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Abstract

Unsupervised neural networks called Generative Adversarial Networks (GANs) are
used to provide realistic pictures without relying on the original data. Due to dis-
parities in illness occurrence, the challenge of class imbalance is prevalent in the
medical area, making the development of these applications tough. In order to solve
the issue of class imbalance, several GAN-based approaches have been presented.
However, since extracting significant information from just a few pixels is laborious,
these designs have not effectively trained for small-scale disorders. To address the
difficulty of insufficient quantities and imbalances of medical imaging data, data
augmentation methods such as image modifications have been utilized to minimize
performance degradation. Optimal Transport (OT) theory allows for the develop-
ment of a geometry for a space of functions, providing a definition of distance in
this space, a technique for interpolating between various functions, and, in a more
general sense, establishing the barycenter of a family of weighted functions. Con-
sequently, optimal transport is presented as a fundamental tool in many applied
domains. Measures with non-overlapping supports are well-suited to occupational
therapy. However, using OT to train generative machines raises challenges like (1) a
lack of smoothness, (2) the computational burden of evaluating OT losses, and (3)
the difficulty of estimating gradients in high dimensions. Because of this, Skinhorn
divergence will be utilized to create a loss family that includes both Wasserstein
(OT) and Maximum Mean Discrepancy (MMD) losses. It will help us identify a
sweet spot by utilizing OT’s geometry and generating high-dimensional spaces from
low-dimensional manifolds. Applications of the transport map for image augmenta-
tion and classification include computing geodesics between pictures and transferring
one image’s attributes to another. The nature of the seen items must be preserved
in this situation in order to create pictures that are both physically and aesthetically
convincing. Our proposed Optimal Transport Theory-based GAN model is able to
detect and differentiate between chest X-ray images with a high degree of accu-
racy. The proposed method of image augmentation was used for the classification
of normal, COVID-19-effected, lung opacity, and viral pneumonia images. In terms
of accuracy, precision, recall, and f1 score, which are all tested in this paper, our
proposed Optimal Transport Theory-based GAN model performs comparably on
the available datasets. The suggested model is accurate to 96.94%, which is greater
than any of the experimental results of CNN models utilized in this research due to
the fact that the recommended model was developed.

Keywords: Optimal Transport(OT) Theory; Generative Adversarial Networks
(GANs); Unsupervised Neural Networks; Wasserstein Distance; Maximum Mean
Discrepancy(MMD); Chest X-Ray; Covid-19; Viral Pneumonia; Lung Opacity
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Chapter 1

Introduction

1.1 Overview

The recent novel coronavirus diseases (COVID-19) outbreak, caused by severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2), play a critical role in disease
pathogenesis and clinical manifestation. This infection activates antiviral immune
responses and cause uncontrolled inflammatory responses. The first instance was
discovered in December 2019 in Wuhan, China. The sickness’ quick worldwide
spread and subsequent COVID-19 pandemic were caused by it. Inhaling air pol-
luted by droplets, aerosols, and other tiny airborne particles carrying COVID-19 is
the major way the virus is spread. As they breathe, talk, cough, sneeze, or sing,
infected persons expel such particles. 6,676,645 fatalities have been reported to the
WHO out of 657,430 confirmed cases of COVID-19 to date [35].

A radiological phrase used to describe hazy gray patches on CT or X-ray imaging is
“ground-glass opacity”. It suggests that these locations are becoming more dense.
On a CT scan or X-ray, the lungs often show as being black [36]. This demonstrates
that they are unblocked. Instead, if gray regions are observed, something is par-
tially occupying this space within the lungs. Ground-glass opacity is the term used
to describe these murky regions. Ground-glass opacity may indicate the presence of
fluid, pus, or cells filling the air gap, thickening of the alveolar walls, or thickening
of the interstitial space between the lungs [10].

Pneumonia, often known as a lung infection, may be brought on by acute respiratory
illnesses. When a person who is healthy breathes in, the alveoli, which are very little
sacs that make up their lungs, get filled with air. Pneumonia is characterized by the
presence of pus and fluid-filled alveoli, both of which make it challenging to breathe
and reduce the body’s capacity to absorb oxygen [30]. Each year, there are around
200 million instances of viral community-acquired pneumonitis, with 100 million of
those cases affecting kids and 100 million affecting adults [1].

To produce two-dimensional pictures of inside organs, X-rays employ radiation. Or-
gans and tissues that absorb more radiation seem white or gray, while substances
that do not (such the gases in the lungs) absorb as much radiation as they should
appear black. On the chest X-ray, we can see COVID-19, lung opacity, and viral
pneumonia. Despite this, due to legal constraints, chest X-ray datasets are rarely
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accessible. To train the algorithm and improve results and categorization, we must
therefore produce false datasets.

A generative model is trained using the more reliable method created by Goodfellow
et al. This method consists of two different kinds of networks: the discriminator
network and the generator network. In a minimax game, two networks compete
against each other while simultaneously receiving instruction.

The GAN technique is a kind of unsupervised neural network that may produce
realistic graphics without depending much on original input. The problem of inad-
equate numbers and imbalances in medical imaging data has been addressed using
picture alterations and other data augmentation procedures to prevent performance
degradation. Automated medical analysis solutions may aid in lowering the exper-
tise boundaries of the person with the relevant expertise and accelerating the process
of diagnosis and treatment.

It has been shown that training classification models benefits from GAN-based data
augmentation. Dermatologists must employ data augmentation techniques based
on GAN to help in the classification of illnesses and help them reach more precise
diagnostic conclusions. Furthermore, when using deep learning in medical diagnos-
tics, a model’s classification accuracy may be subpar, limiting the accuracy of skin
lesion categorization. This is because bad data might affect a model’s classification
accuracy.

Some examples of simple data augmentation techniques for playing with photos in-
clude inverting, scaling, rotating, shearing, and adjusting the contrast. Improved
data are created from a small sample of original data sets and have the same level
of variety as the original data, hence this method of data upgrading does not signif-
icantly boost performance on its own. In order for deep neural networks to extract
more nuanced qualities from a sample, they must use all of the data available in the
sample.

Various GANs have been proposed to be very efficient in many applications, includ-
ing computer vision. These models could give rise to fresh, logically sound synthetic
samples, reducing concerns about overfitting and a lack of variety in the sample data
and, thus, reducing the capacity loss brought on by skewed class proportions.

Recently, for example, some chest ailments have been diagnosed using CNNs and
GANs. Symptoms and a chest X-ray can be used to figure out what this illness
is. A chest X-ray can be used by radiologists to see if someone has a coronavirus
infection. Patients are likely to get better, and this has led to the creation of many
more deep learning models. CNNs also do well in medical imaging when they are
given the right information. To get to this level of performance, millions of system
parameters are adjusted and trained using labeled data. Because CNNs have so
many parameters, they tend to fit small datasets too well. So, the performance of
generalization is related to the amount of labeled data. Tiny datasets are the hardest
thing to work with in medical imaging because they are rare and don’t vary much.
The GAN framework is utilized for a variety of different medical imaging modalities.
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The detection of melanoma, which is one of the most dangerous kinds of skin cancer,
is yet another noteworthy development in this present instance. The categorization
of skin lesions using deep learning diagnostic algorithms is a challenging problem
since there are not enough skin lesion photographs that have been annotated and the
datasets within each class are not evenly distributed. Dermatologists need data aug-
mentation methods based on GANs to help with skin lesion classification and give
them the ability to make more accurate diagnostic decisions. Furthermore, when
using deep learning in medical diagnostics, a model’s classification accuracy may be
subpar, limiting the accuracy of skin lesion categorization. This is because bad data
might affect a model’s classification accuracy. For the purpose of identifying and
categorizing lesions in images, recent research has developed a novel skin framework.
The foundation of this system is laid by style-based generative adversarial networks
(GANs) and DenseNet201, and it is referred to as a skin lesion augmentation style-
based generative adversarial network (SLA-StyleGAN). The aim of this structure is
to solve the aforementioned problems.

A theoretical concept called the OT model enables users to perform quantity conser-
vation in computer physics experiments, interpolate between devices, measure gaps
between functions (or distances between bigger sized devices), and measure gaps
between functions. In fact, OT is a booming therapeutic field, with active research
groups concentrating on theoretical and applied topics including geometry trans-
mission and ML. This article aims to clarify the basic ideas at the core of the most
gratifying delivery concept, present the specifically concerned ideas, and most impor-
tantly, show how they connect, so that the reader will have a better knowledge of the
trendy idea that supports them. Then, in order to impart a non-stop characteristic
to a discrete sum of Dirac masses, we may use a semi-discrete arrangement. Study-
ing this particular location results in a green computational method that makes use
of conventional concepts from computational geometry, such Laguerre diagrams,
which are an extension of Voronoi diagrams.

There have been several OT theory models put out, and they have been quite
successful in a wide range of applications. Sliced-Wasserstein Flows (SWF), for in-
stance, is based on the implicit generative modeling (IGM) formula as a function
optimization problem in Wasserstein space, with the objective of identifying a mea-
sure of the probability that is as close to the distribution of the data as is feasible
while maintaining a predetermined level of expressiveness. We can transform the
IGM issue into an SDE simulation problem because to the SWF’s unique location
at the intersection of OT, gradient streams, and SDE. They have created clear con-
nections between the algorithm’s General parameters and defects as well as a time
constraint for the infinite particle mode. Numerous tests have been conducted, and
the results support our hypothesis.

1.2 Research Problem

Two primary parts make up the conventional GAN: the generator network and the
discriminator network. The generator network creates synthetic samples, and it is
the discriminator network’s task to tell them apart. The two sample types are com-
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pared and contrasted to get this conclusion. Samples are generated by the generator
network, which uses prior knowledge about the distribution of the target domain to
make intelligent estimates. The generator network may use misleading information
to create fake samples, which the discriminator network then tries to identify and
reject.

In the process of optimizing the GAN, the generator makes samples that look like
they could fool the discriminator, while the discriminator gets better at telling the
difference between samples. So, in order to train the GAN well, we need to optimize
not just one network but two.

Because the GAN has to train the networks of both the generator and the discrim-
inator, the optimization process may be challenging and may experience a number
of downsides. First, the process of training a GAN is very prone to instability and
may be heavily dependent on the rivalry that takes place between the generator and
the discriminator within the context of the minimax game. To put it another way,
achieving a healthy balance between the generator and the discriminator is critical
for the production of high-quality sample synthesis. However, during the training
of the networks, the gradient descent cannot always guarantee that a satisfactory
equilibrium would be reached.

For instance, during the training process, if a discriminator is provided with a strong
differentiation capacity, it is possible that the generator’s gradient may disappear
quite soon. As a result, the optimization of the generator may not be able to get
to the point where it can approach the real distribution of the target domain. Ac-
cording to what is indicated in [21], it is possible to train a superior generator if the
discriminator is purposefully weakened. In such a scenario, it could be necessary
to go through multiple iterations of trial and error, which would make the whole
process of training challenging and unpredictable. Second, there is a phenomenon in
GAN known as “mode collapse”, which occurs when the generator has a tendency
to output samples with a limited diversity of options. In order to produce identical
samples, the mode collapse is caused by the generator being stuck at the same local
minimum of the cost function. This is done in order to produce the same samples.
This, in turn, leads to the collapse of the mode. When this occurs, the samples
that are created do not have a broad enough range of characteristics to accurately
reflect the whole distribution of the target domain. Since they do not adequately
represent the problem, it is impossible to use them to solve the problem of the data
imbalance. As a result of this, we are unable to utilize them.

As a result, the study is attempting to answer the following question:

How effective is it to use a combination of the Optimal Transport (OT)
theorem and Generative Adversarial Networks (GANs) to smoothly
synthesize high-dimensional medical image from low-dimensional, in-
sufficient, and imbalanced medical imaging data while minimizing com-
putational difficulties to observe the difference between normal, covid-
19, viral pneumonia and lung opacity?

4



1.3 Research Goals

We created a new loss function by combining the Wasserstein Distance and Sinkhorn
Divergence. We train the generator and discriminator alternately. Adjusting gener-
ator and discriminator settings uses generator and discriminator losses. The gener-
ator and discriminator must improve until the generator produces samples that the
discriminator cannot distinguish from genuine data. However, such loss function
has downsides. Mode Accept first. Mode collapse, in which the generator creates a
restricted number of sample variants, may affect GANs. Samples are too near to the
genuine thing when generator loss is high. Second, diminishing gradient. Vanishing
Gradient may occur with little generator loss. This may hinder generator develop-
ment. Non-convergence. GANs may be hard to train and may not converge. If the
generator, discriminator, or loss function are mismatched, this may happen. Hy-
perparameter sensitivity ranks fourth. The learning rate and batch size may affect
GAN performance. Finally, oscillation. Oscillation occurs when the generator and
discriminator oscillate but never settle. If generator and discriminator capacities are
too comparable, this may happen.

The key contributions of this research:

• To increase the stability and convergence of the loss function, we employed the
Wasserstein distance as the loss function. The Wasserstein distance is a more
consistent and reliable measure of the difference between the produced samples
and the actual data than standard measurements, which is the fundamental
benefit of employing it as a loss function in GANs.

• Mode collapse, when the generator only generates a few variants of the same
sample, may be avoided by using Wasserstein distance as a loss function.
This is so that the generator will create a broad range of samples, since the
Wasserstein distance is sensitive to the number of modes in the produced
samples.

• It aids in producing pictures of greater quality and accelerating convergence
compared to conventional GANs.

• As an entropic regularization term, we have also employed Sinkhorn Diver-
gence with Wasserstein Distance. It aids in stabilizing the optimization process
and avoiding the overfitting issue for the loss function. The Sinkhorn Diver-
gence is made differentiable by this regularization term, enabling the adoption
of gradient-based optimization techniques like the Adam.

• It has been shown that Sinkhorn Divergence provides quicker convergence than
other distance measures and is less dependent on the selection of hyperparam-
eters.

Rest of the report is described as follows. Here, Chapter 1 has described the back-
ground information and our research goal. Chapter 2 has described literature review
and related works. Chapter 3 has described the methodology and implementation
process of our approach. Chapter 4 has evaluated the approach and analyzed the
result and the application of Explainable AI algorithm GradCAM.
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Chapter 2

Literature Review

2.1 Background Study

2.1.1 Optimal Transport Theory (OT)

OT model is a theoretical idea that allows users to interpolate between gadgets,
degree gaps between functions (or distances between larger trendy gadgets), and
apply quantity conservation in computer physics experiments. OT is really a thriv-
ing clinical subject, with active research groups focusing on both theoretical and
practical aspects such as geometry transmission and ML. This essay tries to explain
the fundamental principles at the heart of the most satisfying delivery concept, in-
troduce the particularly concerned thoughts, and most importantly, how they link,
in order for the reader to have a better understanding of the fashionable concept
that underpins them. Then we may think of a semi-discrete arrangement, in which
a non-stop feature is conveyed to a discrete sum of Dirac masses. Studying this
specific placement yields a green computational technique that employs traditional
ideas of computational geometry, such as Laguerre diagrams, which are an extension
of Voronoi diagrams.

Many OT theory models have been presented, and they have had great success in a
variety of applications. Sliced-Wasserstein Flows (SWF), for example, is based on
the implicit generative model (IGM) formula as a function optimization problem in
Wasserstein space, with the goal of finding a measure of the probability that is as
close to the distribution of the data as possible while maintaining a certain level of
expressiveness. The SWF is at the crossroads of OT, gradient streams, and SDE,
enabling us to convert the IGM problem into an SDE simulation problem. They’ve
given the endless particle mode a temporal restriction and established obvious rela-
tionships between the algorithm’s General parameters and faults. They’ve carried
out a number of trials and found that the findings back up our idea.

CNN is one of the most extensively used approaches for Covid-19 detection. Syn-
thetic CXR images generated using Auxiliary Classifier Generative Adversarial Net-
work(ACGAN) have improved the detection of Covid-19 [15].

To create a training dataset, synthetic CXR pictures are generated using a mul-
tiscale conditional generative adversarial network with a movable mask. In this
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study, StackGAN++ is used as the backbone structure to generate high-resolution
samples. For the incremental learning of distributions on data at different sizes,
StackGAN++ makes use of tree-shaped structures to contain many generators and
discriminators [16].

In order to get more accurate measurements of the distances between distributions,
the Wasserstein GAN [21], often known as WGAN for its abbreviated form, was
created by using the Earth Mover (EM) distance. As a result of the adversarial iter-
ative training, the distribution of the synthetic pictures will be very close to that of
the genuine CT scans. The WGAN samples will be compared against real-world ex-
amples from the classes that are subsets of the texture property. An approach called
WGAN-based synthetic oversampling was first developed to address the problem of
data imbalance. The purpose is to fill up the gaps in statistics for underrepresented
groups. The WGAN method seeks to create new samples by providing an esti-
mate of the distributions of the minority classes in the original data. Additionally,
our technique is applied to the difficult problem of tighter classification of the seven
semantic aspects of the LIDC lung nodules. This is a very difficult challenge to solve.

However, the class-imbalanced issue is highly widespread in the medical area owing
to the disparities in occurrence across disorders, making it difficult to design these
applications. This is one of the reasons why the medical field is so competitive. The
class imbalance issue that occurs on chest X-ray (CXR) data has been addressed
by a number of different algorithms that are based on GAN. These algorithms have
not been trained for minor ailments since small pixels cannot extract sufficient in-
formation. Because of this, these models are not prepared to handle small diseases.

2.1.2 Generative Adversarial Networks(GANs)

Goodfellow et al. developed a more reliable system for training a generative model,
which is made up of two networks, one of which is a generator and the other of which
is a discriminator. In a minimax game, two networks compete with each other while
being taught at the same time. In order to mislead the discriminator, the generator
is taught to create synthetic versions of real-world samples, while the discriminator
is taught to have a high level of discriminative ability for the generator’s creations [2].

The GAN method is a kind of unsupervised neural network that may be used to
create realistic visuals without relying mostly on original input. To avoid perfor-
mance deterioration, image modifications and other data augmentation approaches
have been used to overcome the issue of medical imaging data that has inadequate
numbers and an uneven distribution of those values. Automated medical analysis
solutions may help reduce the human expert boundary and speed up the diagnosis
and treatment processes.

GAN-based data augmentation has been shown to be advantageous in training clas-
sification models. To aid in illness categorization and enable dermatologists to make
more accurate diagnostic judgments, data augmentation approaches based on GAN
must be used. Furthermore, inadequate data might result in a model’s classification
accuracy being poor when employing deep learning in medical diagnostics, reducing
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the accuracy of skin lesion categorization. The primary goal of approximating the
object distribution with the use of GAN is to improve the overall performance of
each individual application.

2.1.3 Image Augmentation

In order to generalize well and achieve reasonable accuracy, deep learning networks
need a substantial amount of training data. The fact that the image data is too
small to be used in the medical field, however, means that the data is subject to
regulatory limits. Image augmentation is a strategy for extending the size of the
training dataset to improve the overall performance of the model and its capacity
to generalize. When augmentations are employed to reduce the likelihood of deep
neural networks overfitting their data, the networks are able to perform better on
computer vision tasks such as object identification, segmentation, and classification.

2.1.4 Image Classification

Image classification is an important branch of computer vision that aims to detect
specific types of visual structures within an input image. The goal of image clas-
sification is to determine what kinds of visual structures are present in an image.
Calculating the statistical characteristics of an image’s components and then or-
ganizing those characteristics into categories is the first step in the classification
process. Artificial neural networks, fuzzy-sets, and expert systems are just a few
examples of the modern classification methods that have been extensively used for
image classification in recent years, despite the fact that they each have their own
share of flaws and provide only moderate accuracy at most. In recent years, there
has been a significant increase in the use of modern classification methods for image
classification. It has been shown that the DCNN architecture of deep learning is an
effective advanced classification technique that can effectively resolve a variety of
machine learning problems. As a direct consequence of this, there is a large range
of decision-theoretic approaches that may be used for the activity of image classifi-
cation. Each and every classification method begins with the presumption that the
image in question reflects some number of qualities, each of which may be catego-
rized in a single and distinct way. The number of classes may be predetermined by
the analyst, or else it would be possible to have the classes automatically divided
into sets of prototype classes. Image categorization, in its most basic form, refers to
a method used in computer vision that assigns labels to images based on what they
seem to be.

2.2 Related Works

With the emergence of open-source neural network frameworks like TensorFlow and
PyTorch in recent years, image augmentation and categorization have become much
more manageable. TensorFlow has many implemented libraries to create dataset ob-
jects for analysis and implementation. TensorFlow is a Python-friendly open source
toolkit for numerical computation that enables machine learning and the develop-
ment of neural networks quicker and more accurately [25]. PyTorch is a framework
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for deep learning that is available as open source software. It is used for the creation
and training of individualized neural networks. PyTorch was designed specifically
for image categorization thanks to its many one-of-a-kind characteristics that make
it an excellent choice for the task. PyTorch offers a number of pretrained models and
powerful tools for image augmentation, preprocessing, and image classification [17].
In addition to this, it provides a variety of tools for visualizing and troubleshooting
neural networks. PyTorch is much simpler to work with and more straightforward to
troubleshoot compared to TensorFlow. Additionally, it shortens the amount of time
needed for development and cuts the number of iteration cycles necessary to reach
production [34]. However, TensorFlow is the superior choice for bigger projects and
operations that are more sophisticated [31].

Large volumes of labeled data are required by neural networks, which are not always
accessible in medical imaging. We must supplement the labeled data with altered
photos and input them into our model to fix the issue. This enhancement will aid
in improving picture categorization accuracy. Moreover, the transformation is ap-
plicable to train on orientation variations.

In this paper [19], they have proposed a recurrent Wasserstein Autoencoder (R-
WANS) framework for generating modeling of sequential data. This framework
disentangles the representation of an input sequence into static and dynamic fac-
tors—this disentangled representation data generation with style transfer. Style
transfer is used in static data and unsupervised learning frameworks studies. This
unsupervised representation learning is essential in machine learning. It aids in
representing unstructured data into low-dimensional space from high-dimensional
sequence data. It can be applied to both static (image) and dynamic (video) data.
It can disentangle and identify a person from an image and perform downstream
tasks such as classification, retrieval and synthetic video generation from a video
with style transfer. For this reason, they have (i) minimized a Wasserstein Distance
and maximize mutual information, (ii) connected those for unsupervised represen-
tation disentanglement of sequential data, (iii) incorporate a relaxed discrete latent
variable to improve the disentangled learning of action on real data by proposing two
sets of effective regularizes based optimal transport (OT). However, Their research
has not included supervised machine learning and non-sequential data. Their re-
search cannot build high-dimensional space from low-dimensional manifolds, which
is one of our major objectives. Their algorithm adds motion on a static video or im-
age, which can mislead to identify the actual physical problem of an affected person.

The paper’s author [12] suggested a unique end-to-end non-minimax approach for
training optimal transportation mapping with quadratic cost (Wasserstein-2 dis-
tance). Using their approach, the Wasserstein–2 distance or quadratic cost may
be approximated. To do so, they used input CNN and a-cycle-consistency regu-
larization. They haven’t employed bias or scales for this dimension in quadratic
regularizations. They have also proved theoretical bounds about the closeness of
the approximation of the transport mapping and used it. This development method
can be used in the transfer of colors from one picture to another, the movement
of masses across latent spaces, the translation of styles from one image to another,
and domain adaptation. However, They have not included any bias and scales in
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their developed algorithm, which could lead to the overlapping of data. Optimal
transport (OT) is great for non-overlapping data sets. Additional bias and scales
are helpful to overcome this overlapping problem. Their developed approach is suit-
able for high-dimensional data. However, it is not possible to get high-dimensional
data by performing ECG, ultrasonography, and other tests on an affected or sick
person. Their proposed algorithm cannot convert a low-dimensional image into a
high-dimensional space, which is also a major concern.

The authors of [6] introduce WGAN, a method-based replacement for conventional
GAN training. They show how this approach can be used to increase learning con-
sistency, get rid of problems like mode collapse, and provide practical learning curves
for debugging and hyperparameter searches. The relationship between learning dis-
tribution divergences and common probability intervals with respect to the Earth
Mover (EM) distance is then thoroughly theorized. One of the most remarkable
practical aspects of WGANs is its ability to continually estimate the EM distance
by enhancing the discriminator. They have analyzed several of their trials using the
loss measure, and they see this as a significant advancement above earlier efforts to
train GANs with comparable capabilities. They then provide in-depth theoretical
work that demonstrates the strong connections to other distribution distances and
establishes the viability of the pertinent optimization problem. They demonstrate
that learning low-dimensional manifold-supported distributions cannot be done at
a reasonable cost using the Kullback-Leibler (KL), Jensen-Shannon (JS), and Total
Variation (TV) distances. Additionally, WGAN training becomes unstable when
applying large learning rates or when using a momentum-based optimizer on the
critic, such as Adam (Kingma & Ba, 2014) (with 1>0).

WGAN improves ward-reliable GAN training. It may still provide inadequate sam-
ples or fail to converge, according to [8]. They found that weight clipping’s Lipschitz
limitation on WGAN’s critic causes these complications. Next, the authors propose
penalizing the critic’s gradient norm for its contribution to weight reduction. This
technique outperforms classic WGAN since it can train 101-layer ResNets and lan-
guage models with continuous generators with less hyperparameter adjustment and
a high success rate. They offer a uniform sample distribution along a straight line
with a penalty coefficient and a two-sided penalty to compute the gradient penalty
to meet the Lipschitz condition. They tested the model on the LSUN bedrooms
dataset using six GAN structures. This strong modeling method improves massive
dataset and language modeling. GANs are strong yet unstable during training. The
weight limit and cost function interact, which might cause the gradient to disappear
or grow overly big if the clipping threshold is not set properly, making WGAN op-
timization problematic. Most GAN implementations employed batch normalization
for the generator and discriminator to improve training consistency. The discrimi-
nator now maps an entire set of inputs to create another set of outputs.

According to the authors of the research, early data reveal that anomalies occur
in the chest X-rays of individuals with COVID-19 [15]. Consequently, various deep
learning approaches have been created, as well as groundwork demonstrated that
COVID-19 patient identification using chest X-rays has a high degree of accuracy.
CNNs and other deep learning networks need a large quantity of training data. Be-
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cause the epidemic is new, it might be difficult to quickly collect a significant number
of radiographic photographs. Consequently, we created CovidGAN, an ACGAN-
based model for creating synthetic chest X-ray (CXR) images for this investigation.
We also illustrate how CovidGAN-generated synthetic images may be leveraged to
enhance the capability of detecting COVID-19 possessed by CNN. Just using CNN
resulted in an accuracy of 85 percent for the classification. Through the use of fab-
ricated images generated by CovidGAN, the accuracy was improved to 95%. We
anticipate that we will be able to discover COVID-19 more quickly and construct
radiological systems with a higher degree of reliability by using this technology.

It is crucial to identify any lesions present in the medical picture data in order to
provide an accurate diagnosis, choose the most effective treatment option, and assess
the patient’s anticipated result. Supervised learning is used by the most majority
of segmentation and classification algorithms, and it relies on correctly labeled vox-
els or images. Contrarily, imaging may be time-consuming and technical expertise
is often required for reliable lesion diagnosis. [14] The author proposes a medical
image production strategy using an abnormal-to-normal translation generative ad-
versarial network (ANT-GAN). A medical image synthesis tool, this model can take
an aberrant medical image and generate a normal-looking medical image from it
without the need of a training dataset. What it does is transform a medical image
that once seemed aberrant into one that seems normal. Unlike traditional GANs,
which aim to construct realistic samples with variations, our more constrained model
tries to generate a normal-looking picture that resembles one with lesions. In con-
trast, traditional GANs rely on random sampling to construct realistic examples.
Findings from our research suggest that providing a normal equivalent to a medical
image might be helpful for medical imaging tasks such as lesion segmentation and
classification. On the other hand, the ANT-GAN model may generate a lesioned
picture that is otherwise indistinguishable from the original healthy image. Our
research demonstrates that this is suggestive of data augmentation. An adversarial
generative network called ANT-GAN was proposed to remove lesions from a medical
image while maintaining its overall appearance. They also showed how having both
images may help with medical image segmentation and classification by providing
more information about how the image should appear if the patient were healthy.
To summarize, this was crucial for maximizing the potential of this little data set
in compared to other GAN configurations.

Skin cancer has become one of the world’s most serious concerns due to its high
incidence rate and poor survival rate. Over the last fifty years, the number of peo-
ple diagnosed with skin cancer has risen rapidly. Early survival rates for melanoma
patients may reach 95% within five years, but late survival rates are barely 15%.
This huge disparity emphasizes the necessity of early melanoma detection and di-
agnosis. As a result, detecting this kind of skin cancer is critical. Skin cancer is
diagnosed via dermoscopy, an imaging procedure. The naked eye’s identification has
a considerable degree of inaccuracy, notwithstanding its high accuracy rate. ANN
is made up of artificial neurons that are modeled after real neurons in the brain.
Researchers found that convolutional neural networks (CNNs), a kind of network
often employed for the task of image classification, are a refined version of the more
traditional feedforward neural networks [24]. The tremendous increase in computer
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performance has allowed for substantial progress in artificial intelligence and deep
learning technologies. The field of image processing is one area where these technolo-
gies have been put to good use. Discrete convolutional neural networks (DCNNs)
can reliably recognize, segment, and identify areas and objects in medical pictures.
The application of deep learning is on the rise in clinical settings, where it is yielding
impressive results in pattern recognition, especially in the areas of image segmenta-
tion and classification. As a result, a recent study has presented a strategy based
on style-based GANs and DenseNet201 for enhancing skin blemishes. Their ability
to lose has also been strengthened. This study will aid in the diagnosis of skin
diseases by dermatologists, increase patients’ knowledge of skin health, and provide
a valuable resource for artificial intelligence-based dermoscopy picture processing.
In order to better serve patients and dermatologists, they are also working to make
this computer-based diagnostic process mobile-friendly.

Data scarcity and imbalance plague the healthcare industry. Due to privacy is-
sues, most datasets are unavailable. Furthermore, there are no data-sharing incen-
tives. Because of these difficulties, generative modeling and data augmentation have
become important in that field. This work investigates a machine learning-based
strategy for distinguishing between Covid-19 and non-Covid-19 impacted Chest X-
Rays in this setting. Furthermore, this study looked at an unique use of variational
autoencoders (VAEs). A VAE model is trained to create scan pathways, which
are image-based representations of eye-tracking data. The author of the article [9]
looked at the benefits of using VAEs in the case of unbalanced datasets. They did
this by extracting an unbalanced subset of the well-known MNIST dataset. Fur-
thermore, the authors added synthetic samples to a VAE model. The addition of
VAE-generated samples improved classification accuracy in general, according to
their findings.

Similarly, the authors of the research [13] examined the influence of various aug-
mentation procedures on model accuracy in supervised machine learning situations.
The authors concentrated on datasets that were comparably smaller. There were
fewer than 1000 samples per class. Their research is based on 19 different bench-
mark datasets. The accuracy of their predictions has been enhanced by around 3%
thanks to the use of VAE and GAN models.

The study [22] proposes an OTDDA architecture to switch between diagnostics for
a machine’s fault in different modes of operation. There are two major concerns
that need to be taken into account with this system. First, there are difficulties
in precisely gauging and identifying the gap between the origin and destination
spaces. Secondly, focus on the distinctions between features as opposed to labels.
Their focus is on unsupervised domain adaptation, which involves matching the
distribution of the source domain to that of the target domain. This is done by first
applying the classifier trained on data from the source domain to the target domain.
Furthermore, the OTDDA design has been proposed to improve the accuracy of
fault diagnostics during real industrial production.
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Chapter 3

Methodology

Proposed OT GANApproach for Chest X-Ray Anal-

ysis of Lung Diseases

In this chapter, the approach is illustrated in the following sequence: gathering data
in order to train the Neural Network, picture pre-processing and training the Neural
Network, and assessment procedures.

We have approached the following steps:

Figure 3.1: The top level overview of the proposed method

The Figure 3.1 describes the top level overview of the proposed method of the
Optimal Transport based Generative Adversarial Networks for Medical Image Aug-
mentation and Classification.

Our primary focus is on dividing the imaging data into four distinct categories:
healthy, COVID-19, viral pneumonia, and lung opacity. We provide an approach to
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medical picture enhancement and classification using Generative Adversarial Net-
works (GANs) and Optimal Transport (OT) theory. It consists of many stages: 1)
The generator creates a false picture out of noise in an attempt to trick the discrim-
inator. The generator’s primary purpose is to create an image that looks as realistic
as possible, (2) feed a real image from our dataset into the discriminator function
from our dataset, along with a fake image generated by the generator, and have
the discriminator determine which image is which, (3) extract latent space from
the discriminator’s output. Optimal Transport (OT) theory-based maximizing er-
ror for generator and Optimal Transport (OT) theory-based minimizing of error for
discriminator are used to calculate the loss function for both the genuine and false
images, respectively. (4) training the generated images and real images from the
dataset with three transfer learning models (VGG19, Inception V3, and Xception),
each with 500 epochs, (5) analyzing the last layer of each model with Explainable
AI Algorithm GradCAM to generate the heat map images and the superimposed
images for evaluating the models.

The next few sections explain different phases of the proposed model in detail.

3.1 Dataset

An XR image dataset including the PA and AP perspectives (Posterior-Anterior
(PA) and Anterior-Posterior (AP) views) was used to generate the research. These
data sets have been acquired from publicly accessible kaggle’s databases.Our Op-
timal Transport Theory based classification research has been conducted on two
datasets, namely Chest X-ray (Covid-19 & Pneumonia)[32] and Lung Opacity Overview
[11].

3.1.1 Chest X-ray Data Set

The Chest X-ray Data Set [33] has only three discriminative types of sample impres-
sions. It comprises 6432 samples out of which 1583 are normal, 576 are COVID-19,
4273 are Viral Pneumonia. It does not carry any sample for Lung Opacity.

3.1.2 Lung Opacity Overview Data Set

The Lung Opacity Overview Data Set [11] does not carry any sample for COVID-19
and Viral Pneumonia. Rather it has 8851 ordinary samples, 9555 Lung Opacity and
11821 non-detected samples.

3.2 Image Pre-processing

The X-ray pictures were scaled in both the PA and AP directions before being sent
into the neural networks. Multiclass classification use the remaining three models
to determine whether the image is normal, Covid-19, has lung opacity, or is affected
by viral pneumonia. For the purpose of comparing the VGG-19 and Inception V3
models, image sizes were standardized and reduced to a minimum of 224 by 224
pixels. For the Xception model, the minimum recommended picture size is 299 by
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299 pixels to comply with the standard specification.

Additionally, Z-normalization was used to modify the dataset. Standardization
speeds up the training process while aiding model stabilization in machine learning
techniques. For z normalization, the following is appropriate (3.1).

X̂ =
X[: i]− µi

σi
(3.1)

Here, σi is the feature’s standard deviation, and µi is the feature’s mean value.

3.3 Training / Testing Data Formulation

After settling on a set of classes, we must next address the problem of data formu-
lation. Here, we used a method called stratified random sampling. To guarantee a
fair split between our training and testing data, we’re using this strategy. There are
now two distinct collections of data; (1) train data; (2) test data. To achieve this,
you will need to choose around 80% of the data at random without replacing them
and add them to your training set. You’ll use the remaining 20% in your test group.

3.4 Image Classification with Transfer Learning

Models

Three distinct Convolution Neural Networks were used to train, verify, and test the
gathered chest X-ray data for both the binary class and multiclass setup. On two
local machine versions with a Ryzen 7 3700X CPU, RTX 2060 Super 8GB GPU,
and 64 GB RAM specification and an 11 GEN core i-5, RTX 3060 6GB GPU, and
24 GB RAM, the VGG19, Inception V3, and Xception models were utilized to train
the dataset. Using a weighted categorical loss function helps fix the problem of class
imbalance in the training data. When creating models, the Adam optimizer is used
with its default parameters to ensure computational efficiency and a fast learning
rate. If you set your patience to 15, for example, early stopping will be utilized to
keep an eye on validity loss and end training once it has stabilized. Model training
was fine-tuned using a factor of 0.25 and 15 iterations of patience until validation
loss stabilized. If the model doesn’t improve after 15 iterations, the training process
is terminated. Mini-batch size of 32 images and 500 epochs were used to train the
models, and the resultant receiver operating characteristic (ROC) curve, confusion
matrix, and evaluation matrices were generated. The GradCam Method is also used
to construct multi-tiered heatmaps. By superimposing the original image on top of
the heatmap, we can better pinpoint the crucial regions of the picture, as well as
make predictions about the pathological condition and the model’s interpretability.
As can be seen in Figure 3.1, the full system diagram used in this investigation is
being used. Multi-class classification issues find Normal, COVID-19, Lung Opacity
and Viral Pneumonia.
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3.4.1 VGG19

In the 2014 ImageNet Large Scale Visual Recognition Challenge, the neural network
VGGNet [3] fared very well (ILSVRC). First in image localization and second in im-
age classification. VGG19, which comprises 16 convolutional layers, 5 Max-pooling
layers, 1 average pooling, flattening, and a thick layer, performed well in our classifi-
cation exercise (see Figure 3.2). The convolutional layers of a VGG19 CNN employ
small 3x3 filters with a stride of 1, while the MaxPooling and Downsampling layers
use 2x2 filters with a stride of 2 to form six huge blocks. We froze the weight up to
the max-pooling layer in the conv5 block, added one average pooling layer, one flat-
tening layer, and one dense layer to our specialized Vgg19 network to fine-tune the
model. Figure 3.1 depicts VGG19 from our lung illness detection classification trials.
The four class challenges discovered were “Normal,” “Covid-19,” “Lung Opacity,”
and “Viral Pneumonia,” whereas the other two classes only detected “Covid-19”
and “Normal” images.
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Figure 3.2: Architecture of VGG19

Figure 3.3: VGG19 model summary

3.4.2 Inception V3

In our study, we were able to recognize images with the help of a neural network
called Inception v3, which is a version of the Inception family of networks and is
based on depth-wise separable convolutions. In a manner comparable to VGG 16,
we made adjustments to the previous three layers of the primary Inception v3 [5]
model. A dropout layer, a dense layer, a flattening layer, an average pooling layer,
and a dense layer were all included in the last step of the classification process. From
a total of 22327396, Inception v3 allows for the modification of 524612 parameters.
In all, there are 21802784 variables that cannot be altered by training.

3.4.3 Xception

Researchers at Google developed a variant of Inception-Depthwise v3’s Separable
Convolutions-based deep neural network architecture they called Xception [7]. In the

17



Figure 3.4: Architecture of Inception V3

Figure 3.5: Inception V3 model summary

convolution process known as depthwise convolution, each input channel is passed
through a single convolutional filter. Pointwise convolution is a kind of convolution
where the 1x1 kernel is iterated over each point. This kernel’s depth is identical to the
number of channels in the original picture. A pointwise convolution is of- ten used
in conjunction with a depthwise convolution to build depth-wise-separable convolu-
tions. In the modified depthwise separable convolution, the pointwise convolution
still comes after the depthwise convolution, even though it came before it in the
original depthwise separable convolution. Changes to the Xception model’s separa-
ble convolutions were implemented in recent years. Our Xception model for labeling
normal, Covid-19, Viral Pneumonia, and Lung Opacity images are shown in Figure
3.6. Separable Convolutions are modified depth wise-separable convolutions that
use the intermediate flow’s residual connections. As part of the Xception paradigm,
information is sent from the input flow to the central flow eight times before eventu-
ally leaving the system through the exit flow. Average Layers of flattening, density,
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and pooling with a 4x4 pool size are used to recognize images. Images are classified
as either “Normal”, “Covid-19”, “Lung Opacity”, and “Viral Pneumonia” using a
final thick layer with an output size of four and similar architectural principles.
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Figure 3.6: Architecture of Xception.
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Figure 3.7: Xception model summary

3.5 Decision Modelling

25 photos from each of the four classes were used to train each model (in total
100). Initially, we used these 100 photos to train the VGG19 model, the Inception
V3 model, and the Xception model. We have gathered the requisite knowledge
and classification data after training using these transfer learning models. Then,
using the same 100 photos, we created a network of generative adversarial networks
that added 1600 more images using our suggested Optimal Transport theory. The
VGG19 model, the Inception V3 model, and the Xception model were all retrained
using the enhanced 1600 pictures. Using these transfer learning techniques, we have
once again gathered the essential knowledge and classification data. Our analysis of
the data led us to suggest a more effective method for identifying lung opacity, viral
pneumonia, COVID-19, and normal pneumonia.

3.5.1 Designing Generator

By integrating input from the discriminator, the generator component of a GAN
learns to produce fictitious data.As a result, it improves its chances of having its
output recognized as genuine by the discriminator. When training a generator, as
opposed to a discriminator, the two systems must be more tightly coupled [29]. The
GAN’s generator training section consists of:

• Various input.

• To create a data instance from scratch, the input is fed into a network that
instance from randomness.
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• A network discriminator that sorts the data it collects.

• Output of a discriminator.

• Generator loss, a punishment for the generator’s inability to trick the discrim-
inator.

Upsampling is to increase the number of rows or columns (dimensions) of the image.
That is why we initially take a input image of size 64×64, and gradually increase the
size to 128×128, 256×256, and then to 512×512 with the help of Conv2DTranspose
convolution operation, Leaky ReLU activation function. Here, we have used the
kernel size of 4 and stride of 2×2 [18].

Figure 3.8: The architecture of generator neural network

3.5.2 Designing Discriminator

The training data for the discriminator originates from two sources:

• Instances of genuine data, such actual photographs of individuals. These
events are used as encouraging examples by the discriminator during train-
ing.

• Examples of fake data that the generator has produced. In the course of its
training, the discriminator will reference incidents like these.

Two data sources feed the discriminator While the discriminator is being trained,
the generator is not being trained. Its weights remain fixed as it generates samples
for the discriminator to learn on.

The discriminator is linked to two loss functions. During training, the discriminator
simply uses the discriminator loss and ignores the generator loss. We use the gen-
erator loss during generator training, which is detailed in the next section [28].

When developing discriminators:

• The discriminator separates the generator’s actual data from its phony data.

• The discriminator who erroneously identifies a real instance as fake or a fake
instance as real incurs a discriminator loss.

• During backpropagation from the discriminator loss through the discriminator
network, the weights of the discriminator change.
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Here, we have taken a image of size 512×512. Then we gradually downsampled the
image to 256×256, 128×128 and 64×64 with the help of conv2DTranspose, stride of
size 2×2 and Leaky ReLU function.The process of downscaling reduces the size of
a single photograph. The data becomes more manageable as a result. It contains:

• Decreases the data’s dimensionality, allowing for speedier processing of the
data (image).

• Reduces the amount of data stored.

It is sometimes mixed up with picture compression, which is entirely unrelated
and has a completely different purpose. Here, we’re just interested in the image’s
reduction in size. That effectively implies discarding part of the irrelevant data.

Figure 3.9: The architecture of the discriminator neural network.

3.5.3 Wasserstein Distance

When training the model, Wasserstein distance helps the generative adversarial net-
work become more stable and offers a loss function that is correlated with the caliber
of the produced pictures.

It’s a big deal, and it requires a conceptual shift from the discriminator that assesses
the possibility that a generated picture will be “real” to the critic model that judges
the “realness” of a specific image.

We have analytically justified this conceptual shift by training the GAN using the
earth mover distance, also known as the Wasserstein distance, which measures the
dissimilarity between the distribution of data data in the training datasets and the
distribution of data in the output instances.Mathematically it is defined as,

W (Pr,Pg) = inf
γϵΠ(Pr,Pg)

E(x,y)∼[∥x− y∥] (3.2)

Equation 3.2: Wassertein distance between distribution Pr & Pg.

In equation 3.2, Π(Pr, Pg) is the set of all joint distributions over x and y such that
the marginal distributions are equal toPr and Pg. γ(x, y) can be seen as the amount
of mass that must be moved from x to y to transform Pr to Pg [3.2]. The Wasserstein
distance is then the cost of the optimal transport plan.

W (Pr,Pg) ∝ max
ω∈W

Ex∼Pr [fw(x)]− Ez∼Z [fw(gθ (z))] (3.3)
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Equation 3.3: Wasserstein Distance multiplied by constant

Instead of the discriminator that GANs have taught us to recognize, we have now
added a critic. The critic network has a similar architecture to a discriminator
network, but instead of maximizing the previous equation, it optimizes to find W
that will minimize the Wasserstein distance. To that goal, the critic’s objective role
is as follows:

Lcritic(w) = max
ω∈W

Ex∼Pr [fw(x)]− Ez∼Z [fw(gθ (z))] (3.4)

Equation 3.4: Critic objective function.

Here, to enforce Lipschitz continuity on the function f, the authors resort to restrict-
ing the weights w to a compact space. This is done by clamping the weights to a
small range([-1e-2, 1e-2]) [27].

It is difficult to train Generative Adversarial Networks, or GANs.

A given input picture must be classified as genuine (drawn from the dataset) or false
(manufactured) by the discriminator model, and new and believable images must
be created by the generator model.

Since GANs need concurrent training of a generator and a discriminator model,
training might seem like a zero-sum game. For steady training to occur, it is neces-
sary to strike a balance between the capacities of the two models.

An example of a neural network trained to solve a binary classification problem, the
discriminator model employs a cross-entropy loss function and a sigmoid activation
function in its output layer. As a consequence, the model predicts an input’s likeli-
hood of being authentic (or fraudulent, as 1 minus the predicted) as a value between
0 and 1.

The loss function has an effect of punishing the model proportionally to the extent
to which the probability distribution it predicts for a given image deviates from the
predicted probability distribution. This lays the groundwork for the error that is
back propagated between the discriminator and the generator, allowing for improved
performance on the next batch.

Although the WGAN has a robust theoretical foundation, it differs somewhat from
the conventional deep convolutional GAN in a few key ways.

The modifications are as follows:

• Utilize a linear activation function in the critic model’s output layer (instead
of sigmoid).

• To make the ratings for genuine and created pictures more different, train the
critic and generator models using Wasserstein loss.

• After each small batch update, restrict the range of the critic model weights
(e.g. [-0.01,0.01]).
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Figure 3.10: Wasserstein Distance Algorithm.

3.5.4 Wasserstein Distance based Loss Function

Because the discriminator does not actively classify examples, this loss function re-
lies on a variant of the GAN technique. This system generates a numerical value
for each occurrence. As this number might be either less than one or more than
zero, we can’t use it as a cutoff for determining whether or not an instance is real.
Discriminator training, in its simplest form, aims to boost output for true instances
while simultaneously decreasing output for erroneous ones.

Due to its inability to accurately discriminate between authentic and fake content,
the discriminator is more accurately referred to as a critic. This variation is theo-
retically important, but in practice it may simply be seen as a recognition that loss
function inputs need not necessarily be probabilities.

The loss functions themselves are deceptively simple:

Critic Loss: D(x) - D(G(z))

To optimize this function, the discriminator endeavors. It aims to increase the dif-
ference between the output on actual instances and the output on dummy instances.

Generator Loss: D(G(z))

The generator attempts to maximize this function. That is, it seeks to improve the
discriminator’s performance on its sham data by feeding it more of the latter.

Within these roles:

• D(x) is the critic’s output for a real instance.

• G(z) is the generator’s output when given noise z.
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• D(G(z)) is the critic’s output for a fake instance.

• The output of critic D does not have to be between 1 and 0.

The goal of the Wasserstein loss function is to widen the difference between the
scores for actual and produced pictures.

We can summarize the function as it is described in the paper as follows:

• Critic Loss = [average critic score on real images] – [average critic score on
fake images]

• Generator Loss = -[average critic score on fake images]

In this instance, the kind of loss is irrelevant as long as the loss for genuine pho-
tographs is low and the loss for false images is high. The Wasserstein defeat moti-
vates the critic to disentangle these figures.

Alternately, we may encourage the reviewer to give genuine photographs high rat-
ings and phony images low ratings in order to accomplish the same outcome. This
modification is made in certain implementations.

This positive or negative split of training-acquired scores is unnecessary; just greater
and smaller is sufficient, but it is a helpful way to think about it. A negative score
should be given to authentic photos and a good score to fake ones.

• Small Critic Score (e.g.¡ 0): Real – Large Critic Score (e.g.>0): Fake

To guarantee the gradient is heading in the appropriate direction, i.e. toward di-
minishing loss, it is possible to multiply the average projected score by -1 when
dealing with fake images. For instance, while computing weight updates, average
false picture scores of [0.5, 0.8, and 1.0] over three batches of fake photos would
change to [-0.5, -0.8, and -1.0].

• Loss For Fake Images = -1×Average Critic Score

Genuine scores do not need modification since we aim to promote lower average
ratings for real photographs.

• Loss For Real Images = Average Critic Score

The loss function may be implemented by multiplying the anticipated label by the
average score, with an expected result objective of -1 for false photos and 1 for actual
images. A greater forecast average will be encouraged by the -1 label multiplied
by the average score for false photos, while a smaller predicted average will be
encouraged by the +1 label multiplied by the average score for actual photographs
[26], [4], [23].

• Wasserstein Loss = Label × Average Critic Score

Or

• Wasserstein Loss(Real Images) = 1 × Average Predicted Score

• Wasserstein Loss(Fake Images) = -1 × Average Predicted Score
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3.5.5 Sinkhorn Divergence

A technique for gauging the separation between probability distributions is the
Sinkhorn divergence, commonly referred to as the Sinkhorn distance.Keep in mind
that the regularized version of the Sinkhorn divergence is the Wasserstein distance,
which is often used to measure the distance between probability distributions. The
Wasserstein distance is a tool for calculating the cost of relocating a distribution from
one point to another, making it applicable to optimization problems.The Wasser-
stein distance is noise-sensitive and challenging to calculate for large distributions.
The Sinkhorn divergence resolves both problems by utilizing an approach called it-
erative scaling to approximate the solution and by adding a regularization factor
that aids in stabilizing the optimization. The sinkhorn divergence, also known as
Sinkhorn Loss or Sinkhorn Regularization, is utilized as an optimization target in
many deep-learning based tasks because it approximates the optimum transit be-
tween two measures, overcomes computational challenges, and may be relaxed to a
differentiable form.

Formally, the Sinkhorn divergence is described as

Wε(µ, υ) = inf
π∈Π(µ,ν)

[(∫
x×x

c (x, y) dπ (x, y) + ϵH (π)

)]
(3.5)

where ϵ >0 is a coefficient and the entropic regularization H (π) is given below,

H (π) = log

(
dπ

dµdν
(x, y)

)
(3.6)

To ensure the unique minimizer, the entropic regularization renders the Sinkhorn
divergence strictly convex. Using simply matrix-vector products, the Sinkhorn diver-
gence permits the implementation of a very simple iterative method that converges
fast to a solution of (3.5). It should be noted that the sample space defines the
Sinkhorn divergence (3.6) [20].

27



Chapter 4

Performance Evaluation and
Result Analysis

In this section of the thesis, we will describe the findings and conclusions of our
research.

4.1 Performance Evaluation Matrics

In order to assess the performance of three deep learning algorithms for classifying
X-ray images according to (4.1), (4.2), (4.3), (4.4), and (4.5), we measured accuracy,
sensitivity or recall, specificity, positive predictive value (PPV), and F1 score. The
proportion of correctly identified positive samples to all positive samples is known
as precision[1]. A poor accuracy will produce a large number of false positives,
which means patients will be incorrectly labeled as having a certain ailment. The
recall[1] is equal to the division of the number of true positives and summation of
true positives, and false negatives. Recall takes into account the false negative rate.
Low recollection rates might result in inaccurate diagnosis. The harmonic mean of
recall and accuracy is the F1- score, which is 4.5. In the classification job, a high
F1 score is sought.

Accuracyi =
TPi + TNi

TPi + TNi + FPi + FNi

(4.1)

Precisioni =
TPi

TPi + FPi

(4.2)

Sensitivityi =
TPi

TPi + FNi

(4.3)

Specificityi =
TNi

TNi + FPi

(4.4)

F1 scorei = 2× Precisioni × Sensitivityi
Precisioni + Sensitivityi

(4.5)

Where,
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• Covid and Normal for classification problem (i)

• True Positive (TP)

• False Negative (FN)

• True Negative (TN)

This article used the gradient weighted Class Activation Mapping (GradCAM)
method to visualize the input areas crucial to the model’s predictions and to explain
the model’s efficacy via a heatmap of the three layers of a convolutional neural net-
work (CNN). The whole Gradcam analysis procedure for normal, COVID-19, Viral
Pneumonia, and Lung Opacity pictures is shown in Figure 4.22, and Figure 4.23 of
our study. The identical design is used for all four classes, with the exception that
Covid, Normal, Lung Opacity, and Viral Pneumonia are the output classes. It is
often feasible to show the reasoning behind the model’s conclusion for a given class
by using heatmaps. Before developing the picture’s class prediction, we put a pic-
ture through the model to acquire a forecast of what the picture will look like. The
gradient of the class with regard to Feature Map activation Ak was then calculated.

Ak =
∂yc

∂Ak
ij

(4.6)

These gradients flowing back are combined globally to provide the neuron signifi-
cance weights across the width and height dimensions (indexed by i and j, respec-
tively).

wc
k =

1

Z

∑
j

∑
i

∂yc

∂Ak
ij

(4.7)

Next, we calculate the Grad Cam using the equation x.

Lc
GradAM

C
= ReLU

(∑
k

wc
kA

k

)
(4.8)

By combining the original picture with the heatmap, we produced a visualiza-
tion.This letter investigated the GradCam visualization for the binary class for all
transfer learning models and compared heatmaps across all the models to discover
improved effectiveness and explain which portion of the features impacting model to
determine a certain class. In order to determine which areas impact categorization
using GradCam, we first examined various layers and blocks of a model. In order
to better understand model performances, we next examined the final convolution
layer of activation maps for three CNN models. For the multiclass classification, we
examined the heatmaps of the final CNN layers for the three models and came to a
conclusion by contrasting them.
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4.2 Experimental Result

Models were evaluated on a test set that they had no access to while being trained.
Testing precision, recall, F1-score (F1), accuracy (Acc), Positive Predictive Value
(PPV), and Area Under the ROC Curve (AUC) were calculated to statistically
evaluate the models (AUC). In Table 4.1, we can get a summary of how the three
CNN networks tested in this article fared in a two-class configuration. Moreover,
the three developed networks’ performance is demonstrated for two varying input
picture sizes. We can see that the VGG19 model has an accuracy of 96.94%, whereas
Inception V3 and Xception both have an accuracy of 95.35 and 92.62 percent re-
spectively. Precision for Inception V3 is 99.83 percent, Xception is 95.7 percent,
and VGG19 is 96.1 percent. The VGG19 model has a recall of 97.70%, whereas the
Inception V3 model and the Xception model both have sensitivity values of 91.56%.

Table 4.1: Performance measures for the three models

Input Image Size Models Accuracy Class
Precision
(PPV)

Recall
(Sensitivity)

F1 Score AUC
Explainable

AI

224×224 VGG19 0.9694

Normal
Covid-19

Viral Pneumonia
Lung Opacity

0.9819
0.9819
0.9425
0.9862

0.9609
0.9741
0.9719
0.9804

0.9614
0.9779
0.957
0.9833

0.99
1.00
0.99
1.00

Y

299×299 Xception 0.9262

Normal
Covid-19

Viral Pneumonia
Lung Opacity

0.9102
0.9555
0.8988
0.9666

0.912
0.9532
0.9075
0.958

0.912
0.9532
0.9075
0.958

0.95
0.96
0.92
0.98

Y

224×224 Inception V3 0.9535

Normal
Covid-19

Viral Pneumonia
Lung Opacity

0.9983
0.9781
0.950
0.9795

0.9552
0.9517
0.9474
0.9785

0.9552
0.9517
0.9474
0.9785

0.99
0.98
0.98
1.00

Y

Figure 4.1: Precision, Recall, F1 Score and Accuracy bar chart comparison for the
VGG19 model

In the above Figure 4.1, the bar chart compares the Precision, Sensitivity, F1 Score
and Accuracy of before and after implementing the Optimal Transport theory for the
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VGG19 port Theory as the previous Precision, Sensitivity, F1 Score and Accuracy
was 0.8335, 0.8131, 0.8241 and 0.8202 and now it has increased to 0.9614, 0.977,
0.9691 and 0.9694 respectively.

Figure 4.2: Loss Function Graph of the VGG19 Model without OT-GAN

Figure 4.3: Loss Function Graph of the VGG19 Model with OT-GAN

In Figure 4.2 and Figure-4.3, we can observe that the loss value has significantly
reduced with the implementation of the Optimal Transport Theorem in the VGG19
model. The graph of loss function with Optimal Transport Theorem[Figure 4.3]
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has significantly stabilized. Furthermore, it has also reduced the oscillation in the
graph.

Figure 4.4: Accuracy Graph of the VGG19 Model without OT-GAN

Figure 4.5: Accuracy Graph of the VGG19 Model with OT-GAN

Implementation of Optimal Transport Theory has increased the accuracy of the
VGG19 model significantly. Where the previous accuracy was 82.02 percent[Figure
4.4], after the implementation of Optimal Transport Theory, it has been increased
to 96.94 percent[Figure 4.5].
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Figure 4.6: ROC Curve for the VGG19 Model

Figure 4.6 shows the ROC curve for the VGG19 model where AUC for the normal
class, the COVID-19 class, the Viral Pneumonia and the Lung Opacity class are
0.99, 1.00, 0.99 and 1.00 respectively.

Figure 4.7: Confusion matrix of the VGG19 Model

Figure 4.7 shows the confusion matrix for the VGG19 model. It shows the per-
formance and usefulness of our VGG19 model. From the figure[fig 4.7], it shows
that the accuracy for the COVID-19 class is 0.978 where for the Normal class, the
Viral Pneumonia class and the Lung Opacity class are 0.9608, 0.9558 and 0.983
respectively.
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Figure 4.8: Precision, Recall, F1 Score and Accuracy bar chart comparison for the
Inception V3 model

In the above Figure 4.8, the bar chart compares the Precision, Sensitivity, F1 Score
and Accuracy of before and after implementing the Optimal Transport theory for
the Inception V3 model. The value of each parameter has increased significantly
with the implementation of Optimal Transport Theory like the previous bar chart
graph as as the previous Precision, Sensitivity, F1 Score and Accuracy was 0.7655,
0.7821, 0.7737 and 0.7718 respectively and now it has increased to 0.9983, 0.9156,
0.9552 and 0.9535 respectively[fig 4.1].

Figure 4.9: Loss Function Graph of the Inception V3 Model without OT-GAN
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Figure 4.10: Loss Function Graph of the Inception V3 Model with OT-GAN

In Figure 4.9 and Figure 4.10, we can observe that the loss value has significantly
reduced with the implementation of the Optimal Transport Theorem in the Inception
V3 model. The graph of loss function with Optimal Transport Theorem[Figure 4.10]
has significantly stabilized. Furthermore, it has also reduced the oscillation as well
as before.

Figure 4.11: Accuracy Graph of the Inception V3 Model without OT-GAN
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Figure 4.12: Accuracy Graph of the Inception V3 Model with OT-GAN

Implementation of Optimal Transport Theory has increased the accuracy of the
Inception V3 model significantly. Where the previous accuracy was 77.18 percent
[Figure 4.11], after the implementation of Optimal Transport Theory, it has been
increased to 95.35 percent[Figure 4.12].

Figure 4.13: ROC Curve for the Inception V3 Model

Figure 4.13 shows the ROC curve for the Inception V3 model where AUC for the
normal class, the COVID-19 class, the Viral Pneumonia and the Lung Opacity class
are 0.98, 0.98, 1.00 and 0.99 respectively.
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Figure 4.14: Confusion Matrix for the Inception V3 Model

Figure 4.14 shows the confusion matrix for the Inception V3 model. It shows the
performance and usefulness of our Inception V3 model. From the figure[fig 4.14],
it shows that the accuracy for the COVID-19 class is 0.95 where for the Normal
class, the Viral Pneumonia class and the Lung Opacity class are 0.957, 0.949 and
0.958respectively.

Figure 4.15: Precision, Recall, F1 Score and Accuracy bar chart comparison for the
Xception model

In the above figure [Figure 4.15], the bar chart compares the Precision, Sensitivity,
F1 Score and Accuracy of before and after implementing the Optimal Transport the-
ory for the Xception model. The value of each parameter has increased significantly
with the implementation of Optimal Transport Theory like the previous bar chart
graphs[Figure 4.1], [Figure 4.8] as the previous Precision, Sensitivity, F1 Score and
Accuracy was 0.7232, 0.7545, 0.7385 and 0.74 respectively and now it has increased
to 0.9571, 0.8993, 0.9273 and 0.9262 respectively.
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Figure 4.16: Loss Function Graph of the Xception Model without OT-GAN

Figure 4.17: Loss Function Graph of the Xception Model with OT-GAN

In Figure 4.16 and Figure 4.17, we can observe that the loss value has significantly
reduced with the implementation of the Optimal Transport Theorem in the Xception
model. The graph of loss function with Optimal Transport Theorem[Figure 4.17]
has significantly stabilized. Furthermore, it has also reduced the oscillation as well
as before.
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Figure 4.18: Accuracy Graph of the Xception Model without OT-GAN

Figure 4.19: Accuracy Graph of the Xception Model with OT-GAN

Implementation of Optimal Transport Theory has increased the accuracy of the
Xception model significantly. Where the previous accuracy was 74.00 percent [Figure
4.18], after the implementation of Optimal Transport Theory, it has been increased
to 0.9262 percent[Figure 4.19]
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Figure 4.20: ROC Curve for the Xception Model

Figure 4.20 shows the ROC curve for the Xception model where AUC for the normal
class, the COVID-19 class, the Viral Pneumonia and the Lung Opacity class are 0.96,
0.95, 0.98 and 0.92 respectively.

Figure 4.21: Confusion Matrix for the Xception Model

Figure 4.21 shows the confusion matrix for the Xception model. It shows the per-
formance and usefulness of our Inception V3 model. From the figure[fig 4.21], it
shows that the accuracy for the COVID-19 class is 0.9339 where for the Normal
class, the Viral Pneumonia class and the Lung Opacity class are 0.91, 0.9018 and
0.9591 respectively.

4.3 Model Explainability through XAI

It is often possible to use a heatmap to demonstrate how the model came to decide
a certain class. Using GradCAM activation maps and heat maps shown at various
levels of three suggested networks, we qualitatively assessed network-identified ar-
eas of interest.The original picture and heatmap are stacked to highlight the image’s
critical parts in order to forecast the pathological condition, model interpretability,
and to do further analysis. Since the final CNN layer contains high-level informa-
tion, it is often used in the explainable AI algorithm,GradCAM, but we exhibited
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all the network layers to probe the learning process.

The GradCAM technique has been used in this work to

• To determine a model’s decision-making processes, display and contrast the
model’s various layers.

• Pinpoint the network segments that have the most influence on classification.

• To compare the final convolutional layer of three CNN models’ activation maps
in order to clarify all model performances.

To further investigate which model might fare best under clinical situations, we
applied explainable AI to the last layer of VGG19, Inception V3, and Xception and
compared their activation maps. To compare the final convolution layer output of
the VGG19, Inception V3, and Xception models, we used GradCam analysis for
four class categorization.

Figure 4.22: Heat Map images form GradCAM Analysis at the last layer of the CNN
models

In Figure 4.22, first row: four heat map images of the last layer of the normal class,
the COVID-19 class, the Viral Pneumonia class and the Lung Opacity class from
the VGG19 model. The second row and the third row contain the heat map of the
normal class, the COVID-19 class, the Viral Pneumonia class and the Lung Opacity
class from the Inception V3 model and the Xception model respectively. In the same
way, the first column contains the heat map images of the normal class generated in
the last layer of the VGG19 model, the Inception V3 model and the Xception model.
The second column contains the heat map images of the COVID-19 class generated
in the last layer of the VGG19 model, the Inception V3 model and the Xception
model. The third column and the fourth column contain the Viral Pneumonia class
and the Lung Opacity class generated by the same transfer models respectively.
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Figure 4.23: Superimposed images of the GradCAM Analysis at the last layer of the
CNN models

In Figure 4.23, first row: four superimposed images of the last layer of the normal
class, the COVID-19 class, the Viral Pneumonia class and the Lung Opacity class
from the VGG19 model. The second row and the third row contain the superim-
posed images of the normal class, the COVID-19 class, the Viral Pneumonia class
and the Lung Opacity class from the Inception V3 model and the Xception model
respectively. In the same way, the first column contains the superimposed images
of the normal class generated in the last layer of the VGG19 model, the Inception
V3 model and the Xception model. The second column contains the superimposed
images of the COVID-19 class generated in the last layer of the VGG19 model, the
Inception V3 model and the Xception model. The third column and the fourth col-
umn contain the superimposed images of the Viral Pneumonia class and the Lung
Opacity class generated by the same transfer learning models respectively.
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Chapter 5

Conclusion

Three CNN-based transfer learning methodologies are presented in this paper. The
three transfer learning methods are utilized to identify normal, COVID-19, lung
opacity, and viral pneumonia pictures from X-ray images. Three methods are used
to automatically recognize the normal class, the COVID-19 class, the Viral Pneu-
monia class and the Lung Opacity class from X-ray images. Three well-known and
previously published CNN-based deep learning systems were adjusted using chest
X-ray images to improve the ability to tell apart the images for the four class images.
The picture sizes used for the models’ training were 299 by 299 for the Xception
model, 224 by 224 for the VGG19, and 224 by 224 for the Inception V3 model, in
accordance with the model’s standard criteria. Because this is a sensitive diagnosis
for the healthcare industry, it is essential to train the model with an image size
that does not lose any important information. The VGG19 model, the Inception V3
model, and the Xception model are each 0.9614, 0.9535, and 0.9262 percent accurate
when given a normal image input. Applying explainable AI to the last layer of each
of the three networks indicated that the VGG19 model was keeping an eye on the
area of the chest where COVID-19, Viral Pneumonia and Lung Opacity have been
located, indicating that it is the best of the three models. Additionally, the exper-
iment shows that the final block of every model keeps track of information that is
essential to classification, and the last block activation layer is in charge of spotting
more complex characteristics since it is situated near to the model output. With
respiratory failure being the main cause of mortality, COVID-19 has already pre-
sented a threat to the world’s healthcare system. Additionally, Bangladesh is seeing
an increase in viral pneumonia and lung opacity. The VGG19 model-based diag-
nosis described in this study has the potential to save lives through early screening
and appropriate therapy. As doctors’ time is limited due to the enormous number
of patients seen outside of office hours or in an emergency, this diagnosis has the
potential to reduce mortality rates. Our explainability may not only help doctors
improve Covid-19 screening, but it may also act as a responsible and transparent
audit of our models.

5.1 Challenges and Future Directions

Obtaining data is the most difficult endeavor due to the restricted and scarcity
of healthcare data. To conduct a more thorough investigation and to create better
models that can detect and diagnose illnesses at their very earliest stages, we believe
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that additional data is necessary. In the future, many anatomical illnesses may be
the focus of an approach using 3D models. We envision a comprehensive system that
can identify any sickness that affects individuals, greatly reducing their suffering.
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