenarios where text strongly mim-
ics the background, the effectiveness of the proposed text detection methodology
may falter, introducing challenges in precisely isolating individual text compo-
nents. This particular scenario highlights a critical aspect where the accuracy
of the detection framework faces potential compromises. We observe that when
text strongly resembles the background, the framework’s efficiency may diminish,
impacting detection accuracy. These weaknesses underline the need for further
refinement in handling intricate text layouts, enhancing adaptability to varied
backgrounds, and optimizing precision efficiency for broader applicability. These
observations underscore the imperativeness of further refinement in addressing in-
tricate text layouts. Enhancements should focus on augmenting the adaptability
of the framework, particularly in scenarios with diverse and complex backgrounds.

3.5 Conclusion and Future Work

In conclusion, image text detection plays a crucial role in computer vision, but it
remains a challenging task. This article presented a novel technique that enhances
the accuracy of text detection by incorporating standard deviation values into the
learning process. The experimental results clearly demonstrated the effectiveness
of this technique in improving the performance of existing text detection meth-
ods, especially in challenging scenarios with low contrast or noisy backgrounds.
The proposed technique holds great potential for improving text detection accu-
racy in various applications, including document analysis, scene text recognition,
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Model Precision | Recall
East model[33] 87.2 75.3
DB-ResNet[34] 91.5 79.2

DBNet[35] 915 83.3
DRRG [36] 88.05 | 82.30
oNet 938 85.6

Table 3.9: Precision and Recall of text detection results of MSRA-
TD500 dataset

Model Training set Test set FPS
East model[133] | TD500TR400 | TD500 Test | 1.44
oNet o’ T'D500T' R400 | o T'D500Test | 2.37

Table 3.10: Comparison of Speed Assessments with the East Model

and optical character recognition (OCR). By leveraging standard deviation val-
ues, the technique can better handle image quality variations and enhance text
detection algorithms’ robustness. The proposed technique opens up opportunities
for its application in the context of IoT and low-end devices. Using standard de-
viation values can provide a lightweight and efficient solution for text detection
on resource-constrained devices, making it suitable for deployment in scenarios
where computational resources are limited. This is particularly relevant in IoT
applications, where devices with limited processing power and memory are com-
monly used. Further future research can investigate the use of this technique in
other computer vision tasks and explore its potential for real-world applications.
However, it is vital to acknowledge the limitations of this approach. The proposed
technique may encounter challenges when dealing with the closest text regions
and multiple intersections of texts. Furthermore, in scenarios where text closely
resembles the background, its efficiency may be compromised.

3.5.1 Future Research

The proposed approach not only holds promise but also opens doors to numerous
opportunities for expansion. Its applicability in IoT and low-end devices stands as
an intriguing prospect. Using standard deviation values can provide a lightweight
and efficient solution for text detection, making it particularly fitting for resource-
constrained devices often found in IoT applications. These devices, with limited
processing power and memory, could benefit greatly from the enhanced accuracy
and efficiency this technique offers. The path ahead beckons further exploration,
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with future research avenues delving into its potential in other computer vision
tasks and its applicability in a diverse array of real-world scenarios.
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Chapter 4

Advances in the standard
deviation detector method

This chapter consists of the article: ”Categorization of Digital Pathology Image
using Deep Learning model, ICFNDS ’23 The 7th International Conference on Fu-
ture Networks and Distributed Systems, Dubai, United Arab Emirates, December,
2023.

4.1 Introduction

Computer-Aided Detection and Diagnosis (CAD) is a dynamic and rapidly ex-
panding research domain. The practicality of CAD, especially when coupled with
cutting-edge deep learning technology within the artificial intelligence (AI) sphere,
has significantly alleviated the persistent challenge of manual data interpretation
within traditional CAD systems.

Colorectal carcinoma ranks as a major contributor to cancer-related mortality in
the United States, securing the third position in terms of frequency among men,
trailing only prostate and lung/bronchus cancers. Similarly, among women, it
holds the third spot, following breast and lung/bronchus cancers [153]. Globally,
colorectal cancer poses a substantial public health threat due to its widespread
occurrence across many nations. This malignancy primarily targets the colon or
rectum, often imposing profound adverse effects on individuals’ quality of life.

In digital pathology, accurately identifying distinct tissue types within histologi-
cal images is paramount, particularly for analyzing colorectal cancer specimens.
Texture analysis has traditionally been widely adopted for quantifying the tumor-
to-stroma ratio in histological samples. However, it is imperative to acknowledge
that histological images frequently encompass more than just two tissue types, and
prior research efforts aimed at addressing the multi-class challenge in colorectal
cancer detection have been notably constrained [154].
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To address these challenges and advance our understanding, there is a growing
focus on enhancing the capabilities of digital pathology tools and deepening our
comprehension of this intricate ailment. This pursuit involves harnessing the power
of machine learning algorithms and artificial intelligence technologies [155].

Traditional machine learning algorithms and deep learning algorithms are the two
types of Al technologies frequently employed in medical imaging. Combining Al
and security including privacy [156, 157] and confidentiality [158, 159] in innovative
solutions can give more efficient results.

The Convolutional Neural Network (CNN) represents a cutting-edge model in the
realm of deep learning, particularly within the subfield of machine learning, where
the computer autonomously extracts crucial features from raw input data. When
computational resources are limited or inaccessible, using pre-trained CNNs and
transfer learning mechanisms presents a viable alternative. Furthermore, integrat-
ing attention mechanisms has yielded promising results in the realms of diagnosis
and categorization. To enhance the accuracy and effectiveness of classification
and detection in the numerous histological images associated with colorectal can-
cer, this thesis proposes a novel approach. This approach combines a pre-trained
CNN, specifically ResNet-50, serving as the contracting path within the fully con-
volutional network (FCN). This is augmented with a spatial attention module,
followed by the generation of a head map composed of fully connected layers, and
culminating in the application of a softmax classifier.

4.2 Related work

Several studies presented by Timo Gaiser and Jakob Nikolas Kather with their
colleagues on the classification of digital pathological images using deep learning
have been done, where one of the most important steps in the development of
digital pathology is the recognition of different tissue types within histological
images. This study showed 5,000 histological images of human colorectal cancer
tissues, including eight different forms of cancer. This dataset assessed how well
different texture descriptors and classifiers perform in classification tasks. With an
accuracy of 87.4% across eight classes, this advance has increased the cutting-edge
accuracy for distinguishing tumor stroma from 96.9% to 98.6% while also setting
a new standard for differentiating multiple tissue classes.[160].

A study proposed by [161] uses deep learning to classify digital disease images,
where histopathology (or tissue microscopy) is an important diagnostic process
for colorectal cancer. Pathologists often analyze the histology to determine the
various tissue types, paying close attention to the tumor-to-stroma ratio. Deep
transfer learning is used in this study to classify tissue samples for colorectal cancer
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automatically. This technique employs a one-cycle strategy for discriminating fine-
tuning and structure-preserving color normalization to get better outcomes. The
study also offers visual justifications for the tissue categorization conclusions the
deep neural network reached. The research also investigates SqueezeNet’s memory-
efficient architecture for deployment on resource-constrained devices, resulting in
an impressive test accuracy of 96.2%

4.3 Digital Pathology Image Specification

Colorectal cancer is the third most prevalent form of cancer globally, constituting
about 10% of all cancer diagnoses, and is the second leading contributor to cancer-
related fatalities worldwide. This disease primarily impacts older adults, most
manifesting in individuals aged 50 and older.[162]. Digital pathology involves the
analysis of high-resolution medical images, and deep learning models have shown
remarkable success in this field, particularly for tasks like image classification,
object detection, and segmentation [163, 164]. ResNet Networks excellently per-
formed in image classification tasks among their greatest available solutions [26].
Also, Fully Convolutional Networks (FCNs) showcase the effectiveness in under-
standing the content of images, which is fundamental to image classification[165].

The proposed classification approach 4.1 centers around the Standard Deviation
(SDV) dimensionality reduction over the Fully Convolutional Network (FCN),
followed by the design of a head map for image classification.

4.3.1 Architectural model design

A fully convolutional network is a type of neural network architecture with down-
loading and upsampling layers inside the network used primarily for tasks like
semantic segmentation, image-to-image translation, and dense prediction. Within
the contracting path of the FCN, we incorporate ResNet-50. This ResNet-50 mod-
ule handles image encoding, leading to a substantial reduction in dimensionality
and effectively capturing essential features at bottleneck stages. Then, before the
decoding path of the FCN, we add the spatial attention module [166] used to
weight or emphasize different spatial regions of the input feature map. In the
attention module, the output of the ResNet-50 is downsampled using both max
pooling and average pooling with a 2 x 2 kernel size; the results of the max pool-
ing and average pooling operations are concatenated. This technique improves
the performance of neural networks in various computer vision tasks.

The expanding path involves several steps. It starts with a 2 x 2 upsampling
operation, which is carried out by applying transposed 2D convolution to the
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output of the spatial attention module. This is followed by a 2 x 2 convolution, a
widely used technique for reducing the number of feature channels by half. This
convolution helps manage the dimensionality of feature maps.

After the dimensionality reduction with the 2 x 2 convolution, we further reduce
the tensor’s channel count to one-third using a process known SDV. This se-
quential reduction of the feature map dimensions aims to optimize and streamline
the data representation.

We carry out a repetitive cycle of two key operations: upsampling and channel
reduction. We iterate through these steps until the feature maps return to the
dimensions of the original input image. This iterative procedure is common in the
decoding phase of numerous convolutional neural network designs, particularly in
applications like image segmentation and image generation. In such tasks, the
objective is to restore intricate details and spatial information from feature maps
at lower resolutions.

4.3.2 SDYV dimensionnality reduction

For a general tensor 7', We adhere to a uniform procedure for every set of three
consecutive channels 7; within the group 7', where i spans from 1 to [n/3].

To initiate this process, we represent the cube representation of three-channel
tensor T;, denoted as C', containing eight vertices labeled from 0 to 7, enveloping
the tensor. In this representation, we treat each element t;;, where k£ ranges from
1 to w x h within 7;, as having three coordinates: (zy,yx,2r). Here, w and h
represent the width and height of the channel’s tensor, respectively.

- xy, corresponds to the value of the element in the first channel. - y; corresponds
to the value of the element in the second channel. - 2, corresponds to the value
of the element in the third channel.

We then compute the Euclidean distance between each element of 7; and the eight
vertices of the cube C' (j where j ranges from 0 to 7). This cube representation
involves calculating the distance between each element t;;, of T; and the cube’s eight
vertices. For each element ¢;;, a distance vector Dy, = [dy, dy, da, d3, dy, ds, dg, d7]
is defined, where d; represents the distance between the element ¢, and vertex j
of the cube. The distance is computed using the formula:

Here, i, y;i, and zj; denote the differences between the element ¢;;, of the tensor
and the corresponding vertex j.
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We then use the formula:

\/Z(djk — averageD,;;.)?
8

sdvy =

to calculate the standard deviation vector sdv, which enhances the accuracy of the
outputs. In this formula, the distance values d;; represent the distances between
the element t;; and the vertices j of the cube, and averageD,; is the average
distance vector for element ¢;.

Finally, from the three channels of tensor T;, we obtain a single-channel tensor
Sdv;, where each element corresponds to sdvy for k ranging from 1 to w X h.
This approach enables the retention of crucial information within the image or
tensor while substantially decreasing the computational complexity of subsequent
operations.

4.3.3 Head Part

We meticulously curate a specific set of network layers to ensure precise image cat-
egorization and address potential challenges effectively. It is crucial to emphasize
that the Head Part of the network entrustes the classification task. The Head Part
comprises a total of fourteen layers, each distinguished by its unique attributes:

1. A flattened layer responsible for processing the Fully Convolutional Network
(FCN) output.

2. A Dropout Layer with a dropout rate of 0.5, strategically incorporated to
enhance regularization and prevent overfitting.

3. A Dense Layer that uses the Rectified Linear Unit (ReLU) activation func-
tion, augmenting the network’s capacity to capture intricate patterns and
features.

4. Another Dense Layer with eight units employs the softmax activation func-
tion. This layer is pivotal in the final categorization process, yielding the
classification output.

To summarize, our approach encompasses the following key stages: We kick off
by constructing the encoding path of the Fully Convolutional Network (FCN) us-
ing the Imagenet dataset as the fundamental building block. This encoding path
leverages the power of ResNet-50. Next, as we progress toward the decoding path
of the FCN, we introduce an attention module that enhances the network’s ability
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to focus on relevant features. The decoding path includes an essential upsampling
step achieved through transposed 2D convolutions applied to the feature map.
The 2x2 convolution operation and SDV dimensionality reduction follow the up-
sampling step. Lastly, we incorporate the head map, a key component responsible
for the classification task within the network. This component plays a central role
in ensuring accurate classification.

4.4 Discussion and Results

This section provides details on the experimental configuration and the publicly
available datasets employed for assessing the proposed algorithm.

4.4.1 Description of the dataset

The experimental setup involves the digital capture of histological images using an
Aperio ScanScope at 20x magnification, with images being RGB and having a pixel
size of 0.495 um. The histological samples are sourced from the pathology collec-
tion of the Institute of Pathology, University Medical Center Mannheim, Heidel-
berg University, Germany, specifically depicting formalin-fixed paraffin-embedded
human colorectal adenocarcinomas (primary tumors) as detailed in a cited refer-
ence [167].

Two public datasets are mentioned for evaluating the proposed algorithm:

o Kather-texture-5000 dataset: - This dataset consists of 5000 histology pic-
tures. - Each picture measures 150 by 150 pixels (74 by 74 pm). - The images
are categorized into eight tissue groups, with the folder name indicating the
tissue group for each photograph.

o Kather-texture-10 dataset: - This dataset contains 10 larger histology im-
ages. - Each image is sized at 5000 x 5000 pixels. - The larger images may
display multiple tissue types in each picture.

These datasets are likely used to assess and validate the performance of the pro-
posed algorithm in the context of analyzing histological images.
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Figure 4.2: A summary of the metrics’ performance history

4.4.2 Experiments and results

The model performed well after being trained across a number of epochs, as can
be seen in the figure 4.2 below.

The figure 4.3 suggest that the proposed algorithm for the multi-class classification
of histological images for embedded human colorectal adenocarcinomas (primary
tumors) is performing very well. We break down the interpretation for each metric
as follows :

e Test Loss (0.2699): - The loss is relatively low, indicating that the model is
effectively minimizing errors during training. This suggests that the model
is learning the patterns in the data.

e Test Accuracy (0.9801): - The high accuracy (98%) indicates that the model
correctly predicts the classes for the majority of instances in the test set,
demonstrating its effectiveness in multi-class classification.

e Test Precision (0.9254): - Precision is a measure of how many of the predicted
positive instances are actually positive. In this case, the average precision
across all classes is approximately 92.5%, suggesting that the model has a
high precision for each class.

e Test Recall (0.9143): - Recall, or sensitivity, is a measure of how many actual
positive instances the model correctly identifies. With an average recall of
about 91.4%, the model is capturing a high proportion of positive instances
for each class.
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Figure 4.3: The result of the evaluation of the proposed model

e Test AUC (0.9923): - The Area Under the ROC Curve is close to 1, indicat-
ing excellent discrimination between classes. This is a positive sign of the
model’s ability to distinguish between different categories.

e Test F1 Score (0.9199): - The F1 score is the harmonic mean of precision
and recall. With an average F1 score of approximately 92%, the model
demonstrates a good balance between precision and recall for each class.

These results suggest that the proposed algorithm is robust and effective in classi-
fying histological images of human colorectal adenocarcinomas into multiple cat-
egories. The high values across accuracy, precision, recall, AUC, and F1 score
indicate a strong performance in multi-class classification.

Figure 4.4 illustrates the outcome of the classification test, comparing the original
and predicted tissue types in histological images. Upon comparing with the orig-
inal images, it is evident that the classification test results closely align with the
ground truth, resulting in enhanced accuracy in categorizing both the type and
stage of colorectal cancer histology.

4.5 Conclusion

In conclusion, we presented in this paper a new deep-learning model for efficiently
categorizing colorectal carcinoma images and accurately diagnosing the disease.
Our novel approach using a fully convolutional network, augmented with a pre-
trained convolutional neural network and a spatial attention module, represents
a significant advancement in computer-aided detection and diagnosis within the
medical research landscape. The carefully curated architectural design has proven
instrumental in achieving accurate image categorization. The promising results
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Figure 4.4: The result of the evaluation of the proposed model
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obtained from our model underscore its efficacy in addressing the multi-class chal-
lenge associated with colorectal cancer detection in digital pathology. As we nav-
igate the evolving landscape of medical research and diagnostic methodologies,
the success of our approach highlights the potential of deep learning and atten-
tion mechanisms in significantly enhancing classification accuracy. This research
not only contributes to the specific domain of colorectal cancer detection but also
serves as a blueprint for the broader application of advanced technologies in med-
ical imaging and pathology. Continued collaboration between computer science
and medical research communities will be crucial for further refinement, valida-
tion, and integration of such innovative models into clinical practice, ultimately
shaping the future of computer-aided medical diagnostics.
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Conclusion

Object detection plays a crucial role in computer vision, serving as a corner-
stone for various applications such as autonomous driving, surveillance, and im-
age analysis. However, despite significant advancements in recent years, it remains
a challenging task due to factors such as varying object scales, occlusions, com-
plex backgrounds, and limited training data. Efforts in research and development
continually strive to enhance the accuracy, efficiency, and robustness of object
detection algorithms to address these challenges and unlock the full potential of
computer vision technology.

This work addresses the challenge of object detection and identification by intro-
ducing an innovative technique that integrates standard deviation values into the
learning process (0 Net). By doing so, it significantly improves object detection
accuracy. Applications such as text detection in document analysis and scene text
recognition can benefit from this approach. Notably, the method enhances text
detection algorithms’ robustness and effectively handles variations in image qual-
ity. This adaptability is particularly valuable in scenarios where image quality
varies significantly.

On the other hand, we introduced a novel deep learning model that effectively
classifies colorectal cancer images and provides precise diagnoses. Our innovative
method, which incorporates the o Net principle, represents a substantial advance-
ment in computer-aided detection and diagnosis within medical research. The
carefully chosen architectural design has been instrumental in achieving accurate
image categorization. The encouraging results of our approach demonstrate its
efficacy in addressing the multi-class challenge of colorectal cancer diagnosis in
digital pathology.

We concentrate on the thesis’s context in the first chapter and the general in-
troduction. The study challenge, the thesis’s motivations and goals, and the key
contributions are all outlined in the general introduction.

In the first chapter, the Deep Learning methodology used in computer vision is
presented, with particular emphasis on Convolutional Neural Networks (CNNs) for
tasks like object detection and semantic segmentation. Since CNNs can automat-
ically learn hierarchical features from unprocessed input data, they are especially
well suited for these kinds of applications.
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Chapters two and three discuss the thesis’ primary contribution. The color di-
vergence method used for object recognition and image segmentation is presented
in the second Chapter. This technique uses color information to identify objects
in images and segment them. The third Chapter focuses on the use of the o Net
strategy for text detection in natural scene images. It builds upon the o Net ap-
proach by incorporating the color divergence technique. This chapter explores the
intricacies of the o Net methodology, including its architecture, training regimen,
and performance assessment.

In chapter four, a o/Net with a pre-trained convolutional neural network and a
spatial attention module is used to address the multi-class challenge in colorectal
cancer diagnosis.

This study not only advances the field of colorectal cancer diagnosis specifically
but also provides a model for more widely utilizing cutting-edge technology in
pathology and medical imaging. The future of computer-aided medical diagnos-
tics will ultimately be shaped by the ongoing cooperation between the computer
science and medical research communities, which will be essential for the further
development, verification, and application of such innovative models in clinical
practice.

The suggested technique presents exciting opportunities for use in low-end devices
and the Internet of Things (IoT). By leveraging standard deviation values, it
offers a lightweight and effective solution for text identification on devices with
limited resources. This is especially crucial in situations where processing power is
scarce. For IoT applications, where low-processing-power and memory devices are
prevalent, this approach simplifies object detection. Its increased precision and
efficiency can significantly benefit these resource-constrained devices. Looking
ahead, future research should explore its potential in other computer vision tasks
and its applicability across a wide range of real-world scenarios.
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