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ABSTRACT

Optimized Deep CNN Model for Enhanced COVID-19 Detection

Sayed Mansour Hashemipoor

This research presented an Al-driven methodology for precise COVID-19 detec-
tion in medical diagnostic imaging using chest X-ray images. The primary focus
was on developing an optimized model using convolutional neural networks (CNNs)
and leveraging transfer learning as a low-level feature extractor method. Significant
attention was also so given to data transformation and enhancement techniques to im-
prove the information content and distinguishability of non-linearities. The proposed
methodology enabled the flexibility to apply multiple models within the framework
and identify the most suitable model for the specific task at hand. By emphasiz-
ing state-of-the-art CNN models and employing a strategic exploration-exploitation
trade-off, this study identified a robust model with heightened accuracy. The results
demonstrated a model accuracy of 90.11%, a sensitivity of 91.16%, and a precision
of 89.19%, highlighting the model’s effectiveness in accurately identifying both true

positive and true negative test cases.
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Chapter 1

Introduction

In recent years, the field of Al has experienced rapid growth, incorporating a diverse
array of techniques and approaches that empower machines to execute tasks tradi-
tionally associated with human intelligence. The escalating accessibility of data and
advancements in computing power have elevated Al to an indispensable tool for busi-
nesses and organizations. Its role extends beyond mere automation, encompassing
the unlocking of insights and the augmentation of decision-making capabilities [34].

Artificial intelligence (Al) and classical programming epitomize two distinct paradigms
in problem-solving with machines. To begin, classical programming entails explicitly
formulating a set of rules and instructions that guide the machine’s actions. These
rules derive from the programmer’s comprehension of the problem and the desired
results. In contrast to Al, which leverages learning algorithms and data to enable
machines to dynamically adapt and evolve, classical programming relies on prede-
termined instructions, reflecting the programmer’s explicit knowledge and problem-
solving strategies [30].

Whiile classical programming proves effective in solving well-defined problems, its

efficacy diminishes when faced with complex tasks characterized by a high degree of



uncertainty or variability. In contrast, Al involves training machines to learn from
data and adapt their behavior based on experience, rendering it a more flexible and
versatile approach to problem-solving [63]. Al systems possess the capability to ana-
lyze extensive datasets, discern patterns and correlations, and utilize this information
to make predictions or take actions without the need for explicit programming [55].
This makes Al particularly well-suited for tasks that involve complex decision-making,
such as natural language processing, image recognition, and autonomous driving.

Another pivotal distinction between Al and classical programming lies in the
level of human intervention required. In classical programming, programmers must
meticulously design and write the program to achieve the desired outcome, a process
that often demands substantial time and effort. In contrast, Al systems can learn and
enhance their performance autonomously, diminishing the need for extensive human
intervention and enabling machines to undertake tasks previously deemed beyond
their capabilities [62].

Artificial Intelligence (AI) encompasses machine learning (ML) as one of its sub-
sets. ML, in turn, is a specialized domain within AlI, focusing on training machines
using extensive datasets to recognize patterns and formulate predictions [77]. Within
the realm of ML, deep learning (DL) emerges as a potent subclass. Deep learning
represents a sophisticated branch of machine learning that aims to mimic the learning
process of the human brain. At its core lies the development of artificial neural net-
works, which seek to replicate the electrochemical interactions observed in biological
neurons through the application of mathematical functions [66].

Deep learning involves training neural networks with multiple layers, demonstrat-

ing significant accomplishments in diverse applications, notably excelling in areas like



image and speech recognition [85, 118]. This hierarchical relationship, Figure 1.1,
illustrates the broader scope of Al, the specialized domain of ML within it, and the

advanced capabilities offered by DL within the ML framework.

CNNs
. Deep Learning
Machine Learning (ML)

Artificial Inteligence (Al)

Figure 1.1: Hierarchy of the relationships

The objective of machine learning is to discover patterns and relationships in data
and to put those discoveries to use. This discovery process is achieved through mod-
eling techniques developed over the past 30 years in statistics, computer science, and
applied mathematics. These various approaches can range from simple to tremen-
dously complex, but all share a common goal to estimate the functional relationship
between the input features and the target variable.

Convolutional neural networks (CNNs) stand out as a prominent, and widely
adopted category of machine learning models, finding applications across diverse
domains such as image recognition [11], speech recognition [51], and natural lan-
guage processing (NLP) [38]. Notably, CNNs have demonstrated exceptional efficacy
in tasks related to image recognition, consistently achieving state-of-the-art results
across various benchmarks. A crucial category of neural networks within the realm
of deep learning is the Convolutional Neural Network, which is specifically designed
for image recognition and classification. CNNs employ multiple layers to extract in-

formation from images and determine their respective classes. Take the ability of a
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CNN to discern whether an X-ray image features a healthy or COVID-19 case, based
on its training with a set of training images. The key to their success lies in their
hierarchical architecture, featuring layers that conduct convolution operations. This
design enables CNNs to adeptly capture spatial features and patterns within images,
operating at different levels of abstraction [23, 1 10].

Presently, algorithms, heuristics, and artificial intelligence models are being ap-
plied in various fields of knowledge. In the healthcare sector, there has been significant
advancement in using computer technology to save lives and enhance the quality of
life. Particularly, visual information is frequently employed for disease detection and
evaluation. This has led to the integration of computer vision and medical diagnostic
imaging. Effective healthcare system improvements require the integration of these
technologies, along with data analysis from multiple sources and real-time processing

capabilities.

1.1 Problem Overview

Combating COVID-19 proves to be a formidable challenge, given its swift transmis-
sion rate among citizens globally. Furthermore, the virus has the potential to mutate,
creating additional strains. Consequently, early detection emerges as a crucial strat-
egy in the fight against COVID-19. Various approaches to early detection include
blood tests, viral tests, and the analysis of different imaging modalities, such as X-
ray and Computed Tomography (CT) scans [12].

On one hand, efficient detection of COVID-19 through medical diagnostic imaging
plays a crucial role in controlling the problems caused by the disease and reducing

the mortality rate. Currently, chest X-rays (CXR) and CT scans are commonly used
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for assessing and monitoring the severity of the disease in patients. On the other
hand, additional research is necessary to ascertain the duration of protection and
effectiveness of vaccines, particularly concerning newly identified variants. Moreover,
initiatives are in progress to create efficient screening protocols for identifying and iso-
lating cases, as well as to improve treatment strategies and testing capacities through
versatile testing methods.

Diagnosing COVID-19 through radiographic imaging necessitates patient data
as the primary input, which is typically accessible only through diagnostic centers.
Consequently, patients must physically visit these centers to confirm the presence of
COVID-19 in their bodies. Many households in underdeveloped nations lack access
to private transportation, and individuals in rural areas often have to travel long
distances to reach a diagnostic center. As a result, individuals must rely on public
transportation for COVID-19 testing, which increases the risk of virus transmission
and other related issues. In the initial stages of the pandemic, the availability of
training data posed a significant constraint, despite efforts to expand the dataset.
Addressing this limitation necessitated the aggregation of data from diverse sources to
construct a comprehensive dataset for this investigation. To overcome the challenges
in medical diagnostics, Computer-Aided Diagnostics (CAD) is increasingly employed
to augment precision and speed in medical diagnoses. Artificial Intelligence (Al)
algorithms, particularly those embedded in CAD systems, are harnessed for their

ability to efficiently process extensive datasets [59].
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1.2 Motivation

The medical field has witnessed extensive integration of Al methods, notably in
disease diagnosis using chest scans, including conditions such as Viral Pneumonia,
COVID-19, Lung Opacity, etc. Deep Learning (DL) algorithms as a subset of Al, have
emerged as a particularly potent tool for image classification, proving highly effective
in detecting diseases like COVID-19, characterized by multi-layer neural networks,
exhibit proficiency in identifying intricate patterns within images without requiring
extensive preprocessing. Over time, advancements in convolutional neural networks
have substantially minimized error rates in image categorization competitions.

Within this domain, the analysis of medical images often involves the application
of deep learning techniques, such as Transfer Learning (TL) in employing pre-trained
convolutional neural network models either as a feature extractor or fine-tuned ap-
proaches.

Most prior state-of-the-art studies have typically focused on training and evaluat-
ing a specific model in an effort to improve its accuracy. The objective of this study
is not only to achieve high classification accuracy through model evaluation, but also
to accomplish it through the training of automated end-to-end optimized deep learn-
ing CNN models and choose the best one based on the objective function and the
ability to generalize to any image classification problems through medical diagnostic
imaging. This can be achieved through the combination of either pre-trained mod-
els or any single state-of-the-art models. The framework also aims to be adaptable
to new variations and mutations of the disease as well as the ability to detect any

lung-related diseases in the future.
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This research was motivated by the publication by Loey et al. [72], which intro-
duced a new approach to chest X-ray image classification using a Bayesian optimization-
based convolutional neural network (CNN) model. Their proposed CNN model is
designed for the extraction and learning of deep features. Furthermore, the Bayesian-
based optimizer is utilized to adjust the CNN hyperparameters based on the objective

function.

1.3 Thesis Contributions

This study applied the utilization of different pre-trained models specifically designed
for the nuanced task of COVID-19 detection in medical images. Leveraging the low-
level features extracted from extensive datasets proves instrumental in enhancing
model performance. The central aim of the research is to meticulously identify the
most optimal hyperparameters within a judicious range of values, as these parameters
wield a direct influence on the efficacy of each model.

To achieve this objective, this study employs the Bayesian optimization technique,
delving deeply into the nuanced impact of critical factors. These factors include batch
size, learning rate, momentum, gradient optimizers, and L2-regularization for each
model. By conducting a comprehensive exploration of these parameters, the study
seeks to pinpoint their optimal values, thereby bolstering the overall effectiveness of

COVID-19 detection models in medical diagnostic imaging applications.

The contributions of the thesis research are as follows:

e Model Selection: The work focuses on the selection of the most suitable model
amongst others within the framework, ranging from the combination of pre-

trained models with new state-of-the-art models to the incorporation of any
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newly developed models.

e Optimized CNN Models: The research broadens the domain of search space to
automatically optimize CNN models’ trainable hyperparameters by embracing
a strategic exploration-exploitation trade-off, allowing for a more comprehensive

exploration of the model configurations.

e Data Transformation and Enrichment: The thesis delves into image enhance-
ment techniques for data transformation and enrichment, with the aim of im-
proving information content and reducing data volume through domain trans-

formations, sampling, and image visual enhancement.

e COVID-19 Application for Image Classification: The thesis applies the devel-
oped framework to the specific domain of COVID-19 image classification, con-
tributing to the detection of any related lung-diseases rather than COVID-19
or its mutations, and thereby bolstering the advancement of medical diagnostic

imaging.

These contributions collectively aim to enhance the effectiveness and adaptability
of deep learning models for image classification, particularly in the context of medical

diagnostic imaging and the specific challenges posed by COVID-19 disease.

1.4 Thesis Outline

The remainder of my thesis is organized as follows:
In Chapter 2, the basics of ANN, ML, and DL, including the fundamentals of
CNN;, are explored, along with a review of related works to provide context. Chapter

3 meticulously details the process of model development. Chapter 4 delves into the
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proposed methodology and outlines the model components, covering data prepara-
tion, model training, and model evaluation. Chapter 5 elucidates the experimental
setup and results, discussing the intricacies of model design, the proposed dataset,
implementation considerations, and the examination of the experiment results. Fi-
nally, the last chapter encompasses conclusions and future work, providing insights
into the findings and outlining potential avenues for future research endeavors.

The Appendices include mathematical formulas, structures of the pre-trained

CNN models, and sample X-ray images with their enhanced output results.
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Chapter 2

Background

The incorporation of Artificial Intelligence (AI) into medical imaging has the po-
tential to bring about significant changes. Proficiency in the principles and use of
radiomics, artificial neural networks, machine learning, and deep learning forms a
crucial groundwork for developing design solutions that adhere to ethical and reg-
ulatory standards [36]. This proficiency is also essential for constructing Al-based
algorithms aimed at improving outcomes, quality, and efficiency. Additionally, a
comprehensive understanding of applications, opportunities, and challenges from a
programmatic standpoint is vital for fostering an ethical and sustainable implemen-
tation of AI solutions in the field of medical imaging.

Within the realm of medical imaging, artificial neural network (ANN) stands as
the cornerstone of both machine learning and deep learning (DL). Comprising layers
of interconnected nodes, an ANN functions as an analytical algorithm, with inputs
ranging from radiomic features extracted from image files to the images themselves
when utilizing a convolutional neural network. The integration of Al into medical
imaging marks an exhilarating era, offering a reengineered and reimagined landscape

for clinical and research capabilities.
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A significant catalyst for the rise of Al in medical imaging has been its ability
to enhance visual recognition in radiology, yielding lower error rates than human
observers since 2015 [05, 71]. The versatile capabilities of ML in medical imaging
encompass, among other functions, lesion detection and classification, automated
image segmentation, data analysis, extraction of radiomic features, prioritization of
reporting and study triage, and image reconstruction [68,71]. Furthermore, an ANN
can complement traditional statistical analysis, providing deeper insights into research

data [20].

2.1 Basics of Machine Learning Models

An artificial neural network (ANN) is composed of nodes, which can range from hun-
dreds to millions, arranged in multiple layers, a configuration known as depth [105].
Deep learning employs an ANN with numerous layers, often exceeding six, and is
recognized as a more advanced implementation of machine learning. DL is capable
of conducting more intricate analyses, integrating larger datasets, and representing
higher levels of abstraction. In this network, each node receives information from
other nodes, and the outputs are weighted. The primary objective of the ANN is to
maximize correct answers in comparison to a reference (ground truth) by adjusting
the weights on each node, based on the error calculated during each forward propa-
gation [74,108]. Across each iteration or epoch, the mathematical solution gradually
converges toward a more accurate outcome. This iterative process bears resemblance
to the approach described for iterative reconstruction [27].

Optimal outcomes during the training phase are achieved with a substantial

dataset. With each iteration, improvements in results become progressively smaller
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[108]. A second, typically smaller, dataset is commonly employed to validate infer-
ences, representing a significant portion of published work at present. In the domain of
medical imaging, big data plays a crucial role in supplying large and reliable training
datasets for ML and DL algorithms to learn from. DL specifically refers to the depth
or number of layers in the ANN, often associated with convolutional neural networks,
which are adept at identifying and extracting features directly from images [119].
Figure 2.1 indicates the lifecycle of the Machine Learning models comprising sev-

eral distinct steps [63].

<

Model Training

Figure 2.1: The Implementation Phase of Machine Learning Models

To begin with, Data Collection is the initial step involves gathering data from
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diverse sources for utilization in the learning process. The quality of the data signifi-
cantly influences the outcomes produced by the algorithms. Given that avoiding data
quality issues is often impractical in most applications, data mining concentrates on
two primary aspects: (1) identifying and rectifying data quality problems, and (2)
employing algorithms that can accommodate suboptimal data quality.

Data preprocessing is a comprehensive area encompassing various interrelated
strategies and techniques. In this phase, raw data collected in the previous step
undergoes cleaning, organization, and transformation to achieve a format suitable for
analysis. The tasks involved in data preprocessing, include removing missing values,
handling outliers, and scaling the data for normalization and consistency.

The next step in the machine-learning workflow is to use that data to begin
exploring and uncovering the relationships that exist between the input features and
the target. In machine learning, this process is done by building statistical models
based on the data. A suitable model is chosen based on the nature of the problem. The
selected model is then trained using the training data from the previous phase, where
the objective is to extract features and patterns from the data to enable accurate
predictions. The training process entails adjusting the model parameters iteratively
to minimize the error between predicted and actual values. This iterative adjustment
allows the model to learn from the training data and improve its performance over
time. The ultimate goal is to achieve a trained model that can effectively generalize
its learning to make accurate predictions on new, unseen data.

Following the tuning of a machine-learning model, the subsequent crucial step is

to assess its accuracy. Accuracy assessment is vital in understanding how well the
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model will predict outcomes on new, unseen data. A thorough evaluation of predic-
tive performance is essential before deploying the model in a production environment
to analyze fresh data. If the assessment reveals satisfactory predictive performance, it
instills confidence in deploying the model for practical use. Conversely, if the predic-
tive performance falls short of the desired level for the intended task, it necessitates
a reevaluation of both the data and the model. This reassessment aims to identify
areas for improvement and optimization to enhance the model’s accuracy and efficacy.
Properly assessing the predictive performance of an ML model is a nontrivial task and
various metrics can be used to evaluate the model’s performance. Upon successful

evaluation and validation, the model can be deployed for its designated task.

2.2 Convolutional Neural Networks

A crucial category of neural networks within the realm of deep learning is the Convolu-
tional Neural Network. Specifically designed for image recognition and classification,
CNNs employ multiple layers to extract information from images and determine their
respective classes. Take, for instance, the ability of a CNN to discern whether an
image features a cat, based on its training with a set of cat images. This section will
delve into the architecture and functioning of CNNs.

From a program’s perspective, any image is essentially a set of RGB numbers
presented in a vector format. If a neural network can grasp the underlying patterns,
it can be structured as a CNN to effectively detect images. Regular neural networks
function as universal mathematical approximators, processing input through a series
of functions to derive output. However, these regular neural networks encounter

scalability issues when applied to image analysis. For instance, a 32 x 32 pixel RGB
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image would require 32 *x 32 % 3 = 3072 weights in the hidden layer. While regular
neural nets may perform adequately in such cases, scaling up to a 224 %224 pixel RGB
image results in a considerable increase to 224 x 224 x 3 = 150, 528 weights, leading to
performance issues.

CNNs offer a solution to this scalability problem. In CNNs, the layers are or-
ganized in three dimensions—height, width, and depth. The CNN functions as a
sequence of neural net layers, where each layer transforms one volume of activations
to another through a differentiable function. Three fundamental types of layers con-
struct the CNN including the Convolutional layer, the Pooling layer, and the Fully
connected layer.

CNNs exhibit remarkable efficacy in tasks revolving around visual data analysis,
encompassing image classification, object detection, and segmentation. Their pro-
ficiency stems from the capacity to assimilate hierarchical representations of visual
information. By constructing higher-level features atop lower-level features, CNNs
adeptly decipher intricate patterns in data, facilitating precise predictions.

Moreover, CNNs excel in tasks entailing sequential data analysis, notably in do-
mains like speech recognition and Natural Language Processing (NLP). The inherent
spatial or temporal structure in sequential data proves advantageous for Convolutional
Layers. In speech recognition, the input waveform unfolds as a sequence of frames,
allowing Convolutional Layers to extract features capturing phonetic nuances. In
NLP, these layers extract features from textual inputs, encapsulating word meanings
and their contextual relationships, exemplifying the versatility of CNNs across diverse
applications.

The effectiveness of CNNs hinges on the availability of substantial labeled training
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data. These models, laden with millions of parameters, necessitate extensive learning
from data, demanding a diverse dataset to mitigate the risk of overfitting. Generally,
a surplus of training data correlates with improved model performance. Nevertheless,
amassing sizable labeled datasets can be resource-intensive, particularly for tasks in-
volving intricate classification or segmentation. In such scenarios, transfer learning
emerges as a valuable strategy. By commencing with a pre-trained model and re-
fining it on a smaller dataset, the need for an extensive labeled dataset diminishes,
contributing to enhanced model performance.

Furthermore, it’s crucial to recognize that the quality of training data significantly
influences CNN performance. Noisy or biased data may lead the model to learn
artifacts rather than genuine patterns. Hence, meticulous curation and preprocessing

of training data are imperative to ensure its representativeness for the targeted task.

2.2.1 Traditional CNN Architecture

Nowadays, Convolutional Neural Network architectures have demonstrated profi-
ciency in achieving expert-level performance comparable to human capabilities across
intricate visual tasks, notably in domains like medical image analysis and pathology
detection. The evolution of CNNs dates back to the success of the first CNN in 1998,
known as LeNet, primarily utilized for handwritten digit recognition and devised by
Yann LeCun. LeNet, consisting of three convolutional, two average pooling, and two
fully connected layers, marked the inception of CNN applications. While LeNet is
considered shallow by modern standards, numerous CNN architectures have since
been introduced in the literature. CNNs excel in feature extraction, a pivotal aspect

illustrated in Figure 3.1, offering a schematic representation of a typical CNN tailored
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for COVID-19 prediction, which contains Convolution layer, Pooling layer, and Fully

connected layer [105].

2.2.2 Pre-trained CNN Models

A pre-trained model has undergone training on a large benchmark dataset, addressing
problems similar to the one at hand. Due to the computational expense of training
such models, a common practice is to import and utilize models from existing litera-
ture, leveraging the concept of transfer learning (TL). In TL, knowledge acquired by
a deep learning model trained on a large dataset is applied to a task with a smaller
dataset, reducing the need for extensive data and prolonged training periods required

for DL algorithms taught from scratch [105].

2.2.3 Fundamentals of CNN

Convolutional Neural Networks are a potent form of neural network extensively uti-
lized for image recognition tasks. Comprising convolutional and pooling layers, they
extract pertinent features from input images. Subsequent fully connected layers em-
ploy these features for predictions. Prior to deployment, CNNs necessitate training
on extensive datasets, enabling them to learn associations between extracted features
and corresponding labels. During training, backpropagation and optimization refine
this association process [33,102].0Once trained, CNNs predict labels for new images
by passing them through the network, choosing the label with the highest predicted
probability. Figure 2.2 illustrates a simplified CNN for image classification [10]. For

instance, given an input image of a car, the network progressively extracts features
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through hidden layers, culminating in a final layer producing a probability distribu-
tion over different classes (e.g., cat, bird, dog). The weight adjustments in each layer

are learned via backpropagation to minimize prediction errors.
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Figure 2.2: A simplified illustration of CNN network

Advantages

CNNs boast several advantages, rendering them a formidable tool for the analysis of
both visual and sequential data. One primary strength lies in their capacity to acquire
hierarchical representations of input data. By constructing higher-level features upon
lower-level ones, CNNs exhibit an adeptness for comprehending intricate patterns in
data, facilitating accurate predictions.

The capability to handle inputs of diverse sizes and aspect ratios stands out as an-
other advantage of CNNs. Convolutional layers are proficient in learning translation-
invariant features, enabling the recognition of patterns regardless of their location in
the input. The incorporation of max-pooling layers further allows for downsampling,

accommodating inputs with varying sizes and aspect ratios.
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Generalization to new data represents a significant strength of CNNs. These
models can provide accurate predictions for previously unseen data by learning task-
relevant features rather than memorizing specific instances from the training set.
Moreover, the application of transfer learning enhances their adaptability, allowing
knowledge from pre-trained models to be transferred to new tasks, thereby improving

accuracy and reducing the demand for extensive training data [63].

Limitations

While CNNs offer numerous advantages, it’s essential to acknowledge certain limita-
tions when utilizing them. One notable constraint is their demand for a substantial
amount of labeled training data to achieve optimal performance. The vast number of
parameters in these models requires extensive data variation to prevent overfitting,
making the collection and labeling of ample training data a time-consuming and costly
endeavor, particularly for tasks involving fine-grained classification or segmentation.

Another limitation stems from CNNs’ sensitivity to the quality of training data.
Noisy or biased data may cause the model to learn artifacts rather than the genuine
underlying patterns. Consequently, meticulous curation and preprocessing of training
data are crucial to ensuring its representativeness for the intended task.

Furthermore, CNNs can be computationally intensive during both training and
evaluation, especially for large models with numerous layers. The memory and pro-
cessing power requirements of CNNs can be substantial, but advancements in hard-
ware and software, along with techniques like model pruning, quantization, and com-
pression, have mitigated these challenges.

It’s important to recognize that CNNs might not be the optimal choice for every
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task. Tasks involving data with different structures, such as graphs or trees, may
benefit more from other neural network types like graph neural networks or recur-
sive neural networks. Similarly, tasks requiring reasoning over symbolic or logical
representations might find better-suited models in rule-based or logic-based systems.
Therefore, careful consideration of the task’s specific requirements is essential when

selecting an appropriate model architecture [63].

Layers of CNNs

A Convolutional Neural Network typically comprises, more specifically, several spe-

cialized layers, each contributing uniquely to the network’s functionality:

e Convolutional Layer: The convolutional layer (ConvLayer) serves as the fun-
damental unit in a CNN [83], constituting its core building block. In operation,
this layer conducts a convolution operation on the input image utilizing a set
of learnable filters. These filters, represented by small matrices, traverse the
input image, performing a dot product with a small region of the input at each
step. The outcome of this process is a collection of feature maps that effectively
represent distinct features present in the input image. By leveraging these learn-
able filters, the convolutional layer excels at capturing intricate patterns and
features, making it a pivotal element in the success of Convolutional Neural

Networks for image-related tasks.

e Pooling Layer: The pooling layer (PoolLayer) plays a crucial role in diminish-
ing the spatial dimensions of the feature maps generated by the convolutional

layer [39]. Operating independently on each feature map, this layer achieves



2.2. CONVOLUTIONAL NEURAL NETWORKS 21

downsampling by either extracting the maximum or average value from non-
overlapping regions. The primary objectives of pooling are twofold: first, it
contributes to lowering the computational complexity of the network, and sec-
ond, it enhances the network’s resilience to minor translations in the input
image. By strategically reducing the spatial resolution while retaining essential
features, the pooling layer aids in creating a more computationally efficient and
robust Convolutional Neural Network, particularly beneficial for image-related

tasks.

e Activation Layer: The activation layer serves a critical role by applying a
non-linear activation function to the output of the preceding layer [31]. This
introduction of non-linearity is pivotal as it empowers the network to learn and
represent more complex features. Without non-linear activation functions, the
network’s ability to capture intricate patterns and relationships within the data
would be severely limited. By incorporating non-linearities, such as Rectified
Linear Unit ! or sigmoid functions, the activation layer enables the Convolu-
tional Neural Network to surpass the representational capacity of linear models.
This non-linear transformation is fundamental for the network’s capability to
discern and comprehend intricate structures and patterns in the input data,

essential for tasks like image recognition and classification.

e Batch Normalization Layer: The batch normalization layer plays a crucial
role in the normalization of the output from the preceding layer [113]. This nor-
malization process involves subtracting the mean and dividing by the standard

deviation of the batch. By doing so, the batch normalization layer addresses

ReLU
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the issue of internal covariate shift, contributing to enhanced convergence in the
network. Internal covariate shift refers to the undesirable fluctuation in the dis-
tribution of internal activations during the training process, which can impede
the convergence of the model. The batch normalization layer mitigates this
problem by ensuring a more stable distribution of activations, thereby facilitat-
ing more efficient and faster training. Overall, batch normalization is a pivotal
technique in improving the training dynamics and performance of Convolutional

Neural Networks.

e Dropout Layer: The dropout layer is a crucial element in preventing over-
fitting during the training of a neural network [31]. Its primary function is to
randomly deactivate a percentage of neurons in the preceding layer during the
training process. By doing so, the dropout layer introduces an element of ran-
domness and variability into the network, preventing the model from becoming
overly reliant on specific neurons. This stochastic dropout mechanism forces
the network to learn more robust and generalized features, enhancing its ability
to make accurate predictions on unseen data. Overfitting occurs when a model
learns the training data too well, including its noise and fluctuations, leading
to reduced performance on new, unseen data. The dropout layer acts as a reg-
ularization technique, promoting the creation of a more resilient and adaptable

neural network, ultimately improving its overall generalization capabilities.

e Fully Connected Layer: The fully connected layer is a fundamental compo-
nent of a neural network, representing a traditional layer where each neuron is
connected to every neuron in the preceding and subsequent layers [120]. Also

known as a dense layer, its purpose is to consolidate and integrate the features



2.2. CONVOLUTIONAL NEURAL NETWORKS 23

learned in the earlier layers to generate a final output. Typically situated at the
end of the network, the fully connected layer transforms the high-dimensional
feature representations into a probability vector or a set of scores corresponding
to different classes in the dataset. During training, the network adjusts the
weights associated with each connection through backpropagation, optimizing
them to minimize the difference between predicted and actual outputs. This
process enables the fully connected layer to capture complex relationships within

the data and produce a meaningful and contextually relevant final prediction.

The various layers within a CNN collectively work to acquire and extract features
from input images, culminating in the production of precise predictions or classi-
fications. A nuanced comprehension of each layer’s role empowers researchers and
practitioners to devise more potent CNN architectures tailored to a broad spectrum

of computer vision applications [70].

Convolution Operation

The convolution operation (ConvOpt) is a prevalent mathematical procedure exten-
sively applied in signal processing, image processing, and computer vision [73]. Its
primary function is to amalgamate two signals or functions, generating a third signal
that signifies the impact of one signal upon the other, proportionally weighted by the
shape of the latter. In the realm of computer vision, convolution serves the purpose
of feature extraction from images through the utilization of Convolutional Neural
Networks.

In the domain of computer vision, the convolution operation is instrumental for
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feature extraction from images through the utilization of Convolutional Neural Net-
works. The ConvOpt, a foundational process in CNNs, entails sliding a filter or kernel
across an input image, computing the dot product at each position, and thereby gen-
erating an output feature map.

The ConvOpt is executed independently for each channel of the input image, and
the resultant feature maps are amalgamated to constitute the output. The filter size
is a pivotal parameter determining the receptive field’s dimensions, influencing the
output at a given position. The stride dictates the spacing between adjacent filter
positions, and the degree of zero padding around the input image can be tuned to
regulate the output feature map’s size and resolution.

Several methods, including the direct method, Fourier method, and fast Fourier
transform (FFT) method, can perform the ConvOpt [60]. While the direct method
is the most straightforward, it may be computationally demanding for extensive in-
put volumes and filters. In contrast, the Fourier methods leverage the convolution
theorem, indicating that spatial convolution is equivalent to frequency domain mul-
tiplication, thereby accelerating the operation. In summary, convolution is a math-
ematical process merging two signals or functions to produce a third, representing
the influence of one signal on the other. In computer vision, convolution leverages
CNNs for feature extraction, involving filter sliding and dot product computation to
generate an output feature map. Adjustable parameters like filter size, stride, and
zero padding impact the output’s size and resolution. The convolution operation can
be conducted through various methods, and the choice of activation function holds

significance.
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Feature Maps

In the realm of Convolutional Neural Networks, a feature map (FeatureMap) stands as
a pivotal element, signifying the output of a convolutional layer [56]. The FeatureMap
is a two-dimensional array that mirrors the extent to which local regions of the input
image align with the filters applied to them. Each element within the FeatureMap
corresponds to the activation of a neuron in the layer, encapsulating a specific facet
of the input image.

The computation of the FeatureMap involves convolving a set of filters with the
input image. Fach filter generates a single-channel FeatureMap that accentuates a
distinct feature or pattern within the input image. Collating the FeatureMap pro-
duced by various filters in the same layer results in a multi-channel FeatureMap,
encompassing diverse aspects of the input image.

The computation of a Feature Map entails the systematic movement of a filter
across the input image, calculating the dot product between the filter and the corre-
sponding local region of the input at each position. The accumulated values undergo
summation and pass through an activation function, ultimately yielding the con-
clusive values of the FeatureMap. This iterative process is replicated for each filter
within the layer, resulting in a collection of FeatureMap that collectively encapsulates
diverse aspects of the input image.

In essence, the Feature Map proves to be a potent mechanism within Convolutional
Neural Networks, empowering them to discern and encapsulate pivotal features from
the input image. This capability positions CNNs to proficiently execute an extensive

array of visual recognition tasks.
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Activation Functions

Activation functions (ActivFuncs) play a vital role in Convolutional Neural Networks
by introducing non-linearity into the model [30,43]. This non-linearity is essential
as it allows the model to capture the complex, non-linear behavior exhibited by
many real-world phenomena. A model relying solely on linear operations may fall
short in accurately representing such phenomena. Therefore, ActivFuncs enhance the
expressiveness of CNNs, enabling them to model a broader spectrum of functions.

Figure 2.3 indicates commonly employed ActivFuncs in CNNs, encompassing the
rectified linear unit (ReLU), the sigmoid function, and the hyperbolic tangent (tanh)
function. Notably, ReLLU stands out as the most prevalent ActivFunc in contemporary
CNNs due to its simplicity and efficacy in mitigating the vanishing gradient problem
during training.

Mathematically, the ReLU ActivFunc is defined as:

Relu(z) = maxz(0, z) (2.1)

where z is the input to the neuron. This function returns the maximum of 0 and z,
effectively “turning off” any negative values and leaving positive values unchanged.
This simple nonlinear function allows for better learning of complex features in CNNs
and helps to prevent the saturation of neurons during training.

The sigmoid function, on the other hand, is defined as:

o(z) = (2.2)

where z is the input to the neuron. The sigmoid function has a characteristic S-shape
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Figure 2.3: Commonly Used CNN Activation Functions and Derivatives

and maps any real number to a value between 0 and 1, making it a good choice
for binary classification problems. However, it suffers from the vanishing gradient
problem when used in deep neural networks due to its saturating nature, which can
slow down the training process.

The hyperbolic tangent (tanh) function is also similar to the sigmoid function,

but maps any real number to a value between —1 and 1:

ef—eF 1l—e %
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tanh(z) = (2.3)

It is also a non-linear function that is useful for introducing non-linearity into the
model. However, like the sigmoid function, it can suffer from the vanishing gradient

problem in deep neural networks.
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Beyond the commonly used Activation Functions, additional functions, like the
softmax function, play critical roles in Convolutional Neural Networks. The softmax
function, specifically employed in the output layer of CNNs for multi-class classifi-
cation problems, transforms the last layer’s output into a probability distribution
across classes. This characteristic makes it particularly suitable for tasks involving
probability-based classification.

Softmax function is a multi-class single-label classification:

0(z) = —=—— fori=12,.. K (2.4)

The selection of ActivFuncs in CNNs significantly influences model performance
and convergence. Each function possesses distinct strengths and weaknesses. Con-
sequently, choosing the appropriate function tailored to the specific task is a crucial

aspect of designing a successful CNN.

Padding, Stride, and Filters

In Convolutional Neural Networks, the parameters of padding, stride, and filters
play a pivotal role in shaping the size and resolution of the output feature maps.
These parameters are instrumental in controlling the information retained in the
FeatureMaps and hold significant sway over the network’s performance.

Padding entails the addition of extra rows and columns of zeros around the input
image before applying filters. This step helps maintain the spatial dimensions of the
image as it traverses through the convolutional layers. Padding is often utilized to
ensure that the output FeatureMaps possess the same spatial dimensions as the input

image or to regulate the size of the output FeatureMaps.



2.2. CONVOLUTIONAL NEURAL NETWORKS 29

Stride represents another crucial parameter in CNNs, determining the distance
between adjacent filter positions as the filter slides over the input image. The ad-
justment of stride allows control over the resolution of the output FeatureMaps. A
larger stride yields a lower-resolution output FeatureMap, whereas a smaller stride
produces a higher-resolution output FeatureMap.

Filters, essential in Convolutional Neural Networks, are small matrices applied to
the input image to generate the FeatureMap. These filters undergo learning during
the training process, with their values updated through backpropagation. The size of
the filter stands out as a crucial parameter influencing the size and intricacy of the
features it can capture. Larger filters possess the capability to capture more complex
features but come with increased computational demands and a higher susceptibility
to overfitting.

The dimensions of the output FeatureMap hinge on various factors, including the
size of the input image, the size of the filter, the stride, and the amount of padding.

The calculation of the output FeatureMap size follows a specific formula:

W —F+2P
S

+1 (2.5)
where W is the width (or height) of the input image, F is the width (or height) of the
filter, P is the amount of padding, and S is the stride. This formula gives the number
of positions where the filter can be applied to the input image to produce the output
FeatureMap.

Tailoring the padding, stride, and filter size is a pivotal aspect of crafting a CNN

architecture capable of adeptly capturing input image features and generating high-

quality FeatureMaps. These parameters offer a level of adaptability in designing
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convolutional layers, enabling customization based on the specific task at hand. For
instance, a network geared towards image classification might employ larger filters
and smaller strides to capture intricate features, while a network designed for object
detection could opt for smaller filters and larger strides to streamline computation
and expedite the detection process [(3].

In essence, comprehending the significance of padding, stride, and filters in CNNs
is imperative for devising neural network architectures that effectively discern and

categorize intricate visual patterns in images and other signal data.

2.3 COVID-19 Detection-Related Work

In this section, literature reviews are provided about COVID-19 detection, particu-
larly Binary classification problem, either through CT or X-ray medical images, by
applying Al techniques.

This section is structured into two primary categories: COVID-19 detection through
X-ray images and COVID-19 detection through CT images. Notably, two additional
categories, COVID-19 detection through Ultrasound images and multi-modal images,
are not addressed in this research.

The organization of the review is further delineated based on two key factors: the
type of classification employed and the corresponding accuracy percentage. Papers
are categorized based on whether they undertake a binary classification resulting in
an accuracy of more than 90% or a binary classification yielding an accuracy of less
than 90%. This classification scheme provides a systematic approach to evaluating
and comparing the efficacy of different methodologies in the context of COVID-19

detection using X-ray and CT images [59].
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2.3.1 COVID-19 detection in X-Ray Images
Accuracy less than 90%

Hemdan et al. [16] developed the COVIDX-Net framework for COVID-19 detec-
tion, employing seven CNN architectures, including VGG19 and DenseNet-201, which
demonstrated the highest accuracy in classification with F1-scores of 0.89 and 0.91 for
normal and COVID-19 cases, respectively. Their dataset comprised 50 X-ray images
evenly split between normal and COVID-19 cases.

Catak et al. [98] introduced five deep CNN techniques, including VGG16, VGG19,
ResNet, DenseNet, and InceptionV3, for identifying COVID-19 from X-ray images.
VGG16 achieved the highest accuracy at 80%, utilizing a dataset with 50 COVID-19
patients and 50 non-COVID-19 patients in the training phase, and 20 cases each of
COVID-19 and non-COVID-19 in the testing phase.

Horry et al. [17] developed pre-trained models, including Xception, VGG16, VGG19,
Inception v3, and ResNet-50, achieving the highest precision of 83% with VGG19 for
COVID-19 detection from a dataset of 115 COVID-19 images.

Haghanifar et al. [12] created the CheXNet model based on Xception, DenseNet,
EfficientNet-B7, and ResNet, achieving an overall accuracy of 87.88% for classifying
X-ray images into COVID-19, CAP, and normal categories. Their extensive dataset
included 1326 COVID-19 images, 5000 normal images, and 4600 CAP images.

Accuracy more than 90%

Ozturk et al. [82] developed an automatic COVID-19 detection model from X-ray
images, utilizing a CNN with 17 convolution layers and incorporating both binary

(COVID vs. no findings) and multi-class classification (COVID vs. no findings vs.
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pneumonia). Employing the YOLO (You Only Look Once) object detection system,
the model achieved an impressive accuracy of 98.08% for binary classification and
87.02% for multi-classification.

Apostolopoulos & Mpesiana [15] proposed the use of VGG19 for COVID-19 detec-
tion in chest X-ray images, achieving an accuracy of 93.48% for binary classification
and 98.75% for multi-classification. The dataset encompassed 700 pneumonia, 504
normal, and 224 COVID-19 X-ray images.

Another article, Minaee et al. [75] introduced the DeepCOVID model, utilizing
5071 X-ray images to distinguish COVID-19 from other lung pneumonia. Trained
through four CNNs;, including ResNet-50, DenseNet-191, and SqueezeNet, the model
generated a heatmap to identify COVID-19-infected regions. SqueezeNet demon-
strated the highest performance, achieving 95.6% specificity and 100% sensitivity.
Moving on, Narin et al. [78] developed CNN models for three datasets, with ResNet-
50 achieving the highest accuracy of 96.1%, 99.5%, and 99.7% for respective datasets.
Singh et al. [101] devised a CNN and Multi-Objective Differential Evaluation (MODE)
classifier-based detection model, achieving an accuracy of 94.65% by extracting es-
sential information through clustering and statistical approaches. Pandit et al. [31]
proposed a DCNN model for COVID-19 detection, achieving an accuracy of 93%.

In the other prior art, Zhang et al. [122] developed a deep anomaly model for
COVID-19 screening through X-ray images, achieving 96% accuracy for COVID-19
cases and 70.65% for non-COVID-19 cases. However, the study acknowledged limita-
tions in false positive rates and missed COVID-19 cases. Transitioning to Alqudah et
al. [13], they introduced a COVID-19 identification model based on Support Vector

Machine (SVM), Random Forest (RF), and CNN. While SVM exhibited less time
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consumption, CNN achieved 95.2% accuracy in the test stage. Finally, Hossain et
al. [18] applied ResNet50 with various pre-trained weights to 7262 X-ray images,
achieving impressive scores of 99.17%, 99.31%, and 99.03% for accuracy, precision,
and sensitivity, respectively.

In conclusion, the extensive review of literature on COVID-19 detection models in
chest X-ray images underscores the critical advancements and implications for med-
ical diagnostic imaging and the ongoing battle against the pandemic. The reviewed
studies have demonstrated the potential of deep learning techniques, especially con-
volutional neural networks (CNNs), in accurately identifying COVID-19 from X-ray
images. The research on binary classification models for COVID-19 detection in chest
X-ray images has yielded diverse outcomes. Several studies, such as those by Hem-
dan et al., Catak et al., Horry et al., and Haghanifar et al., have demonstrated the
development and application of various CNN architectures for COVID-19 detection,
achieving accuracies below 90%. Conversely, research by Ozturk et al., Apostolopou-
los & Mpesiana, Minaee et al., Narin et al., Singh et al., Pandit et al., Zhang et al.,
Alqudah et al., and Hossain et al. has showcased the successful implementation of
CNN models with accuracies exceeding 90%. These findings underscore the potential
of deep learning techniques in accurately identifying COVID-19 from X-ray images,
paving the way for enhanced diagnostic capabilities in the context of the ongoing

pandemic [59].



2.3. COVID-19 DETECTION-RELATED WORK 34

2.3.2 COVID-19 detection in CT-Scan Images
Accuracy less than 90%

Shah et al. [99] developed the CT-Net10 model for classifying CT-scan images into
COVID-19 or non-COVID-19 categories, achieving an overall accuracy of 82.1%. Em-
ploying various models such as VGG16, ResNet-50, Inception V3, DenseNet, and
VGG19, VGG19 emerged as the superior model, attaining an accuracy of 95.52%.
The dataset comprised 738 CT-scan images, including 349 COVID-19 images from
216 patients.

Shuai Wang et al. [112] employed a DL model to investigate radiographic changes
in C'T images, utilizing the adjusted inception transfer learning technique on 1065 CT
images. The model yielded an accuracy of 89.5% and a sensitivity of 0.87. However,
challenges such as poor signal-to-noise ratio, complicated data integration, a small
training dataset, and the presence of numerous variable objects affected the efficiency
of DL. Future work aims to enhance diagnosis through multi-modeling analysis of
clinical information and genetic features linked with CT image hierarchical features.

Following my exploration, Amyar et al. [I1] developed a multitask DL model for
COVID-19 detection from chest CT images, determining disease severity through seg-
mentation of the infected region and making a reconstruction. The dataset, sourced
from multiple hospitals, included 1369 CT images and achieved an accuracy of 86%
and an Area Under the Curve (AUC) of 0.93. Xiong et al. [19] applied an Al-based
system to distinguish COVID-19 from other pneumonia, segmenting chest CT images
based on HU with a 320-thresholding value. The segmented region was then input to
the EfficientNet B4 deep neural network, achieving an accuracy of 87% and an AUC
of 0.90 on a dataset comprising 512 COVID-19 CT images and 665 non-COVID-19
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pneumonia images.

Accuracy more than 90%

Wang et al. [1141] developed the Decov Net framework based on Unet and CNN to
detect COVID-19 from CT images. The model utilized Unet for lung segmentation
and DNN to predict COVID-19 infection probability, achieving 90.9% accuracy and
95.9% AUC (Area Under the Curve) on a dataset containing 219 non-COVID and 313
COVID-19 CT images. Despite some limitations, including imperfect Unet training
and a single-hospital dataset, the study demonstrated promising results.

Do and Vu [32] explored various transfer learning models for COVID-19 detection
in CT-scan images, with DenseNet-201 exhibiting the highest accuracy of 85% and
recall of 91%. Future work aims to investigate stacking multiple architectures and
integrating different imaging modalities into a single model. In a similar vein, Attallah
et al. [18] developed a CAD system based on multiple CNNs, achieving 94.7% accuracy
and 0.98 AUC on a dataset comprising 347 COVID and 347 non-COVID CT images.
Challenges included the need for a larger training dataset and limited support for
segmentation techniques beyond lung differentiation.

Meanwhile, Gozes et al. [10] introduced an automated analysis tool for COVID-19
progress tracking, achieving 98.2% sensitivity and 92.2% specificity on 157 patients’
CT images. Shan et al. [I01] proposed VB-Net for quantification and segmentation
of COVID-19-infected regions, achieving a 91.6% Dice similarity coefficient and 0.3%
mean Point Of Interest (POI) estimation error. However, limitations included a
single-center dataset, and the system only quantified COVID-19 infection. Chen et

al. [22] utilized UNet++ and pre-trained ResNet-50 to distinguish COVID-19 from
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other pneumonia, achieving 100% sensitivity and 95.2% accuracy on a large dataset
of 20,886 CT images. Jin et al. [57] developed an Al system based on ResNet-50 and
3D Unet++ for COVID-19 detection, achieving 94.8% accuracy and 97.4% sensitivity
on a dataset from five different centers.

Similarly, Abbasian Ardakani et al. [7] created COVIDag, a CAD system us-
ing various classifiers, achieving a 96.5% AUC. Future work involves developing a
model to estimate the severity of COVID-19 infection. Afify et al. [9] developed a
CAD system based on 200 CT-scan images, utilizing lung segmentation and genetic
algorithm-based feature selection. KNN achieved 100% accuracy, while the decision
tree achieved 95%. Saeedi et al. [97] designed an online CAD system using DenseNet-
121, achieving 90.61% accuracy and 90.80% recall on a dataset of 349 COVID-19 and
397 non-COVID-19 patients.

Ardakani et al. [10] created a CAD system based on ten pre-trained convolution
layers, achieving 100% sensitivity for ResNet-101 and 98.04% for Xception. ACAR et
al. [3] developed a CAD system using CT images with a low dose and CNN methods,
reaching 99.5% accuracy and sensitivity for COVID-19 detection. Swapnarekha et
al. [106] applied ResNet-50 V2 and DenseNet-201, achieving high accuracy, specificity,
and sensitivity. Mete et al. [80] employed various deep-learning approaches, with
SVM and ResNet-50 showing the highest performance with 96.29% accuracy, 95.86%
Fl-score, and 0.9821 AUC. Kogilavan et al. [(1] proposed different deep learning
models, with VGG16 achieving the best performance with 97.68% accuracy on 3873
CT images.

In conclusion, the comprehensive analysis of the literature on binary classification

models for COVID-19 detection in CT-scan images reveals significant advancements
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and implications for the field of medical imaging and disease diagnosis. The reviewed
studies have demonstrated the potential of deep learning techniques, particularly
convolutional neural networks (CNNs), in accurately distinguishing COVID-19 from
non-COVID-19 cases in CT-scan images. The findings underscore the potential of
deep learning techniques in accurately identifying COVID-19 from CT-scan images,
paving the way for enhanced diagnostic capabilities and improved disease surveillance

in the context of the ongoing pandemic [59)].
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Chapter 3

Model Development

This chapter introduces the components of developing the computational model, in-
cluding the CNN architectures for model selection, as well as optimizing the trainable
hyperparameters in each model using the automatic optimization method.

Achieving optimal model performance necessitates a comprehensive grasp of the
problem, insights into data transformation and enrichment, and understanding of
the development steps. This knowledge is pivotal for determining the most effective
preprocessing techniques. The design of proposing any optimal computational model
involves different considerations that need careful consideration at each step to achieve
better classification accuracy on average.

In various studies, researchers leverage DL algorithms, particularly Convolutional
Neural Networks, a subset of Artificial Neural Networks (ANNs). Comprising four
types of layers—convolution, pooling, fully linked, and non-linearity—CNNs enhance
pattern recognition and image classification [11]. Researchers exploring novel coron-
avirus detection have employed diverse CNN architectures, including Visual Geometry
Group (VGG), Residual Convolution Neural Network (ResNet), and Dense Convo-

lution Network (DenseNet). However, the choice of CNN architectures is tailored to
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the dataset’s size and their characteristics.

Figure 3.1 visually illustrates the overall procedure of obtaining an optimized
model for Image classification grounded in Deep Learning (DL), emphasizing the
integration of advanced neural network architectures in the diagnostic framework. In
this figure, the model can be optimized by fine-tuning the hyperparameters during

the model evaluation through a certain number of iterations.

————— e X-Ray Images

Normalization, Augmentation,

Data Pre- Image pre-processing
techniques

processing

Pre-trained or other CNN
Models

Binary or Multi-class

Classification Classification

Accuracy, Sensitivity,
Performance Specificity, Recall, F1-score
Metrics

Figure 3.1: The basic architecture of model development for image classification task

3.1 Convolutional Neural Networks

Deep Learning algorithms surpass classical machine learning algorithms in some as-
pects, particularly when handling extensive datasets and raw images. DL excels at

extracting knowledge and information even without the necessity for preprocessing,
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enhancement, or segmentation of images. This capability extends to image analy-
sis, where DL algorithms demonstrate notable enhancements [69]. Their application
extends to disease detection, notably in areas like identifying COVID-19 and diag-
nosing retinal diseases affecting the iris and delicate nerves, potentially leading to
blindness [25]. The proficiency of DL algorithms in processing vast and unprocessed
data underscores their efficacy in complex tasks, making them pivotal in advancing

medical diagnostics and image-based analyses.

3.1.1 Selection of CNN Models

In recent times, CNN architectures have shown superior performance in complex
tasks, particularly in medical image analysis. The most popular models include the
following, with further details of their structure provided in Appendix A, Chapter
A2

LeNet

LeNet, created by Yann L.C. et al. in 1998, stands as one of the initial CNN designs,
specifically devised for handwritten digit recognition. The LeNet structure comprises
two convolution layers succeeded by two fully connected layers. These convolution
layers employ diminutive filters and pooling layers to extract features from the input
image. The fully connected layers, utilizing softmax activation, produce a probability

distribution across potential classes [55].
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AlexNet

AlexNet, created by Alex Krizhevsky, represents an evolution from LeNet, featuring
increased depth with additional filters, stacked convolution layers, dropout, and max
pooling. In 2012, AlexNet achieved a remarkable 17% top-five error rate and secured
victory in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) contest,
an annual competition held from 2010 to 2017 [64]. Researchers commonly leverage
AlexNet in COVID-19 detection efforts to address the challenge of overfitting. Over-
fitting occurs when deep learning models exhibit higher accuracy on training data

compared to testing data, and AlexNet proves effective in mitigating this issue.

GooglLeNet

GooglLeNet surpasses AlexNet in depth, boasting 22 or 27 layers when considering
pooling layers. In 2014, GoogleNet achieved a remarkable victory in the ILSVRC
contest with a 6.67% top-five error rate. A pivotal element of GoogLeNet is the in-
ception module (IM), functioning as a miniature network capable of learning spatial
and cross-channel correlations. The IM offers several advantages, including enabling
the training of significantly deeper models with ten times fewer learnable parameters.
The IM’s output features fewer maps than its input, effectively reducing dimension-
ality. Moreover, the IM excels in capturing intricate patterns at various scales within

both spatial and depth dimensions [107].
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VGGNet

VGGNet, with its 19 convolution layers, achieved a notable 7.3% top-five error rate in
the 2014 ILSVRC contest. Unlike AlexNet, VGGNet embraces architectural simplic-
ity, featuring three fully connected layers. Developed by the Visual Geometry Group
at Oxford University, VGGNet’s straightforward design contributes to its widespread
adoption in various domains. Despite its simplicity, VGGNet employs three times
as many parameters as AlexNet. The architecture serves as a foundation for ad-
vanced object identification models and outperforms baselines across diverse tasks
and datasets beyond ImageNet. VGGNet’s enduring popularity persists as one of the

most utilized image recognition architectures [103].

ResNet

ResNet, the winner of the 2015 ILSVRC contest with 152 layers, introduced a rev-
olutionary residual module featuring a standard layer and a skip connection. This
unique architecture achieved a remarkable 3.6% top-five error rate. The skip connec-
tion, linking the input signal of a layer to its output, facilitates the traversal of the
input signal across the network. Residual Units (RUs) empowered the training of an
exceptionally deep 152-layer model. A block is formed by connecting layer activations
to subsequent layers, and these building blocks are stacked to construct ResNets. The
skip link’s advantage lies in regularization, as it skips any layer detrimental to archi-
tecture performance, enabling the training of extremely deep neural networks without

grappling with issues like vanishing or exploding gradients [11].
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Inception

Inception, initially introduced by Google in 2014 as Inception V1, revolutionized im-
age model blocks by simulating an optimal local sparse structure in CNNs. This
architecture strategically employs numerous filters of different sizes on the same level
to mitigate data overfitting and address computational expense issues. Unlike tra-
ditional approaches using a single filter size, Inception combines multiple filter sizes
into a unified image block before passing it to the subsequent layer. This innovative
design enhances the model’s ability to capture diverse features within the input data,

contributing to its effectiveness in various computer vision tasks [35].

Xception

Xception, a creation of the Google team, is designed with depth-wise separable convo-
lutions, earning its name from ”extreme Inception.” Considered as an interpretation
of Inception modules, Xception comprises three main structures: entry flow, middle
flow, and exit flow. These structures consist of 14 modules each, totaling 36 convo-
lution layers. The entry flow and the middle flow (repeated eight times) guide the
data through the initial processing steps. Notably, batch normalization is applied
after both the convolution and separable convolution layers in Xception, reflecting its

emphasis on optimizing network performance [35].

MobileNet

MobileNet stands out as a widely embraced CNN-based model for image classifica-
tion, particularly for its suitability in resource-constrained environments. The ar-

chitecture’s key advantage lies in its significantly reduced computational demands
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compared to conventional CNN models, making it particularly well-suited for de-
ployment on mobile devices and computers with limited processing power. Featuring
depth-wise separable convolution layers and ReLLU non-linearity, MobileNet concludes
with a fully connected layer followed by the SoftMax classification layer. This de-
sign introduces a valuable trade-off between latency and precision, allowing model
builders to select an appropriate model size based on their application needs while

accommodating computational constraints [19, 71].

DenseNet

DenseNet emerges as a distinctive convolutional neural network, boasting a notewor-
thy top-five error rate of 6.12%, all the while being more computationally efficient
than other leading CNN architectures like ResNet. The key innovation lies in the in-
corporation of Dense Blocks, establishing direct connections between all layers when
their FeatureMap sizes align. This novel approach enables dense connections, wherein
each layer receives additional inputs from all preceding layers and forwards its own
FeatureMaps to subsequent layers. In contrast to conventional CNN architectures
with L connections between L layers, DenseNet boasts L(L + 1)/2-layer connections.
Leveraging the FeatureMaps of all preceding layers as inputs and propagating its own
FeatureMaps to subsequent layers, DenseNet overcomes challenges such as vanish-
ing gradients, enhances feature propagation, encourages feature reuse, and achieves

notable parameter reduction [50].
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WideResNet

Wide Residual Networks (WideResNet) are a variation of the original Residual Net-
works (ResNet) that address the problem of diminishing feature reuse in deep net-
works. Introduced by Sergey Zagoruyko and Nikos Komodakis in their 2016 paper
”Wide Residual Networks” [121]. WideResNet modifies the original ResNet architec-
ture by increasing the width of residual blocks, which means adding more filters in

each convolutional layer, while simultaneously reducing the depth (number of layers).

SqueezeNet

SqueezeNet, proposed by landola et al. [52], is a compact CNN architecture that
achieves AlexNet-level accuracy on ImageNet while using 50 times fewer parame-
ters. By employing model compression techniques, the authors successfully reduced
SqueezeNet’s size to less than 0.5MB, making it highly popular for applications re-

quiring lightweight models.

3.1.2 The Choice of Hyperparameters

The key trainable hyperparameters in CNN models have selected based on the differ-
ent concepts to be fine-tuned during the model evaluation, including regularization,
batch normalization, backpropagation, and gradient optimizers, with detaled mathe-

matical definition provided in Appendix A, Chapter A.1.

Regularization Techniques

To prevent overfitting in neural networks, regularization techniques are employed.

Overfitting occurs when a model performs well on the training data but poorly on
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new, unseen data. These techniques involve adding a penalty term to the LossFunc,

encouraging the model to possess simpler weights or reduce the magnitude of the

weights [111].

Various regularization techniques are commonly used, and some of them include:

L1 regularization: adds a penalty to the LossFunc that is proportional to the
absolute value of the weights. This encourages the model to have sparse weights

and can potentially lead to feature selection [115].

L2 regularization: adds a penalty to the LossFunc that is proportional to the
square of the weights. This encourages the model to have small weights and

aids in preventing overfitting [04].

Dropout: is a regularization technique that involves randomly dropping out
some neurons in the network during training. This prevents the model from
relying too heavily on any specific feature and can enhance generalization per-

formance [123].

Early stopping: is a regularization technique that halts the training process
early based on a performance metric evaluated on a validation set. This helps
prevent the model from overfitting to the training data. The concept involves
monitoring the validation loss or accuracy throughout training and terminating

the training process when the validation performance ceases to improve [67].

Table 3.1 summarizes commonly utilized regularization techniques for preventing

models from overfitting in neural networks [63].
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Regularization

Technique Description

Imposes a penalty on the loss function proportional to the absolute

0 larizati .
regularization value of the weights

Imposes a penalty on the loss function proportional to the square

L2 regularization of the weights

Randomly drops some neurons during training to avoid over-

Dropout . . o
p reliance on any single feature and enhance generalization

Terminates the training process early based on validation set per-

Earl i . . .
arly stopping formance metrics to prevent overfitting to the training data

Table 3.1: Comparison of Regularization Techniques

Batch Normalization

Normalization layers are crucial in deep network training, and among the prominent
normalization techniques, batch normalization (BN) has proven effective in enhanc-
ing model training speed and generalization capability [54]. The success of BN is
attributed to various factors, including the reduction of internal covariate shift, en-
abling the use of larger learning rates, and smoothing the optimization landscape.

In Deep Neural Network (DNN) training, a crucial aspect is normalizing the train-
ing data and intermediate features. The normalization of input data is known to
expedite training. Batch normalization, a widely employed technique, extends this
concept to intermediate layers within a deep network by normalizing samples in a
mini-batch during training. BN has demonstrated its ability to accelerate training
speed, facilitate the use of larger learning rates, and enhance model generalization
accuracy. As a result, BN has become a fundamental component in popular network
architectures like ResNet and DenseNet.

In addition to its role in accelerating convergence, batch normalization offers a
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regularization capability. Due to the updating of sample mean and variance on mini-
batches during training, these values are not precise. Consequently, BN introduces
a degree of noise, akin to the effect of dropout. This noise contributes to enhancing
the generalization capability of the trained model.

While batch normalization has demonstrated significant improvements in terms
of enhancing training speed and model generalization across various applications, it
faces challenges with small batch sizes. In such cases, the sample mean and variance
might deviate significantly from those of the entire population, impacting BN’s effec-
tiveness. To mitigate this issue, batch renormalization (BReN) was introduced [53],
constraining the range of estimated mean and variance within a batch. However, the
practical application of BReN is hindered by the difficulty in tuning its hyperparam-

eters, limiting its versatility across different tasks.

Back Propagation

Backpropagation is an algorithm that effectively calculates the LossFunc’s gradients
concerning a neural network’s weights and biases. This method involves propagating
the error from the OutLayer back through the network and determining the deriva-
tive of the LossFunc with regard to each parameter using the chain rule of calculus.
Backpropagation is typically combined with an optimization algorithm to iteratively
update the weights and biases of the network during the training process [28,91].
Mathematically, the backpropagation algorithm can be represented as following

steps:

1. Compute the output of the network for a given input.

2. Compute the error between the predicted output and the true output.
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3. Compute the gradient of the LossFunc concerning the network output.
4. Use the chain rule to compute the gradient of the LossFunc concerning the

weights and biases of each layer in the network:

oL oL 9z
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where L is the LossFunc, wz(lj) is the weight connecting neuron i in layer 1 — 1 to
neuron j in layer I, bgl) is the bias of neuron i in layer 1, and zl-(l) is the weighted
sum of the inputs to neuron i in layer 1.

5. Update the weights and biases of the network using an optimization algorithm.

6. Repeat steps 1-5 for each training example.

7. Repeat steps 1-6 for a fixed number of epochs or until convergence.

Optimization Algorithms

Optimization algorithms play a crucial role in adjusting the weights and biases of a
neural network during training, aiming to minimize the LossFunc [79,117]. Among the
widely used optimization algorithms, stochastic gradient descent (SGD) is prevalent.
SGD updates the weights and biases incrementally, taking small steps determined by
the gradient of the LossFunc concerning these parameters.

Other optimization algorithms are as follows:

e Momentum: This algorithm adds a momentum term to the gradient update,

which helps to smooth out the updates and accelerate convergence.
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e AdaGrad: is an optimization algorithm that dynamically adjusts the learning

rate for each weight based on the magnitude of the gradients observed dur-

ing training. This adaptive learning rate facilitates faster convergence on flat

directions and slower convergence on steep directions.

e RMSProp: is an optimization algorithm that incorporates a moving average of

the squared gradients to dynamically adjust the learning rate for each weight.

This adaptation aids in preventing the learning rate from becoming excessively

large.

e Adam: is an optimization algorithm that integrates concepts from both mo-

mentum and AdaGrad, resulting in an adaptive learning rate approach suitable

for a broad spectrum of neural networks.

Table 3.2 summarizes the optimization algorithms that are commonly used to

update the weights and biases of neural networks during training in order to minimize

the loss function [

.

Optimization .

Algorithm Description

SGD Adjusts weights and biases according to the gradient of the loss
function

Momentum Incorporates a momentum term to smooth updates and speed up
convergence

AdaGrad Modifies the_ learning rate for each weight based on the magnitude
of past gradients

RMSProp Utilizes a moving average of squared gradients to adjust the learning
rate for each weight

Adam Merges concepts from momentum and AdaGrad to form an adap-

tive learning rate algorithm

Table 3.2: Comparison of Optimization Algorithms
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3.2 Transfer Learning

Transfer Learning involves the transfer of knowledge from one network or model
to another, as illustrated in Figure 3.2. Convolutional neural networks, known for
autonomously learning to interpret images, excel at creating high-quality features.
Hence, pre-trained convolutional neural networks often serve as ideal feature extrac-
tors in many scenarios.

Leveraging pre-trained models with ImageNet weights, as demonstrated in studies
like [92], yielded acceptable heatmaps; however, the visualization was limited to only
a few images. Recognizing the constraints of small dataset sizes, it was suggested to

fine-tune models that were previously trained on similar data.

Y A

Trained on a
Large-scale Target Models
Dataset

Learn Network
Hyperparameters Transfer

Learning

employing Low-level features

Multi-Classification Train on target Dataet

V AR

Figure 3.2: Transfer Learning Workflow

3.3 Bayes Optimization

Finding the best set of hyperparameters to improve or degrade the fitness function is
one of the most challenging aspects of any Deep Learning project. This is particularly

difficult due to the wide range of available neural network topologies. Creating a
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fixed search space becomes even more challenging when considering the numerous
criteria involved. The objective of this study was to address this issue by constructing
a fitness function and a search space domain encompassing key hyperparameters
such as gradient optimization functions, the choice of model, batch normalization,
regularization, momentum, and learning rate. Noteworthy models like SqueezeNet,
COVIDNet, ResNet, DenseNet, and VGG16 have been pivotal in related studies,
showcasing the synergy between pre-trained models and hyperparameter tuning in
different dataset sizes |75, 70].

Bayesian optimization is a method employed for optimizing an objective function,
denoted as f(z) so called underlying or latent [37, 100]. This approach is handy in
situations where observations are costly, subject to noise, and there is no expression
for f(x). In such cases, the goal is to determine values that not only yield substantial
information but also minimize (or maximize) the objective function with the fewest
possible number of observations. In my case, I want to obtain the best parameter
configuration for the CNN network, given by a vector z, that obtains the smallest

error in objective f(z).

3.3.1 The Necessity

In artificial intelligence scenarios, one can consider situations like synthesizing a
molecule with specific characteristics, where each evaluation necessitates a costly real
experiment in terms of time and money. In such instances, the objective is to acquire
the optimal parameter configuration, represented by a vector x, that minimizes the
error in f(z) [116].

Therefore, the corresponding mathematical expression would be as follows:
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x* = min f(x)

where x is the input value, which minimizes the underlying function f(z), and X
is the feature space where it is being optimized. If X is chosen wrong, f(x) is not
optimized correctly. To effect this minimization, a trade-off will be made between

exploiting promising solutions and exploring unknown areas of the entry space.

Constraints:

e f is a black box for which no closed form is known;
— gradients % are not available.

e f is expensive to evaluate;

e uncertainty on observations y; of f

Goal:

find z*, while minimizing the number of evaluations f(z).

3.3.2 The Pseudocode

To strike a balance in the exploration-exploitation trade-off, the acquisition function
utilizes the mean p (x4, 1) and the covariance o(z¢,1). This enables the calculation of
the expected utility associated with observing a specific point x; +1. Hence, Bayesian
optimization is a technique that relies on predictions derived from the belief one holds

about the model. This approach yields superior results compared to simple random
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search or grid search strategies, as neither of these methods leverages the model to
guide the minimization process [116].
The Bayesian optimization pseudocode for ¢ = 1 : T sequence of trials is shown

as follows:

1. Given observations (z;,;) for ¢ = 1 : t, build a probabilistic model for the

objective f.

e Integrate all possible true functions, using Gaussian Process regression and

fit a model.

2. Re-compute minimizing the utility function v based on the posterior distribution

for sampling the next point.

e Exploit uncertainty to balance exploration against exploitation.

Ty = arg minu(x)
x

3. Sample the next observation using utility function 3,1 at xy,1.

Ultimately, the concept behind Bayesian optimization is to employ the Gaussian
Process (GP) model to compute the next best point for evaluation, determined by the
acquisition function [93]. Consequently, the problem transforms into optimizing the
acquisition function in each evaluation. The associated cost is considered negligible
compared to evaluating the objective function, as the acquisition function lacks noise

and is explicitly counted, rendering it easier to optimize.
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3.3.3 Acquisition function

Acquisition or utility function u(z) specifies which sample = should be tried next using
one of the concepts, including Probability of improvement, Expected improvement,
and Lower Confidence Bound [116]. The mathematical concept of choice of acquisition
functions provided in Appendix A, Chapter A.1.

Finally, the acquisition function that uses the lowest confidence limit (LCB) (or
the highest, upper confidence limit (UCB) if it is being maximized) is optimistic about

the variance o(x). The mathematical expression of this strategy is as follows:

LCB(x) = u(z) — ko(x) (3.2)

where kappa, k, is a constant value > 0, as I would like to minimize the objective

function.
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Chapter 4

Methodology

Transfer learning involves leveraging the knowledge gained from a pre-trained model
in a new classification task. Certain pre-trained models undergo training on millions
of images over numerous epochs, achieving high accuracy in a broad task. In my
experimentation, I specifically selected pre-trained architectures and fine-tuning, in-
cluding DenseNet, ResNet, WideResNet, and SqueezNet which were initially trained
on the ImageNet large-scale dataset [29,95,96]. The utilization of pre-trained mod-
els involves fine-tuning—training on target datasets for a limited number of epochs
rather than undertaking an extensive retraining process. It is important to note that
since ImageNet images and labels differ from my dataset, consideration should be
given to pre-trained models on similar data types for optimal performance.

The proposed methodology consists of three primary components: Data and Image
pre-processing, building CNN architectures, and the Bayesian optimizer. Within the
Bayesian optimizer methodology, three fundamental steps are involved: hyperparam-
eter selection, fitness function computation, and hyperparameter tuning. The CNN
architecture plays a crucial role in transfer learning by performing deep low-level fea-

ture extraction followed by fine-tuning, and then a classifier is applied. Additionally,
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the model employs data pre-processing techniques and enhancement of large-scale
radiography X-ray images, resulted in making non-linearities more distinguishable,
before feeding them into the model’s training.

The training and validation sets play a crucial role during the training and tuning
processes. Also, the testing data will be employed to evaluate the optimized model
which has been trained as the best model. It is important to select test data that
have the same distribution as the validation data. Following the fine-tuning of CNN
hyperparameters using the Bayesian optimizer, the optimizer selects the optimal hy-
perparameters for utilization in the testing phase.

The Bayesian function determines whether the next set of hyperparameters is
generated randomly or using the fitness model. The CNN architecture is updated
to align with the acquired hyperparameters, followed by training and validation loss
calculation. The Bayesian process is then updated to provide a more accurate estima-
tion of the objective function. This process is repeated for a total of 13 iterations and
30 epochs per each iteration, and the model with the lowest loss is selected. This out-
lines my procedural steps for tuning hyperparameters using the Bayesian-optimized
CNN model. The choice of 13 iterations and 30 epochs per iteration ensures a balance
between computational efficiency and the thoroughness of the hyperparameter search
process. Thirteen iterations allow for a sufficient number of updates to the Bayesian
model, enabling it to refine its predictions and identify optimal hyperparameters ef-
fectively. Meanwhile, 30 epochs per iteration ensure that each set of hyperparameters
is adequately evaluated, allowing the model to converge and providing a reliable mea-
sure of its performance.

As depicted in Figure 4.1, my architecture comprises two primary components:
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Training and Test phases. Each of these components is further divided into several
sub-components. The Training component encompasses a data separation structure,
followed by data and image pre-processing and the sub-component of automatic hy-
perparameter optimization. Collectively, these elements constitute the training flow

and the search for the best model, considering various configurations.

X-Ray
Radiography
Source
Data Data
Pre-processing Acquisition
Image
Enhancement
Training
CNN
Models Final Model
Automatic )| COVID-19
Optimization
Classification ,‘
Y, Healthy
Hyperparameter o Choosing of
Tuning Hyperparameters
Performance
Evaluation

Figure 4.1: The Proposed Methodology
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4.1 Training Components

4.1.1 Training Phase

The selected radiography X-ray dataset [24,389] was split into 80% for training, 10%
for validation, and 10% for test datasets. The allocation of validation data serves
the purpose of preventing overfitting in the models. Also, the test data was em-
ployed to assess the model’s performance in real-world scenarios, thereby evaluating
its generalizability beyond the training and validation phases. Generally, regular-
ization techniques such as L1 or L2 regularization, dropout, or batch normalization
can also be applied to prevent overfitting of the model. Regularization can help to
improve the generalization of the model and prevent it from memorizing the training
data. When using regularization techniques, it is important to consider the specific
requirements of the task and the architecture of the model. For example, if the model
is deep, it may be necessary to use dropout to prevent overfitting, while if the model
is shallow, L2 regularization may be more appropriate. In my work, I chose L2 Reg-
ularization and early-stopping strategy, if there is no decrease in validation, to avoid

models overfitting.

4.2 Data Pre-processing

Data preprocessing is a crucial step in CNN development, involving the conversion of
raw input data into a format compatible with the CNN architecture. This process in-
cludes tasks such as image resizing, pixel value normalization, and data augmentation

techniques like flipping or rotation. Effective preprocessing can significantly enhance
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model accuracy and generalization. It is essential to tailor preprocessing to the spe-
cific characteristics of the dataset and the requirements of the model. For instance,
resizing images to a consistent size may be necessary for datasets with varying image
dimensions. Similarly, normalizing pixel values to a smaller range might be required
if the original values span a large range, ensuring optimal learning by the model. The

preprocessing steps undertaken for the entire datasets in my work are as follows:

4.2.1 Data Resizing

The input data underwent preparation according to the pre-processing pattern em-
ployed in training the pre-trained models utilized in this thesis. Specifically, the
images were resized and normalized to dimensions of 224 x 224 pixels using the bilin-
ear interpolation technique, aligning with the standard size commonly employed by

popular convolutional neural network models.

4.2.2 Data Normalization

The input images were first loaded within a range of [0, 1], and subsequently normal-
ized using the mean values of [0.485, 0.456, 0.406] and standard deviation values of

[0.229, 0.224, 0.225], which are based on the statistics of the ImageNet dataset.

4.2.3 Data Center Cropping

For the validation image dataset, the process involved cropping at the center and

resizing the images to dimensions of 224 x 224.
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4.3 Data Enhancement

Surprisingly, there is still room to incorporate more effective image preprocessing
techniques to further increase the accuracy of these systems, like histogram equaliza-
tion (HE) method [109], contrast limited adaptive histogram equalization (CLAHE)
method [35], gamma correction (GC) method [90], and CLAHE, and bi-histogram
equalization with adaptive sigmoid function (BEASF) methods [12].

The importance of using image enhancement methods based on histogram equal-
ization relies on enhancing image features to make image non-linearities more dis-
tinguishable. Radiologists, for example, use manual contrast improvement to better
diagnose masses and nodules. Chest X-ray images can exhibit variations in image
contrast or brightness owing to differences in patient body size or X-ray dose. To
mitigate the potential negative impact of such variations, a histogram equalization
method is employed to normalize the image. This application of histogram equaliza-
tion aids in contrast modification, enhancing the visualization of lung tissue patterns

and characteristics associated with COVID-19 infection [15].

4.3.1 Contrast Limited Adaptive Histogram Equalization

Contrast Limited Adaptive Histogram Equalization (CLAHE) is an improved version
of Adaptive Histogram Equalization (AHE) that overcomes the limitations of stan-
dard histogram equalization. CLAHE partitions an image into contextual regions and
applies histogram equalization to each region, resulting in a more even distribution
of grey values and making hidden features of the image more visible. This technique

utilizes the full grey spectrum to express the image [35].
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CLAHE differs from ordinary adaptive histogram equalization in its contrast-
limiting feature. This feature can also be applied to global histogram equalization,
giving rise to contrast limited histogram equalization (CLHE), although CLHE is
rarely used in practice. In the case of CLAHE, the contrast limiting procedure is
applied for each neighborhood from which a transformation function is derived.

CLAHE has been applied in medical imaging, computer vision, and other domains
where precise visual perception is critical. CLAHE is known for its effectiveness in en-
hancing contrast and improving the discernibility of details within images, especially
those with inadequate contrast or inconsistent illumination circumstances.

The CLAHE algorithm relies on two essential hyperparameters: the number of
tiles and the clip limit. Improper hyperparameter selection may lead to a decrease
in image quality. To address this, a learning-based hyperparameter selection method
has been proposed to efficiently determine these hyperparameters for the CLAHE
technique.

Contrast Limited Adaptive Histogram Equalization (CLAHE) has better revealed
nodular-shaped opacity related to COVID-19 pneumonia. CLAHE is one of the most

popular enhancement methods in different image types [37].

4.3.2 Bi-Histogram Equalization with Adaptive Sigmoid Function

Another histogram equalization-based algorithm is Bi-histogram Equalization with
Adaptive Sigmoid Function. Bi-Histogram Equalization with Adaptive Sigmoid Func-
tion (BEASF) is a method used for image enhancement that overcomes the limita-
tions of traditional histogram equalization techniques. The BEASF technique involves

splitting the image histogram into two sub-histograms using the mean as a threshold
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and replacing their cumulative distribution functions with two smooth sigmoids with
their origins placed on the median of the sub-histograms. Subjective and objective
assessments have shown the superiority of the BEASF method over existing image
enhancement techniques [12].

The BEASF technique has been applied in various domains, including caries de-
tection using multidimensional projection and neural networks, as well as in color
image enhancement applications. The BEASF algorithm involves a multi-phase pro-
cess, including the introduction of bi-histogram equalization with adaptive sigmoid
functions to enhance image quality, followed by other enhancement models like grey
thresholding and active contour. The features are then extracted using multilinear
principal component analysis (MPCA) [17].

In my work, I enhanced the input data by concatenating the output results of
CLAHE and BEASF methods with the original image. This arrangement was used
to create an improved input image. Figure 4.2 shows the image pre-processing step
to generate three images fed into RGB channels of the CNN models. Three images
namely, the original chest X-ray image, the contrasted limited adaptive histogram
equalization of the original image, and the bi-histogram equalization with adaptive
sigmoid function of the original image using the specific hyperparameter, are fed into
three input RGB channels of the CNN-based pre-trained models, respectively.

BEASF adaptively improves image contrast based on the global mean value of
the pixels. It has a hyperparameter v to define the sigmoid function slope. Although
BEASF did not improve opacity detection in all images, it could complement the
CLAHE method. I chose a BEASF-enhanced image method with a v = 1.5 to be

concatenated with CLAHE-enhanced and the main images, generating 3 images fed
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IS [concatenation

Figure 4.2: The process of the concatenation of three Original, CLAHE, and BEASF
(v = 1.5) Images into RGB channel

into three channels of the model as the final step of my data preparation. The figure
4.3 illustrate the comparison between the original image and its pre-processing results,
including the application of CLAHE and BEASF with varying v hyperparameters,
ranging from 0.5 to 2 [12].

The figures 4.4, and 4.5 displays the sample COVID-19 and normal images, along
with their corresponding RGB enhanced images. Moreover, other X-ray images from
the proposed dataset with their corresponding RGB enhanced images provided in
Appendix B.

Figure 4.6 shows examples of Normal and COVID-19 cases. To aid in better un-
derstanding the interpretation of these images, it is crucial to recognize the visual
differences between COVID-19 and normal X-ray images. In COVID-19 X-ray im-

ages, specific patterns such as ground-glass opacities, consolidations, and bilateral
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Figure 4.3: BEASF with different v compared with Original image and CLAHE:
(Original Image, BEASF (v = 0.5), BEASF (v = 1.0)),
(BEASF (v = 1.5), BEASF (y = 2.0), CLAHE Image)

infiltrates are commonly observed in the lung regions. These patterns appear as hazy
areas that reduce the clarity of the lung structures. In contrast, normal X-ray images
typically show clear lung fields without such opacities or consolidations, allowing for

a distinct and unobstructed view of the lung anatomy.

4.4 Pre-trained Models

Certain pre-trained models have been trained on vast image datasets for numerous
epochs, achieving high accuracy on general tasks. In my experiments, I specifically
chose the DenseNet, WideResNet, and SqueezNet CNN architectures that were pre-

viously pre-trained on the ImageNet large-scale dataset. These pre-trained models
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Figure 4.4: Sample COVID-19 and corresponding RGB Enhanced Images

were then fine-tuned by the last layer, meaning they will train on target datasets for

a 30 number of epochs instead of undergoing full model training.

4.5 Automatic Hyperparameters Optimization

Bayesian optimization is a powerful method for efficiently tuning hyperparameters in
machine learning models. It is particularly effective for optimizing hyperparameters
in various classification and regression machine-learning algorithms. This method is
versatile and efficient in time and memory capacity for tuning many hyperparame-
ters, making it well-suited for the complex task of hyperparameter tuning in neural

networks. Bayesian Optimization offers significant benefits in terms of efficiency and
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Figure 4.6: Sample NORMAL and COVID-19 X-ray Images:
(NORMAL, COVID-19)
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effectiveness, especially when dealing with expensive function evaluations, like train-
ing deep learning models. While grid and random search optimization techniques are
simpler and can be effective for smaller problems or when computational resources
are abundant, Bayesian Optimization is generally more powerful for complex and
large-scale hyperparameter tuning tasks.

The validation procedure was employed to determine the optimal set of hyper-
parameters for the selected CNN model. Initially, the the CNN pre-trained models
having the trainable parameter values obtained from a large-scale dataset was loaded.
Subsequently, the hyperparameters of the CNN model were adjusted to minimize the
objective function based on the value of the loss function, which serves as the fit-
ness function. A new set of hyperparameters was then obtained using the projected
improvement acquisition function.

Bayesian Optimization is a probabilistically principled method for global optimiza-
tion, particularly well-suited for tuning the hyperparameters of algorithms in machine
learning. It provides a more efficient and targeted exploration of the hyperparameter
space, ultimately leading to improved model performance.

Finding the best hyperparameter configuration for a given function shouldn’t rely
solely on intuition or individual experience. Instead, it’s crucial to use methods that
ensure optimal results. Various approaches exist for this purpose, including exhaustive
searches like Grid Search and Random Search, as well as optimization paradigms such
as Genetic Algorithms and Bayesian Optimization [21, 1 16].

In my work, I utilized a Python library for automating the configurable search
domain for the optimal hyperparameter, empowering both CPU and GPU computa-

tions. It operates on the principles of Bayesian Optimization and is backed by the
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SMBO (Sequential Model-Based Global Optimization) methodology [20].

4.5.1 Bayesian Search Space Domain

Selecting the right value of the hyperparameters, including the learning rate, batch
size, and number of epochs, can significantly impact model performance. Techniques
like grid search or random search can be employed to tune these hyperparameters.
Strategies such as early stopping or learning rate decay are crucial to prevent overfit-
ting. The dataset characteristics and model complexity should guide hyperparameter
selection. For instance, a smaller learning rate may be needed for effective conver-
gence with large datasets. Likewise, complex models might require smaller batch sizes
to avoid overfitting during training.

Defining the search space in Bayesian Optimization is crucial for determining the
justified configuration for each model, including the key trainable hyperparameters

targeted for the optimization of the entire network.

My selected hyperparameters targeted for optimization encompass the following:

e Learning Rate:
This hyperparameter sets the rate at which the model’s weights are updated
during training.

e Gradient Optimizers:

These include SGD, RMSprop, Adagrad, Adadelta, Adam, Adamax, and Adamw,
which are different optimization algorithms used to update the model’s weights

during model training.
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Momentum:

This hyperparameter contributes to the optimization process by adding a frac-
tion of the update vector from the previous iteration.

L2 Regularization:

It adds a penalty term to the loss function, preventing the weights from becom-
ing too large.

Batch Size:

It determines the number of training examples to combine to find the gradients

for a single step in gradient descent.

Models:

These models are often used as a starting point in finding the optimized model,
leveraging the knowledge gained from training on a large dataset. My model
includes the possibility of building and training any CNN models as one of the

hyperparameters.

Bayesian Optimization is particularly useful for optimizing complex functions that

are expensive to evaluate, making it well-suited for hyperparameter tuning in machine

learning models. It works by building a probabilistic model of the function being

optimized and using that model to make intelligent decisions about where to evaluate

the function next.

In practical implementations, the search space is defined to include these hy-

perparameters and Bayesian Optimization algorithms are used to efficiently explore

this space and find the best-performing hyperparameters for machine learning mod-

els.

This approach is especially valuable when training a model is expensive and
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time-consuming, as it allows for a more targeted and efficient exploration of the hy-
perparameter space, ultimately leading to improved model performance.

In this subcomponent, a search space was defined, encompassing values exempt
from optimization, along with hyperparameters tuning for optimization. Following
the execution of each iteration, statistical data was recorded, comprising the chosen
values for each hyperparameter by the Bayesian optimizer, the loss of each model,
and the accuracy during the model validation.

Table 4.1 indicates my search space domain, including the range, function, and
data type of the hyperparameters for training the model.

Subsequently, the best configuration was determined based on the lowest loss
achieved. Using the recovered hyperparameter configurations, the final model was

trained and evaluated with previously unseen test data in the testing component.

Hyperparameter Range Function Data Type
Learning Rate [0.001, 1] Logarithmic Real number
Optimizers SGD, RMSProp, AdaGrad, AdaDelta, Adam, AdaMax, AdamW None -

Momentum [0.8,1] None Real number
LQ—Reglllarization [1071°, 0.001] Logarithmic Real number
Batch Size [5, 100] None Real number
Models WideResNet50, DenseNet-161, SqueezeNet None

Table 4.1: The Model Hyperparameters Configuration

4.6 Model Evaluation

After determining the optimized hyperparameters for each pre-trained model, the
trained model will undergo evaluation using the validation set to attain detection
accuracy. The statistics of all settings, encompassing the optimized hyperparameter
values, detection accuracy, training time, and loss function per iteration, will be
exported. This facilitated the job of selecting the best model upon completion of all

iterations.
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4.7 Test Component

4.7.1 Test Phase

During the testing phase, all X-ray images from the test dataset underwent the same
data preprocessing step for classification. The best model attained during the training
phase was used in the inference component. As a result, each test image went through
the same data preprocessing steps, ultimately leading to the model classifying the

input image as either a COVID-19 case or a healthy case.
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Chapter 5

Experiments

5.1 Experimental Setups

5.1.1 Dataset
Dataset Overview

COVID-19 patients are expected to undergo extensive data collection procedures,
which involve not only the structure of samples within a dataset but also their distri-
bution across different classes. This distribution significantly affects the performance
of the resulting model. Factors such as color, geometry, and pattern play crucial roles
in the effectiveness of intelligent computer-aided prototypes. Furthermore, to ensure
a consistent and robust model, it is essential to have an equal number of samples

representing all possible scenarios or occurrences for each class.

Dataset Source

COVID-19 data samples were gathered from various publicly accessible datasets, on-
line sources, and published papers without applying any augmentation techniques to

create more COVID-19 images, Table 5.1.
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Data Source Name Number of Images | Reference
PadChest 2473 [4]
Medical School in Germany 183 [3]
SIRM 559 [0]
GitHub Repository 400 [1]

Table 5.1: Summary of Data Sources for COVID-19 CXR Images

Additionally, the Normal data samples were collected from two different datasets,

Table 5.2.
Data Source Name | Number of Images | Reference
RSNA 8851 0]
Kaggle 1341 2]

Table 5.2: Summary of Data Sources for Normal CXR Images

By integrating the COVID-19 radiography dataset [21,39], we developed a new
dataset. To achieve the highest degree of model efficiency, a balanced selection of
two classes and an equal proportion of data from different sources are applied. The
sample X-ray images of both classes from the proposed dataset provided in Appendix
B.

All the data source images were in Portable Network Graphics (PNG) file format
with a resolution of 299*299 pixels. Among these images, a total of 3,617 images from
both classes were equally selected to be considered as the dataset, which was then
split into 80% for the training set, 10% for the validation set, and 10% for the test
set, as indicated in the Figure 5.1, which means exactly 2,893, 362, and 362 images

respectively [72].
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Train set
COVID-19 (2893 images)
Radiography
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Validation set
(362 images)
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(3617 images)

o

Test set
(362 images)

Figure 5.1: The Proposed X-ray Dataset

5.1.2 Bayesian Model-Based Optimization
Models Configuration

A search space defines the range of possible values for the hyperparameters that an
optimization algorithm explores to find the best-performing model configuration. It
is important because it determines the boundaries within which the optimal hyper-
parameters are sought, significantly influencing the efficiency and outcome of the
optimization process.

Defining a search space involves structuring nested function expressions encom-
passing stochastic expressions, representing the hyperparameters. These stochastic
expressions serve as the variables subject to optimization. Random search algorithms
sample from this nested stochastic program, guiding the search for optimal hyper-
parameters. However, hyperparameter optimization algorithms go beyond standard
sampling methods. Instead, they employ adaptive exploration strategies, which devi-

ate from traditional sampling approaches and focus on optimizing the search process
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without directly sampling from the specified distributions within the search space.

Optimization Algorithm

Hyperparameter optimization’s primary objective is to identify the optimal value of a
scalar-valued function, which may exhibit stochastic behavior, across a defined set of
potential arguments. Unlike many optimization tools that assume inputs are drawn
from a vector space, hyperparameter optimization emphasizes a detailed description
of the search space. By providing comprehensive information about the function’s
domain and the regions likely to yield optimal values, hyperparameter optimization
enables algorithms to conduct more effective searches. This approach enhances the
efficiency of the optimization process by leveraging a deeper understanding of the
function’s behavior and potential optimal areas. The selected choice for a hyperpa-

rameter optimization algorithm is the Tree Parzen Estimator [20].

Definition of Objective Function

Hyperparameter optimization provides a few levels of increasing flexibility and com-
plexity when it comes to specifying an objective function to minimize. I chose the

loss function as an objective function, aiming to minimize it.

5.1.3 Hardware Implementation

Hardware considerations, such as the availability of Graphics Processing Unit (GPU)
or Tensor Processing Unit (TPU), profoundly impact the performance and efficiency
of CNN models. Given the computational demands, it is crucial to select hardware

capable of handling the workload efficiently. Distributed training across multiple
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machines can be employed to train large models in parallel, enhancing performance.
Optimizing memory usage and batch sizes further boosts efficiency. Striking a balance
between model complexity and available resources is essential. For instance, if mem-
ory is limited, smaller batch sizes may be necessary to ensure the model fits within
memory constraints. Similarly, when processing power is constrained, simpler model
architectures or longer training times may be required. While distributed training
accelerates model training, it introduces complexity and necessitates specialized in-
frastructure and expertise. The exact hardware specification was the use of a T4

GPU hardware accelerator, 15.0 GB GPU RAM, and 12.7 GB system RAM.

5.2 Experimental Results

Evaluating the performance of a CNN model is a crucial step in its development pro-
cess. This typically involves partitioning the dataset into training, validation, and
testing sets, and then employing various metrics such as accuracy, precision, recall,
and F1-score to assess how well the model performs. Additionally, visualization tech-
niques like confusion matrices can provide further insights into the model’s behavior.

When evaluating model performance, it is essential to tailor the assessment to the
specific requirements of the task at hand. For instance, in medical diagnosis, maximiz-
ing the sensitivity of the model to detect true positives might be prioritized, even if it
leads to a higher rate of false positives. Furthermore, it is imperative to consider po-
tential biases and ethical implications associated with the model’s use. CNNs find ap-
plication across various domains, including facial recognition and surveillance, where
biases and ethical concerns must be carefully addressed. For example, facial recog-

nition systems have exhibited bias against certain demographic groups, highlighting
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the need to identify and rectify such biases to ensure fairness and transparency in

model deployment.

5.2.1 Evaluation Metrics

To evaluate the learning performance of the CNN model, a confusion matrix serves
as a conventional evaluation technique. In the realm of image categorization, the
confusion matrix allows the assessment of predicted results against actual values,
thereby measuring the model’s performance. By utilizing the confusion matrix, not
only accurate and inaccurate predictions can be identified, but insights into specific
types of errors made can also be gained. The calculation of the confusion matrix
necessitates a set of test data and validation data containing the obtained results’
values. This traditional approach facilitates the identification of six types of welding
flaws, as depicted in Figure 5.2.

The results are categorized into four groups:

e True positive (TP): This category in the confusion matrix signifies the instances
where the model accurately predicts the positive class or event out of all the

true positive instances in the dataset.

e True negative (TN): In the confusion matrix, ”true negative” denotes the in-
stances where the model correctly predicts the negative class out of all the true

negative instances in the dataset.

e False positive (FP): ”False positive” represents the model’s error when it inaccu-
rately predicts the presence of a specific condition or event that is not actually
present. This error type, also known as a type I error, can lead to incorrect

decisions if not appropriately managed.
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e False negative (FN): A "false negative” in the confusion matrix occurs when the
model inaccurately predicts the absence of an event among all actual positive
instances in the data. It measures the model’s tendency to overlook positive

cases or make type II errors.

Predicted class

Positive Negative
2 False Negative Recall
= True Positive (TP) (FN) TP
= Type II Error TP + FN

Actual class

2 Specificity
§z Fa]? f’(:)slngle ;EFP) True Negative (TN) TN
z ' TN + FP
Precision § i{eglaytlve I Accuracy
TP pred lc;};ve value TP +TN
TP +FP v TP+TN +FN+FP

TN + FN

Figure 5.2: Confusion matrix

5.2.2 Results

I have used the Keras and PyTorch machine learning frameworks, along with the
Python version 3.8 programming language for implementing the model. The average
time for training the models was about 4 hours and 38.3 minutes using the NVIDIA
Telsa T4 Cloud GPU, provided by Google Colab.

Table 5.3 shows the performance metrics obtained during the test phase and for
the evaluation of the model with the unseen data.

Based on the confusion matrix and the corresponding performance metrics, the

explanation of each metric is as follows:

1. Accuracy (ACC): Accuracy measures the proportion of true results among the
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Evaluation Metric Value
False Negatives (FN) 16
False Positives (FP) 20
True Negatives (TN) 161
True Positives (TP) 165
Accuracy (ACC) 0.9011
False Negative Rate (FNR) or Miss Rate 0.0889
False Positive Rate (FPR) or Fall-Out 0.1105
True Positive Rate (TPR) or Sensitivity (SEN) or Recall | 0.9116
Specificity (SPC) or True Negative Rate (TNR) 0.8890
Precision (PRC) or Positive Predictive Value (PPV) 0.8919
The harmonic mean of precision and recall or F1-Score 0.9017

Table 5.3: Model performance metrics during the Test phase

total number of cases examined. The overall accuracy of the model is approx-
imately 90.11%. This means that the model correctly classified about 90.11%

of all cases.

. False Negative Rate (FNR) or Miss Rate: The proportion of actual positive
cases that got predicted as negative. The model incorrectly identified about
8.89% of actual positive cases as negative. This is a relatively low rate, indicat-

ing that the model is quite good at identifying positive cases.

. False Positive Rate (FPR) or Fall-Out: The proportion of actual negative cases
that got predicted as positive. The model incorrectly identified about 11.05%
of actual negative cases as positive. This is also a relatively low rate, suggesting
that the model does a decent job of distinguishing between positive and negative

cases.

4. True Positive Rate (TPR) or Sensitivity (SEN) or Recall: The proportion of



5.2. EXPERIMENTAL RESULTS 81

actual positive cases that got predicted as positive. The model correctly iden-
tified about 91.16% of actual positive cases. This is a high rate, indicating that

the model is very effective at identifying positive cases.

5. Specificity (SPC) or True Negative Rate (TNR): The proportion of actual neg-
ative cases that got predicted as negative. The model correctly identified about
88.90% of actual negative cases. This is also a high rate, showing that the model

is effective at identifying negative cases.

6. Precision (PRC) or Positive Predictive Value (PPV): The proportion of positive
identifications that were actually correct. The model correctly identified about
89.19% of cases it predicted as positive. This is a high precision, indicating that

when the model predicts a case as positive, it is likely to be correct.

7. F1-Score: The harmonic mean of precision and recall. The F1-Score is approx-
imately 0.9017, which is the harmonic mean of precision and recall. This score
is very close to the accuracy, indicating that both precision and recall are high,

and the model performs well across these metrics.

Table 5.4 shows the details of the hyperparameter tuning during the training phase
consisting of 30 epochs and 13 iterations, indicating the values of each parameter
defined in the search space. These results suggest that the Bayes optimizer may have
identified Densenet as the best pre-trained model for this problem.

Additionally, table 5.5 presents the details of the hyperparameter tuning during
the training phase consisting of 30 epochs and 13 iterations, by eliminating the data
enrichment phase of the data transformation to compare with the situation including

it. Figure 5.4 is the confusion matrix for the best model that is trained without
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Figure 5.3: The confusion matrix of the test dataset

Loss function | Batch size | Learning rate | Momentum | Optimizer | Model Selection | L2-regularization | Accuracy% | Training Time
0.113 90.0 0.014 0.3 Adagrad densenet-161 1.525e-05 88.7 16m 23s
0.138 60.0 0.018 0.4 Adam squeezenet 8.179e-05 86.2 11m 40s
0.108 25.0 0.012 0.6 Adam squeezenet 0.000178 89.2 10m 29s
0.135 25.0 0.013 0.7 SGD densenet-161 7.438e-07 86.5 11m 30s
0.110 70.0 0.011 1.0 RMSprop densenet-161 0.000921 89.0 11m 34s
0.086 60.0 0.012 0.4 RMSprop densenet-161 1.066e-06 91.4 11m 34s
0.395 15.0 0.020 0.6 Adadelta wideresnet50 1.154¢-06 60.5 12m 42s
0.180 70.0 0.015 0.8 Adamax wideresnet50 0.000271 82.0 12m 47s
0.119 15.0 0.016 0.7 RMSprop densenet-161 2.798¢-07 88.1 12m 21s
0.138 5.0 0.013 0.2 Adamax wideresnet50 1.621e-06 86.2 15m 7s
0.403 50.0 0.011 0.0 Adam wideresnet50 2.249e-06 59.7 12m 21s
0.458 10.0 0.090 0.9 RMSprop squeezenet 6.053e-10 54.2 11m 10s
0.403 15.0 0.014 0.2 Adadelta densenet-161 6.707¢-05 59.7 11m 33s

Table 5.4: Optimized hyperparameters obtained during the model training

including the enhancement techniques. It is evident that applying image enhancement
techniques can be beneficial.

The figure 5.3 highlights an accuracy of 90% during the evaluation of the test
dataset, by utilizing the best-selected model obtained in the training phase, indicating
the model’s generalization as it is close to the best model accuracy during model

evaluation, investigated in Table 5.4.
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Loss function | Batch size | Learning rate | Momentum | Optimizer | Model Selection | L2-regularization | Accuracy%
0.146 90.0 0.014 0.3 Adagrad densenet-161 1.525e-05 85.4
0.141 60.0 0.018 0.4 Adam densenet-161 8.179¢-05 85.9
0.130 25.0 0.012 0.6 Adam squeezenet 0.000178 87.0
0.169 25.0 0.013 0.7 SGD squeezenet 7.438e-07 83.1
0.130 70.0 0.011 1.0 RMSprop densenet-161 0.000921 87.0
0.127 60.0 0.012 0.4 RMSprop densenet-161 1.066e-06 87.3
0.384 15.0 0.020 0.6 Adadelta wideresnet50 1.154e-06 61.6
0.188 70.0 0.015 0.8 Adamax wideresnet50 0.000271 81.2
0.141 15.0 0.016 0.7 RMSprop densenet-161 2.798e-07 85.9
0.138 5.0 0.013 0.2 Adamax wideresnet50 1.621e-06 86.2
0.409 15.0 0.014 0.2 Adadelta densenet-161 6.707e-05 59.1
0.519 60.0 0.810 0.9 AdamW squeezenet 0.0004745 48.1
0.130 50.0 0.012 0.0 Adam wideresnet50 2.249e-06 87.0

Table 5.5: Optimized hyperparameters obtained during the model training by exclud-
ing the image enhancement component
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Figure 5.4: The confusion matrix of the test dataset without considering the image
enhancement component
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5.2.3 Discussion

The high accuracy achieved by the model can be attributed to its training with a
substantial amount of data, enabling it to learn and generalize the distinctive fea-
tures associated with a COVID-19 diagnosis in images. The test results suggest
that the Bayesian optimizer may have determined or modeled that Densenet is the
most suitable pre-trained model for this problem. This inference is supported by the
consistent performance of Densenet across various experiments and the optimized hy-
perparameters obtained through Bayesian optimization. Therefore, it is likely that
the optimizer identified Densenet as the optimal choice based on its ability to gener-
alize well to medical image classification tasks, particularly for detecting COVID-19
cases from chest X-ray images.
DenseNet’s pre-trained model achieved better results than SqueezeNet and WideRes-

Net models in the study due to several key factors:

e Dense Connectivity: DenseNet’s architecture allows each layer to connect to
every other layer in a feed-forward manner, enhancing feature propagation and

reuse, which is beneficial for complex tasks like medical image classification.

e Efficient Parameter Usage: DenseNet is more parameter-efficient than ResNet.
It achieves high performance with fewer parameters, reducing the risk of over-

fitting and improving generalization.

e Gradient Flow: The dense connections in DenseNet alleviate the vanishing gra-
dient problem, ensuring that gradients can flow more easily through the network

during training.
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e Pre-trained Feature Transfer: DenseNet, pre-trained on large datasets like Ima-
geNet, benefits from a rich feature set that can be effectively transferred to the
task of COVID-19 detection. This pre-training helps DenseNet to start with a

strong base of learned features, which is crucial for transfer learning.

e Balanced Architecture: DenseNet balances depth and computational efficiency
well. While ResNet is also deep and powerful, DenseNet’s dense connections

provide an edge in terms of feature reuse and efficiency.

Notably, while SqueezeNet is compact and efficient, it lacks the depth and dense
connectivity of DenseNet, which may limit its performance on complex tasks. Mean-
while, WideResNet’s residual connections help with gradient flow, but DenseNet’s
dense connections offer even more comprehensive feature reuse and gradient propa-

gation.
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Chapter 6

Conclusions

6.1 Summary

This study encompassed a thorough analysis and the development of a workflow
for the automatic fine-tuning of trainable hyperparameters in each model to classify
COVID-19 images using the PyTorch library. Multiple iterations were carried out
to optimize hyperparameters for each model, taking into account various data pre-
processing techniques, including data transformation and enrichment.

Pre-trained models were also incorporated as hyperparameters to identify the
most suitable models for medical image classification. The findings revealed that the
performance of pre-trained models varied based on the data enrichment techniques
used. Notably, the Densenet-161 model consistently delivered accurate and robust
results in both validation and test datasets, demonstrating the model’s generalization
capability.

The proposed methodology offers several advantages, including the application
of feature and model selection methods and modeling and determining the optimal

parameters of the entire network with metaheuristic algorithms.
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As a result of the research, the study successfully identified the best hyperparam-
eters for the top-performing models, which achieved an accuracy of 91% for the best
model during the test phase. These optimized hyperparameters significantly enhanced
the inferencing model, enabling the rapid and sensitive detection of COVID-19 cases
using chest X-ray images. The study concludes that Bayesian optimization proves to
be an effective strategy for enhancing transfer learning and fine-tuning applications,

particularly in the field of medical image diagnostic tasks.

6.2 Future Work

Factors such as choosing the wrong algorithm, improper parameter configuration,
limited availability of training data, selecting inappropriate features, and inadequate
model generalization contribute to the presence of uncertainty in the algorithm’s
prediction and analysis.

In future research, the focus should be on exploring the effects of various data pre-
processing and enrichment, such as data transformation and enhancement, to achieve
better model performance. Additionally, there should be a deeper exploration of the
potential of diverse machine learning classifiers.

Moreover, other intriguing focus areas could involve implementing semantic seg-
mentation by integrating an attention mechanism into the U-Net model. This integra-
tion would allow the capture of long-range dependencies between input data, enabling
the model to focus on important parts of the input and understand the relationships
between pixels. The creation of regions of interest and lung masks, involvement in
transformers, and consideration of image content criteria could offer significant ben-

efits. Specifically, these techniques could assist in extracting particular features from
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the data, such as lung pixels from body and background images, edges, and other

visual content within medical images.
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Appendix A

Appendices

A.1 Mathematical definition

A.1.1 Optimization Algorithms

Optimization algorithms play a crucial role in adjusting the weights and biases of a
neural network during training, aiming to minimize the LossFunc [79,117]. Among the
widely used optimization algorithms, stochastic gradient descent (SGD) is prevalent.
SGD updates the weights and biases incrementally, taking small steps determined
by the gradient of the LossFunc concerning these parameters. By using the SGD
optimizer, the network weights will be updated using the following equation:
oL
Wiy = Wy — nf)_wt
oL

— = VuwCl(wy; (B); (B)
ow, wC(wy; 275y ™))

(A1)

where 7 is the learning rate, x are the sample images used, y are the image labels,
and w are the weights being updated.

Other optimization algorithms are as follows:
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e Momentum: This algorithm adds a momentum term to the gradient update,

which helps to smooth out the updates and accelerate convergence. The update
rule for momentum can be written as:

v = Py + (1 — B) Ay L(wi—1)
(A.2)

Wy = W1 — Oy

where v, is the momentum at time t, 5 is the momentum coefficient, A, L(w;_1)
is the gradient of the LossFunc with respect to the weights at time t —1, « is

the learning rate, and w; is the updated weights.

AdaGrad: is an optimization algorithm that dynamically adjusts the learning
rate for each weight based on the magnitude of the gradients observed during
training. This adaptive learning rate facilitates faster convergence on flat direc-
tions and slower convergence on steep directions. The update rule for AdaGrad

can be expressed as follows:

Gy =G + (AwL(wt—l))Q
«

\/Gt+€

(A.3)
Ay L(wi—q)

Wy = W—1 —

where G, is the diagonal matrix of sums of squares of past gradients up to time
t, € is a small constant to avoid division by zero, and all other variables are as

previously defined.

RMSProp: is an optimization algorithm that incorporates a moving average of

the squared gradients to dynamically adjust the learning rate for each weight.
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This adaptation aids in preventing the learning rate from becoming excessively

large. The update rule for RMSProp can be formulated as:

Gy = BGy-1 + (1 = B) (A, L(ws—1))?

\/Gt+€

(A.4)
AwL(wt,l)

Wy = Wig—1 —

where G, is the moving average of the squared gradients up to time ¢, 3 is the

decay rate, and all other variables are as previously defined.

e Adam: is an optimization algorithm that integrates concepts from both mo-
mentum and AdaGrad, resulting in an adaptive learning rate approach suitable
for a broad spectrum of neural networks. The update rule for Adam can be

expressed as:

my = Bimy—1 + (1 — B1) Ay L(w—1)

v = Bavie1 + (1 = Bo) (A L(wi—1))?

A Ty
T A (A5)
N Vt
U= ——
1— g4
« A
Wy = Wg—1 — my

\/ﬁt—i—E

where m; and v; are the first and second-moment estimates of the gradients,
[, and [y are the decay rates for the first and second moments, m; and 7, are
bias-corrected estimates of the first and second moments, € is a small constant

to avoid division by zero, and all other variables are as previously defined.
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A.1.2 Regularization Techniques

To prevent overfitting in neural networks, regularization techniques are employed.
Overfitting occurs when a model performs well on the training data but poorly on
new, unseen data. These techniques involve adding a penalty term to the LossFunc,
encouraging the model to possess simpler weights or reduce the magnitude of the
weights [111].

Various regularization techniques are commonly used, and some of them include:

e L1 regularization: adds a penalty to the LossFunc that is proportional to the
absolute value of the weights. This encourages the model to have sparse weights
and can potentially lead to feature selection [115]. The regularized LossFunc

for L1 regularization can be expressed as:
L(w) = L(w) + A > |w] (A.6)
i=1

where L(w) is the original LossFunc, w; is the ith weight in the network, n is

the total number of weights, and X is the regularization strength.

e [2 regularization: adds a penalty to the LossFunc that is proportional to the
square of the weights. This encourages the model to have small weights and aids
in preventing overfitting [94]. The regularized LossFunc for L2 regularization

can be expressed as:

L(w) = L(w) + % Z w? (A7)

e Dropout: is a regularization technique that involves randomly dropping out

some neurons in the network during training. This prevents the model from
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relying too heavily on any specific feature and can enhance generalization per-
formance [123]. The dropout regularization is implemented by randomly setting
the output of each neuron to zero with a certain probability p during training.

The dropout regularization can be expressed as:

y=rQoy
Pri=1)=1-p (A-8)
P(ri=0)=p

where y is the output of a layer, g is the regularized output, r is a binary mask
that is randomly generated for each training example, and ® denotes element-
wise multiplication. During testing, the dropout is turned off and the output is

scaled by 1 — p to compensate for the effect of dropout.

Early stopping: is a regularization technique that halts the training process
early based on a performance metric evaluated on a validation set. This helps
prevent the model from overfitting to the training data. The concept involves
monitoring the validation loss or accuracy throughout training and terminating

the training process when the validation performance ceases to improve [67].

A.1.3 Batch Normalization

Normalization layers are crucial in deep network training, and among the prominent

normalization techniques, batch normalization (BN) has proven effective in enhanc-

ing model training speed and generalization capability [54]. The success of BN is

attributed to various factors, including the reduction of internal covariate shift, en-

abling the use of larger learning rates, and smoothing the optimization landscape.
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For a layer with d—dimensional input
X = (2M, 2@ . 2@)

in a mini-batch yp with size m, BN normalizes each dimension of the input samples

as:

A
T — 2
(of" +¢€)
1 = &
ph=— (A.9)

A.1.4 Acquisition function in Bayesian Optimization

Acquisition or utility function u(x) specify which sample x should be tried next using
one of the concepts, including Probability of improvement, Expected improvement,

and Lower Confidence Bound.

e Probability of improvement: PI(z) = P(f(z) < f(x]) —¢€) = @(W) ;

e Improvement: 1(z) = max{0, [f(z;") — f(x; + 1)]};

e Expected improvement: El(z) = E[f(z;)— f(x:+1)] = (f(xf)+e—pu(z))®(2)+
(0(x))p(Z) where @ is the CDF and ¢ is the PDF of a standard Gaussian
distribution and Z = M;

o(z)

e Lower Confidence Bound: LCB(z) = pgp(z) — kogp(z);
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where z;" is the best-observed value thus far. In both abovementioned equations, the
regulation constant €, which is added to the f(z;), is used to indicate that there

could be a value higher than the best-found value so far.

In most cases, acquisition functions provide knobs (e.g., k) for controlling the

exploration-exploitation trade-off.

e Search in regions where ugp(x) is high (exploitation)

e Probe regions where uncertainty ogp(z) is high (exploration)
In the end, we need to plug everything together (¢ = 0) and repeat until convergence:

x4 = arg min, LCB(x)

A.2 Pre-trained CNN Models Architecture

Deep Learning algorithms surpass classical machine learning algorithms in accuracy,
particularly when handling extensive datasets and raw images. DL excels at extract-
ing knowledge and information without the necessity for preprocessing, enhancement,
or segmentation of images. This capability extends to image analysis, where DL algo-
rithms demonstrate notable enhancements [69]. Their application extends to disease
detection, notably in areas like identifying COVID-19 and diagnosing retinal diseases
affecting the iris and delicate nerves, potentially leading to blindness [25]. The pro-
ficiency of DL algorithms in processing vast and unprocessed data underscores their
efficacy in complex tasks, making them pivotal in advancing medical diagnostics and
image-based analyses.

Moreover, DL algorithms find application in classification tasks, notably in analyz-

ing Magnetic Resonance Imaging (MRI) images. MRI, a medical imaging technology,
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produces detailed images of the body’s organs and tissues through the combination of
a magnetic field and computer-generated radio waves. In various studies, researchers
leverage DL algorithms, particularly Convolutional Neural Networks, a subset of Ar-
tificial Neural Networks (ANNs). Comprising four layers—convolution, pooling, fully
linked, and non-linearity—CNNs excel in enhancing pattern recognition and image
classification [11]. Researchers exploring novel coronavirus detection have employed
diverse CNN architectures, including Visual Geometry Group (VGG), Residual Con-
volution Neural Network (ResNet), and Dense Convolution Network (DenseNet). The
choice of CNN architectures is tailored to the data’s size and characteristics.

In recent times, CNN architectures have demonstrated superior performance in
complex tasks, notably in medical image analysis and disease detection. Yann LeCun
pioneered the development of effective CNNs with the creation of LeNet in 1998.
Initially designed for handwritten digit detection, LeNet comprised three convolution
layers, two pooling layers, and two fully connected layers. Subsequently, this section

explores some of the widely recognized CNN architecture.

A.2.1 LeNet

LeNet, created by Yann L.C. et al. in 1998, stands as one of the initial CNN designs,
specifically devised for handwritten digit recognition. The LeNet structure comprises
two convolution layers succeeded by two fully connected layers. These convolution
layers employ diminutive filters and pooling layers to extract features from the input
image. The fully connected layers, utilizing softmax activation, produce a probability
distribution across potential classes [55].

Mathematically, the LeNet architecture can be represented as:
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A e

ConvLayer with 6 filters of size 5 x 5, followed by a 2 x 2 max PoolLayer.
ConvLayer with 16 filters of size 5 x 5, followed by a 2 x 2 max PoolLayer.
Fully connected layer with 120 units and a sigmoid ActivFunc.

Fully connected layer with 84 units and a sigmoid ActivFunc.

Output layer with 10 units and a softmax ActivFunc.

A.2.2 AlexNet

AlexNet, created by Alex Krizhevsky, represents an evolution from LeNet, featuring

increased depth with additional filters, stacked convolution layers, dropout, and max

pooling. In 2012, AlexNet achieved a remarkable 17% top-five error rate and secured

victory in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) contest,

an annual competition held from 2010 to 2017 [6]. Researchers commonly leverage

AlexNet in COVID-19 detection efforts to address the challenge of overfitting. Over-

fitting occurs when deep learning models exhibit higher accuracy on training data

compared to testing data, and AlexNet proves effective in mitigating this issue.

Mathematically, the AlexNet architecture can be represented as:

I

ConvLayer with 96 filters of size 11 x 11, followed by a 2 x 2 max PoolLayer.
ConvLayer with 256 filters of size 5 x 5, followed by a 2 x 2 max PoolLayer.
ConvLayer with 384 filters of size 3 x 3.

ConvLayer with 384 filters of size 3 x 3.

ConvLayer with 256 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.
Fully connected layer with 4096 units and a ReLU ActivFunc.

Fully connected layer with 4096 units and a ReLU ActivFunc.

Output layer with 1000 units and a softmax ActivFunc



A.2. PRE-TRAINED CNN MODELS ARCHITECTURE 117

A.2.3 GoogLeNet

GoogLeNet surpasses AlexNet in depth, boasting 22 or 27 layers when considering
pooling layers. In 2014, GooglLeNet achieved a remarkable victory in the ILSVRC
contest with a 6.67% top-five error rate. A pivotal element of GoogLeNet is the in-
ception module (IM), functioning as a miniature network capable of learning spatial
and cross-channel correlations. The IM offers several advantages, including enabling
the training of significantly deeper models with ten times fewer learnable parameters.
The IM’s output features fewer maps than its input, effectively reducing dimension-
ality. Moreover, the IM excels in capturing intricate patterns at various scales within

both spatial and depth dimensions [107].

A.2.4 VGGNet

VGGNet, with its 19 convolution layers, achieved a notable 7.3% top-five error rate in
the 2014 ILSVRC contest. Unlike AlexNet, VGGNet embraces architectural simplic-
ity, featuring three fully connected layers. Developed by the Visual Geometry Group
at Oxford University, VGGNet’s straightforward design contributes to its widespread
adoption in various domains. Despite its simplicity, VGGNet employs three times
as many parameters as AlexNet. The architecture serves as a foundation for ad-
vanced object identification models and outperforms baselines across diverse tasks
and datasets beyond ImageNet. VGGNet’s enduring popularity persists as one of the
most utilized image recognition architectures [103].

Mathematically, the VGG architecture can be represented as:

1. ConvLayer with 64 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.

2. ConvLayer with 128 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.
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ConvLayer with 256 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.
ConvLayer with 512 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.

ConvLayer with 512 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.

I A S

Fully connected layer with 4096 units and a ReLU ActivFunc, followed by
dropout regularization.
7. Fully connected layer with 4096 units and a ReLLU ActivFunc, followed by
dropout regularization.

8. Output layer with 1000 units and a softmax ActivFunc.

A.2.5 ResNet

ResNet, the winner of the 2015 ILSVRC contest with 152 layers, introduced a rev-
olutionary residual module featuring a standard layer and a skip connection. This
unique architecture achieved a remarkable 3.6% top-five error rate. The skip connec-
tion, linking the input signal of a layer to its output, facilitates the traversal of the
input signal across the network. Residual Units (RUs) empowered the training of an
exceptionally deep 152-layer model. A block is formed by connecting layer activations
to subsequent layers, and these building blocks are stacked to construct ResNets. The
skip link’s advantage lies in regularization, as it skips any layer detrimental to archi-
tecture performance, enabling the training of extremely deep neural networks without
grappling with issues like vanishing or exploding gradients [14].

Mathematically, the ResNet architecture can be represented as:

1. convolution layer with 64 filters of size 7 x 7, followed by a 3 x 3 max PoolLayer.

2. Multiple residual blocks, each of which consists of:

(a) ConvLayer with 64 filters of size 3 x 3.
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(b) ConvLayer with 64 filters of size 3 x 3.
(c) Shortcut connection that adds the original input to the output of the block.

3. Multiple residual blocks, each of which consists of:

(a) ConvLayer with 128 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.
(b

(c

(d) Shortcut connection that adds the original input to the output of the block.

ConvLayer with 128 filters of size 3 x 3.
ConvLayer with 128 filters of size 3 x 3.

)
)
)
)

4. Multiple residual blocks, each of which consists of:

ConvLayer with 256 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.
ConvLayer with 256 filters of size 3 x 3.
ConvLayer with 256 filters of size 3 x 3.

(a
(b
(c

(d) Shortcut connection that adds the original input to the output of the block.

)
)
)
)

5. Multiple residual blocks, each of which consists of:

a) ConvLayer with 512 filters of size 3 x 3, followed by a 2 x 2 max PoolLayer.

(a)

(b) ConvLayer with 512 filters of size 3 x 3.

(¢) ConvLayer with 512 filters of size 3 x 3.

(d) Shortcut connection that adds the original input to the output of the block.

6. Fully connected layer with 1000 units and a softmax ActivFunc.

A.2.6 Inception

Inception, initially introduced by Google in 2014 as Inception V1, revolutionized im-
age model blocks by simulating an optimal local sparse structure in CNNs. This

architecture strategically employs numerous filters of different sizes on the same level
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to mitigate data overfitting and address computational expense issues. Unlike tra-
ditional approaches using a single filter size, Inception combines multiple filter sizes
into a unified image block before passing it to the subsequent layer. This innovative
design enhances the model’s ability to capture diverse features within the input data,
contributing to its effectiveness in various computer vision tasks [35].

Mathematically, the InceptionNet architecture can be represented as:

1. ConvLayer with 64 filters of size 7 x 7, followed by a 2 x 2 max pooling layer.
2. ConvLayer with 64 filters of size 1 x 1, followed by a ConvLayer with 192 filters
of size 3 x 3, and a 2 x 2 max pooling layer.

3. Multiple inception modules, each of which consists of:

a) ConvLayer with 64 filters of size 1 x 1.

(a)

(b) ConvLayer with 96 filters of size 3 x 3.

(c¢) ConvLayer with 128 filters of size 5 x 5.

(d) Max pooling layer with a 3 x 3 filter and stride 1.
)

(e) Concatenation of the outputs of the previous layers.

4. Multiple inception modules, each of which consists of:

(a) ConvLayer with 192 filters of size 1 x 1.

(b) ConvLayer with 96 filters of size 3 x 3.

(¢) ConvLayer with 208 filters of size 5 x 5.

(d) Max PoolLay with a 3 x 3 filter and stride 1.
)

(e) Concatenation of the outputs of the previous layers.

5. Multiple inception modules, each of which consists of:

(a) ConvLayer with 160 filters of size 1 x 1.
(b) ConvLayer with 112 filters of size 3 x 3.
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(¢) ConvLayer with 224 filters of size 5 x 5.
(d) Max pooling layer with a 3 x 3 filter and stride 1.

(e) Concatenation of the outputs of the previous layers.

A.2.7 DenseNet

Dense Convolutional Network (DenseNet) is another popular architecture that won
the 2017 ImageNet competition. In DenseNet, each layer receives additional inputs
from all preceding layers and passes on its own feature maps to all subsequent layers.
This structure enables each layer to gain collective knowledge from all previous layers.
Because each layer aggregates feature maps from all preceding layers, the network can
be designed to be thinner and more compact, resulting in higher computational and

memory efficiency [106].

1. ConvLayer with 96 filters of size 7 x 7, followed by a 3 x 3 max PoolLayer with
stride 2.
2. Dense Block 1:

(a) 6 Dense layers, each containing:

(b) BatchNorm (BN)

¢) ReLU Activation Function

)
)
(c)
(d) ConvLayer with 1 x 1 filters (Bottleneck Layer)
e) BatchNorm (BN)

)

)

)

f) ReLU Activation Function

(
(
(g
(h

ConvLayer with 3 x 3 filters

Transition Layer after Dense Block 1:

i. BatchNorm (BN)
ii. ConvLayer with 1 x 1 filters
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iii. 2 x 2 average PoolLayer with stride 2

3. Dense Block 2:

(a) 12 Dense layers, each containing:

)

(b) BatchNorm (BN)
(¢) ReLU Activation Function

(d) ConvLayer with 1 x 1 filters (Bottleneck Layer)
(e) BatchNorm (BN)

(f) ReLU Activation Function
(g) ConvLayer with 3 x 3 filters
(h)

h) Transition Layer after Dense Block 2:

i. BatchNorm (BN)
ii. ConvLayer with 1 x 1 filters

iii. 2 x 2 average PoolLayer with stride 2

4. Dense Block 3:

(a) 36 Dense layers, each containing:

)
(b) BatchNorm (BN)
(c) ReLU Activation Function
(d) ConvLayer with 1 x 1 filters (Bottleneck Layer)
) BatchNorm (BN)

)

)

)

ReLU Activation Function

(e
(f
ConvLayer with 3 x 3 filters

(g
(

h) Transition Layer after Dense Block 3:

i. BatchNorm (BN)
ii. ConvLayer with 1 x 1 filters

iii. 2 x 2 average PoolLayer with stride 2

5. Dense Block 4:
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(a) 24 Dense layers, each containing:
(b) BatchNorm (BN)

(¢) ReLU Activation Function
(d) ConvLayer with 1 x 1 filters (Bottleneck Layer)
(e) BatchNorm (BN)

(1

(g) ConvLayer with 3 x 3 filters

ReLU Activation Function

6. Final Layers:

(a) BatchNorm (BN)
(

b) ReLU Activation Function

(
(d

(e) Softmax Activation Function

)
)
c) 7 x 7 global average PoolLayer
) Fully connected layer with 1000 units
)

A.2.8 SqueezeNet

SqueezeNet, proposed by landola et al. [52], is a compact CNN architecture that

achieves AlexNet-level accuracy on ImageNet while using 50 times fewer parame-

ters. By employing model compression techniques, the authors successfully reduced

SqueezeNet’s size to less than 0.5MB, making it highly popular for applications re-

quiring lightweight models.

1. ConvLayer with 96 filters of size 7 x 7, followed by a 3 x 3 max PoolLayer with

stride 2.
2. Fire Module with:

(a) Squeeze: 1 x 1 ConvLayer with 16 filters.
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(b) Expand: 1 x 1 ConvLayer with 64 filters and 3 x 3 ConvLayer with 64
filters.
3. Fire Module with:
(a) Squeeze: 1 x 1 ConvLayer with 16 filters.
(b) Expand: 1 x 1 ConvLayer with 64 filters and 3 x 3 ConvLayer with 64
filters.
4. Fire Module with:
(a) Squeeze: 1 x 1 ConvLayer with 32 filters.
(b) Expand: 1 x 1 ConvLayer with 128 filters and 3 x 3 ConvLayer with 128
filters.
5. 3 x 3 max PoolLayer with stride 2.
6. Fire Module with:
(a) Squeeze: 1 x 1 ConvLayer with 32 filters.
(b) Expand: 1 x 1 ConvLayer with 128 filters and 3 x 3 ConvLayer with 128
filters.
7. Fire Module with:
(a) Squeeze: 1 x 1 ConvLayer with 48 filters.
(b) Expand: 1 x 1 ConvLayer with 192 filters and 3 x 3 ConvLayer with 192
filters.
8. Fire Module with:

(a) Squeeze: 1 x 1 ConvLayer with 48 filters.
(b) Expand: 1 x 1 ConvLayer with 192 filters and 3 x 3 ConvLayer with 192

filters.
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10.
11.

12.
13.

Fire Module with:

(a) Squeeze: 1 x 1 ConvLayer with 64 filters.
(b) Expand: 1 x 1 ConvLayer with 256 filters and 3 x 3 ConvLayer with 256

filters.

3 x 3 max PoolLayer with stride 2.
Fire Module with:

(a) Squeeze: 1 x 1 ConvLayer with 64 filters.
(b) Expand: 1 x 1 ConvLayer with 256 filters and 3 x 3 ConvLayer with 256

filters.

ConvLayer with 1000 filters of size 1 x 1, followed by a global average PoolLayer.

Output layer with 1000 units and a softmax Activation Function.

A.2.9 WideResNet

Wide Residual Networks (WideResNet) are a variation of the original Residual Net-

works (ResNet) that address the problem of diminishing feature reuse in deep net-

works. Introduced by Sergey Zagoruyko and Nikos Komodakis in their 2016 paper

”Wide Residual Networks” [121]. WideResNet modifies the original ResNet architec-

ture by increasing the width of residual blocks, which means adding more filters in

each convolutional layer, while simultaneously reducing the depth (number of layers).

1.

2.

ConvLayer with 64 filters of size 7 x 7, followed by a 3 x 3 max PoolLayer with
stride 2.
Residual Block 1:

(a) Block 1.1:
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ii.
iii.

1v.

vi.
Vil.
Viii.

1X.

ConvLayer with 64 filters of size 1 x 1

BatchNorm (BN)

ReLU Activation Function

ConvLayer with 64 filters of size 3 x 3

BatchNorm (BN)

ReLU Activation Function

ConvLayer with 256 filters of size 1 x 1

BatchNorm (BN)

Skip Connection: ConvLayer with 256 filters of size 1 x 1

(b) Block 1.2 and 1.3:

i.

Similar to Block 1.1 but without the initial ConvLayer in the skip

connection

3. Residual Block 2 :

(a) Block 2.1:

1.

il.
iii.
iv.
V.
vi.
vii.
viii.

1X.

ConvLayer with 128 filters of size 1 x 1

BatchNorm (BN)

ReLU Activation Function

ConvLayer with 128 filters of size 3 x 3

BatchNorm (BN)

ReLU Activation Function

ConvLayer with 512 filters of size 1 x 1

BatchNorm (BN)

Skip Connection: ConvLayer with 512 filters of size 1 x 1

(b) Block 2.2, 2.3, and 2.4:

1.

Similar to Block 2.1 but without the initial ConvLayer in the skip

connection

4. Residual Block 3:
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(a) Block 3.1:

11.
1il.

v.

vi.
Vil.
viii.

1X.

ConvLayer with 256 filters of size 1 x 1

BatchNorm (BN)

ReLU Activation Function

ConvLayer with 256 filters of size 3 x 3

BatchNorm (BN)

ReLLU Activation Function

ConvLayer with 1024 filters of size 1 x 1

BatchNorm (BN)

Skip Connection: ConvLayer with 1024 filters of size 1 x 1

(b) Block 3.2 through 3.6:

i.

Similar to Block 3.1 but without the initial ConvLayer in the skip

connection

5. Residual Block 4:

(a) Block 4.1:

11.
1il.

v.

vi.
Vil.
viii.

1X.

ConvLayer with 512 filters of size 1 x 1

BatchNorm (BN)

ReLU Activation Function

ConvLayer with 512 filters of size 3 x 3

BatchNorm (BN)

ReLLU Activation Function

ConvLayer with 2048 filters of size 1 x 1

BatchNorm (BN)

Skip Connection: ConvLayer with 2048 filters of size 1 x 1

(b) Block 4.2 and 4.3:

i.

Similar to Block 4.1 but without the initial ConvLayer in the skip

connection
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6. Final Layers :

b

(a) BatchNorm (BN)
(b) ReLU Activation Function

)
)

(¢) 7 x 7 global average PoolLayer

(d) Fully connected layer with 1000 units
)

(e) Softmax Activation Function
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Appendix B

Appendices

B.1 X-ray Images from Proposed Dataset

The sample images from both healthy and COVID-19 cases, along with their cor-
responding RGB enhanced images depicted in the following figures. These figures
showcase a diverse range of X-ray images from various domains, exhibiting different

qualities and positions.
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Figure B.1: Sample COVID-19 images and enhanced counterpart
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Figure B.2: Sample COVID-19 images and enhanced counterpart
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Figure B.3: Sample COVID-19 images and enhanced counterpart
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Figure B.4: Sample healthy images and enhanced counterpart
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Figure B.5: Sample healthy images and enhanced counterpart
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Figure B.6: Sample healthy images and enhanced counterpart
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Figure B.7: Sample COVID-19 X-ray images
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Figure B.8: Sample healthy X-ray images
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