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ABSTRACT

The scarcity of medical images remains a major challenge in the development of accurate
and reliable deep learning models for medical image analysis.
This thesis explores the use of generative models specifically Generative Adversarial Networks
(GANS) and Diffusion Models to synthesize realistic chest X-ray images for data augmentation.
Different generative models were implemented and evaluated such as DCGAN, WGAN-GP,
ProGAN, StyleGAN3, DDPM, and DDIM. All models were trained to generate grayscale chest
X-ray images at a resolution of 64 x64 pixels. The quality of the generated images was assessed
using both quantitative metrics, such as the Fréchet Inception Distance (FID), and qualitative
evaluation through a Visual Turing Test (VIT'T) conducted by a radiologist.
Results showed that diffusion models, particularly DDIM and DDPM, produced the most
realistic images, in the normal and pneumonia classes. Interestinglyy, DCGAN showed
unexpectedly strong performance when generating Normal chest X-ray images.
The findings demonstrate that generative models, especially diffusion-based models can
effectively contribute to expanding medical datasets and improving deep learning performance,
although computational limitations and resolution constraints remain challenges.

Keywords: Medical Imaging, GANs, Diffusion Models, Data Augmentation,
Image Analysis, Artificial Intelligence, Generative models, Deep Learning, Image
synthesis, Chest X-Ray.
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CHAPTER 1

INTRODUCTION

Contents
1.1 Problematic and motivation . . . . . . .. . ... ... ..., 1
1.2 Organization of the thesis . . . ... .. ... ... .......... 2

1.1 Problematic and motivation

Medical Image Analysis is the process of applying computer vision, artificial intelligence
(AI), and image processing techniques to interpret medical images such as X-rays, MRIs, CT
scans, and ultrasounds. This field plays a critical role in supporting diagnosis, treatment plan-
ning, and medical research. However, one of the primary challenges in medical image analysis
is the limited availability of datasets. This scarcity is often due to patient privacy regulations,
the high cost of expert labeling, and the rarity of certain medical conditions, making it difficult
to collect large, diverse datasets necessary for training deep learning models.

Deep learning approaches, particularly convolutional neural networks (CNNs), have shown im-
pressive performance in various medical imaging tasks. Yet, these models typically require large
volumes of high-quality data to achieve robust and generalizable results. To overcome this lim-
itation, data augmentation techniques are widely used. Traditional augmentation methods,
such as flipping, rotation, cropping, and brightness adjustment help improve dataset diversity
but are inherently limited in their ability to produce truly novel samples.

In response, more advanced augmentation methods using Generative Adversarial Networks
(GANs) and Diffusion Models have emerged. These generative models are capable of synthe-
sizing realistic medical images, thereby effectively expanding dataset size and variability. This
study explores the use of such models to generate synthetic chest X-ray images, aiming to ad-
dress data scarcity in a clinically meaningful way.

In this thesis, we implemented and compared several generative models, including DCGAN,
WGAN-GP, ProGAN, StyleGAN3, DDPM, and DDIM, to evaluate their ability to generate
high-quality chest X-ray images at a resolution of 64 x 64 pixels. We assessed the results us-
ing both quantitative metrics, such as the Fréchet Inception Distance (FID), and qualitative
evaluation through the Visual Turing Test (VTT), which was conducted by a radiologist. De-
spite the resolution limitations and computational constraints, models like DDPM, DDIM and
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DCGAN demonstrated competitive visual performance, with DCGAN surprisingly matching
diffusion-based models in some Normal class cases.

The findings in this thesis contribute to the growing field of synthetic data for medical imag-
ing and highlight promising directions for future work involving more complex models, higher
resolutions, and expanded evaluation frameworks.

1.2

Organization of the thesis

The remainder of this thesis is organized as follows:

Chapter 2: Background
Introduces the fundamental concepts needed to understand the methodologies explored
in this thesis.

Chapter 3: Related Work

Reviews existing literature on medical image synthesis, with special emphasis on GAN-
and diffusion-based methods for chest X-ray generation. We begin with foundational
GAN variants (DCGAN, WGAN-GP, ProGAN, and StyleGAN3), then we will explore
the foundational variants of diffusion models (DDPM, DDIM).

Chapter 4: Our Contribution

Details of our contribution, we describe network architectures, training hyperparameters,
our evaluation protocol, used datasets, preprocessing steps (resizing, normalization), and
implementation details (TensorFlow versions, hardware), followed by results and discus-
sions.

Chapter 5: Conclusion And Future Perspectives
Summarizes our key findings, discuss limitations, and propose directions for future re-
search.



CHAPTER 2

BACKGROUND

Contents
2.1 Imtroduction . . ... ... ... ... e 3
2.2 Terminology and Concepts . . . . . . . . . . .o v v i v oo 3
2.2.1 Medical Images . . . . . . . ... 4
2.2.2  Artificial Intelligence . . . . . . . . ... o 5
2.2.3 Generative Artificial Intelligence . . . . . .. ... .. ... ... 8
23 Conclusion. . . . . ... .. e e e e e 11

2.1 Introduction

This chapter provides a comprehensive overview of the foundational concepts essential for
understanding the methodologies explored in this thesis.
We begin by discussing medical images and their critical role in clinical diagnostics, with a
specific emphasis on chest X-ray (CXR) images, which are the primary domain of our study.
This leads into an overview of medical image analysis and exploring the concept of synthetic
data, which is increasingly used to overcome challenges related to data privacy and scarcity
in medical imaging. Building on this, we introduce the broader field of Artificial Intelligence
(AI), narrowing our focus to Machine Learning (ML) and Deep Learning (DL). We then discuss
data augmentation, emphasizing its role in enhancing training data diversity, particularly in
medical applications. This sets the stage for our focus on Generative Artificial Intelligence,
which aims to create realistic data samples. Finally, we delve into the two main types of
generative models used in this thesis: Generative Adversarial Networks (GANs) and Diffusion
Models (DMs). These advanced techniques form the backbone of our approach to generating
high-quality synthetic chest radiograph images for research and diagnostic support.

2.2 Terminology and Concepts

This section defines the key concepts and terminologies that form the theoretical basis
of this thesis. By establishing clear and precise definitions, we aim to ensure a consistent
understanding of the technical language used throughout the work.
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2.2.1 Medical Images

A medical image is a visual representation that captures anatomical or functional infor-
mation of the human body in vivo, including organs, tissues, or cells, as well as data derived
from these visuals. These images are acquired using appropriate imaging technologies to ad-
dress specific clinical questions or medical needs identified by healthcare professionals [8|. The
use of medical images is essential because they offer detailed insights into the anatomical and
physiological state of patients, guiding clinical decisions and personalized treatment plans. For
example, chest X-rays are widely used to detect lung diseases like tuberculosis, while MRI scans
provide high-resolution images of soft tissues for neurological or musculoskeletal assessments
[9]. However, training deep learning models on medical images often faces challenges due to
limited data availability, class imbalance, and privacy concerns. To address these issues, data
augmentation techniques are employed to artificially increase the size and diversity of medical
image datasets [10]. In summary medical images are crucial for effective clinical care, and
augmenting them helps build stronger, more accurate Al systems in the medical field. It exist
some well-known chest X-Ray datasets widely used in medical imaging research such as NIH
Chest X-ray Dataset [11], and Chest X-Ray Images (Pneumonia) dataset [12].

2.2.1.1 Chest X-Ray

The discovery of X-Rays began in 1895 by Wilhelm Roentgen [13|. Chest X-Ray (CXR) is
a type of X-Ray image of the chest area, which provides images of the lungs, heart, airways,
bones, and blood vessels, as it is shown in Fig 2.1. Within the same image, we can observe
examples of a normal chest X-ray and one affected by pneumonia. CXR helps in checking for
fractures, fluids or air around or in the lungs, infections, enabling precise diagnostics [14].

a. Normal Chest X-Ray b. Pneumonia Chest X-Ray

Figure 2.1: Chest X-Ray Images.

2.2.1.2 Pneumonia

Pneumonia is a common and serious respiratory disease, typically caused by an infection
from bacteria, viruses, or fungi. Symptoms often include cough, fever, chest pain, and dif-
ficulty breathing. While it can be mild in some cases, it may become very serious or even
life-threatening, especially in infants, older adults, or individuals with weakened immune sys-
tems.

Pneumonia on a chest X-ray usually shows up as white or cloudy areas in the lungs. These
areas form when the infection leads the tiny air sacs in the lungs (called alveoli) to fill with



Chapter 2: Background

fluids or pus rather than air, making it harder to breathe and indicating that the lungs are
inflamed. The white patches can be in one part of the lung or spread out, depending on how
serious the infection is |15, 16, 17].

2.2.1.3 Medical Imaging Analysis

Medical imaging analysis is the process of interpreting medical images to aid in diagnosis,
disease detection, treatment planning, etc., using computational techniques, methods, and tools.
The images can be in 2D or 3D forms, such as X-ray, MRI, CT, ultrasound, and PET scans.
It combines medical knowledge with technological innovation, facilitating decision-making to
optimize treatment strategies and elevating healthcare quality [18, 19].

2.2.1.4 Synthetic Data

Synthetic data refers to the data that is deliberately created using computational operations,
algorithmic modeling, data simulation, or advanced machine learning techniques employing
Generative techniques such as Generative Adversarial Networks (GANs) GANSs, specifically to
replicate the statistical properties and structural characteristics of real datasets without relying
on real-world observations or individually identifiable information [20)].

2.2.2 Artificial Intelligence

Artificial Intelligence (Al), is a field of computer science, the science and engineering of
creating systems or machines capable of performing tasks that normally require human in-
telligence. It was originally introduced by John McCarthy in 1956. Al encompasses a wide
variety of technologies, including machine learning, deep learning, natural language processing,
robotics, as shown in Fig. 2.2 [21, 22, 23].

2.2.2.1 Machine Learning

Machine Learning (ML) is a subfield of artificial intelligence that is centered on creating
algorithms and models that enable computers to learn from the data they process without the
need for explicit programming. It involves developing algorithms that can identify patterns,
make decisions, and predict outcomes based on data [24]. It includes different types, such as
supervised learning, where the model is trained on labeled data, with each input paired with its
corresponding output (label). The model learns by making predictions and refining itself based
on the difference between its predicted outputs and the actual labels. It is frequently applied
to tasks such as image classification, spam detection, and regression analysis [25]. Another
approach is unsupervised learning, where the model is trained on unlabeled data, where it is
left to discover patterns, structures, or relationships in the data on its own, it does not require
labeled output data. It is commonly applied to tasks such as clustering, anomaly detection, and
dimensionality reduction [25]. Also, semi-supervised learning is another machine learning type
that combines both labeled and unlabeled data during training. Typically, a small portion of
the data is labeled, while the majority is unlabeled [24]. Additionally, reinforcement learning,
where the models learn through trial and error with feedback [24].
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42 Artificial S
J Intelligence
' Machine .
) Learning '.
"\ Deep !
\ Learning J

Figure 2.2: How Artificial Intelligence, Machine Learning, and Deep Learning Fit Together [1].

2.2.2.2 Deep Learning

Deep Learning (DL) is a branch of machine learning that uses deep neural networks of
three or more layers (Input layer, Hidden layer, Output layer). It has transformed the field
of artificial intelligence by empowering models, especially Artificial Neural Networks (ANNs)
[26, 27|, to learn from massive datasets and achieve cutting-edge performance across diverse
domains such as computer vision, Natural Language Processing (NLP), and medical imaging
[28].

2.2.2.3 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are a specialized type of Artificial Neural Network
(ANNs), primarily designed for processing data with a grid-like structure, such as images.
CNNs have revolutionized computer vision tasks like image classification, object detection, and
segmentation due to their ability to automatically learn hierarchical feature representations
[29, 30].

CNNs, as shown in Fig. 2.3, operate using a series of specialized layers that extract and learn
visual features from input images:

e Input Layer: Receives raw image data, usually represented as a matrix with dimensions
(height x width x channels), no computations are done here, this layer only passes the
data.

e Convolutional Layers: Apply small, learnable filters (kernels / Feature Detector / Fea-
ture Extractor) to the image, every single kernel will use a specific feature of the image.
These filters scan the image in a sliding window fashion, detecting features like edges, tex-
tures, and shapes, producing feature maps. The convolution operation is mathematically
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defined as:

M-1N-1

O(i,j) = > > I(i+m,j+n)-K(m,n) (2.1)

m=0 n=0

where [ is the input image, K is the kernel, and O(i, j) is the output feature map.

e Activation Function: A non-linear function is applied to introduce non-linearity to
a layer. This ensures that the model can learn complex patterns and then improve
generalization capabilities. One of the most used activation functions is ReLLU. Indeed, it
replaces all the negative values of a layer’s with zeros. The ReLU function is given for a
layer’s linear output z by:

ReLU(z) = max(0, z) (2.2)

e Pooling Layers (Downsampling): Reduce the spatial size of the feature maps, making
the model faster and more efficient. Common pooling methods include Max Pooling
(selecting the largest value) and Average Pooling (taking the average value).

e Fully Connected Layers (Dense Layers): Flatten the feature maps into a 1D vector
and connect them to one or more dense layers. This part acts as a traditional neural
network, which is expressed as:

y=o(Wx+Db) (2.3)

for each one of the defined dense layers, where x is the flattened input, W is the weight
matrix, b is the bias, and o is the activation function.

e Output Layer: Produces the final class probabilities (for classification) or a value (for
regression), depending on the task. [29, 30].

Classification

Feature Extraction [ ]

Convolutional Layers + ReLU

Fully Connected Layers

Figure 2.3: Convolutional Neural Networks.
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2.2.2.4 Data Augmentation

Data augmentation is a technique that helps increase the size, diversity and quality of the
training dataset by creating a set of modified and related data from a limited dataset to be used
in machine learning and deep learning so that models can be trained with them. Traditional
data augmentation techniques for images, audios, and text augmentation include geometric
transformations such as rotation, flipping, scaling, cropping, zooming, and translation, which
introduce spatial variations. Color transformations like brightness adjustment and contrast al-
teration help models become invariant to lighting conditions. Noise injection by adding gaussian
or random noise and blurring can improve robustness by simulating real-world noise. Addition-
ally, mixing images and random erasing or mask regions to create more diverse samples, also
Word or sentence shuffling by randomly changing the position of a word or sentence. However,
these basic augmentation methods may not sufficiently capture complex variations in the data.
To address this, advanced techniques leverage generative methods such as GANs and Diffusion
Models to synthesize entirely new data instances that resemble the original distribution [31, 32].
Data augmentation has its advantages and disadvantages, such as:

Advantages:

e Reduces overfitting by generating more data from limited samples and increases dataset
size.

e Enhances model generalization by increasing its resilience to variations and noise.

e Enhances performance which leads to better accuracy and reliability, especially in image
classification tasks.

e Cost-effective, it reduces the need for collecting and labeling large datasets [33].
Disadvantages:

e Increases computational cost, as models must train on a larger number of augmented
images.

e Excessive or unrealistic augmentation can degrade model performance.

e Some augmentations may not generalize well across different tasks or domains, for exam-
ple, applying color adjustments to grayscale images (like black-and-white sketches) may
result in unrealistic images that do not match the target domain.

e Data augmentation, especially with advanced generative methods like GANSs, can pro-
duce unrealistic or misleading images (hallucinations), requiring specialized expertise to
carefully validate the generated samples for accuracy and reliability [33, 31].

2.2.3 Generative Artificial Intelligence

Generative Artificial Intelligence or Gen Al, is an artificial intelligence branch designed to
generate new data samples that resemble the training data by learning the underlying data
distribution, patterns, and styles of a given dataset. These models can create entirely new
data instances, making them useful and ideal for different tasks such as image synthesis, text
generation, audio, data augmentation, and even complex 3D designs.

Generative Al typically functions in three main phases:

8
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e Training: Builds a foundational model that serves as a starting point for a wide range of
generative Al applications.

e Tuning: Adapts the foundational model to suit a specific generative Al task or application.

e Generation, Evaluation, and Retuning: Produces outputs, assesses their quality, and
continually refines the model for improved accuracy and performance.

Generative Al has gained significant attention due to its transformative capabilities across var-
ious domains. In computer vision, it is used to create high-quality images, enhance image
resolution, or perform style transfer. In natural language processing, it powers text generation,
language translation, and conversational agents. Recent advancements have also enabled gen-
erative Al to design new molecules for drug discovery, simulate complex physical phenomena,
and generate synthetic medical images for training machine learning models.

The core of generative Al lies in its use of advanced generative models, such as Generative Ad-
versarial Networks (GANs), Variational Autoencoders (VAEs), and Diffusion Models as shown
in Fig 2.4, each leveraging different techniques to learn and generate data [34, 35, 36].

[ Generative ]
Models
I
| A 4 v

Autoregressive Diffusion
[ GANs J [ models ] [ models ] [ VAEs ]

Figure 2.4: Generative Models Types.

2.2.3.1 Generative Adversarial Networks

Generative Adversarial Networks (GANs), are unsupervised generative models introduced
by Goodfellow et al. the concept is to train two neural networks named generator and dis-
criminator as shown in Fig 2.5, where the generator receives a random noise vector, typically
drawn from a normal or uniform distribution, which acts as a seed or starting point for gener-
ating data. The generator creates data as its output, such as an image in the case of a GANs
designed for image generation. This generated data is then passed to the discriminator, which
classifies it as either real or fake. The generator updates its weights in response to feedback
from the discriminator. If the discriminator accurately recognizes the generated data as fake,
the generator modifies its weights to create more realistic data in the next iteration.

The discriminator gets the real and the generated data as inputs and tries to distinguish the
real from the fake ones. It produces a scalar value between 0 and 1, where a value close to 1
indicates the sample is probably real, while a value near 0 indicates it is probably fake. Both
the generator and discriminator are trained using binary cross-entropy loss.

The whole goal is that the generator have to produce convincing fake data to fool the discrimi-
nator while the last have to differential between the real and fake no matter how good the fake
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data looks like, it can be viewed as a minimax game which is described in the following value
function:

minmax V(D, G) = By llog D(e)] + Eep.olog(l = DG (24)

Where D and G represent, respectively, the discriminator and the generator, pqas. () is the true
data distribution, p,(z) is Gaussian or uniform noise from which generator inputs are sampled.
The Eyp,...) [log D(z)] is the average of log D(x), where x comes from the real data distri-
bution, and E..,_..[log(1 — D(G(2)))] is the average of log(1 — D(G(z))) where z is random
noise, and G(z) is the generated (fake) image.

log D(z) assign high probabilities to real images, and log(1 — D(G(z))) assign low probabilities
to fake images.

GANSs are widely used in applications such as image synthesis, style transfer, data augmenta-
tion, super-resolution, and text-to-image generation.

Despite their remarkable success in generating realistic data, GANs face several limitations,
including training instability, where the generator and discriminator may fail to reach bal-
ance, leading to mode collapse (producing limited variations). They also demand substantial
computational resources for training due to their high complexity [37, 3§|.

B

.

Latent Space

v

-

Update The Generator

Real Samples

Update The

Fake | Real

Figure 2.5: GAN Architecture.

2.2.3.2 Diffusion Models

Diffusion Models (DMs) are a class of generative models that operate through a two-step
process, the Forward Diffusion Process and the Reverse Diffusion Process. These models are
inspired by physical diffusion processes, where particles naturally disperse from crowded areas
to less crowded areas. In diffusion models, this idea is used to gradually turn clear data into

10
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noisy data and then learn how to reverse this process to generate new, realistic data.

In the forward diffusion phase, the model begins with a clean data sample (such as an image)
and gradually adds Gaussian noise to it which is a type of statistical noise characterized by a
probability distribution known as the Gaussian (or normal) distribution, the noise is random,
but most values are close to 0, over a series of steps. Each step follows a Markov chain, meaning
the noise added at any step depends only on the state of the data from the previous step. This
is presented in the equation below, where 3, € (0,1) is noise schedule for step ¢, N(.) is a
normal (Gaussian) distribution, and z; is a noisy version of the data at step t:

q(@e | wi1) = N(w; /1 = Br e, BiI) (2.5)

The key idea is to progressively degrade the data in a controlled manner, making it almost
indistinguishable from random noise at the final step.

The reverse denoising phase is where the true power of diffusion models lies. During this
phase, the model learns to reverse the noise addition process step by step, using another
Markov chain. It starts with pure noise and gradually denoises it, recovering the original data
distribution from xr — 71 — - -+ — xo . This denoising is guided by a series of learned noise
estimation networks, allowing the model to generate clear and realistic data. As shown in the
equation below, where pg(x,t) is the predicted mean of the denoised image, Yy is the pre-
dicted or fixed variance, and 6 is the parameters (the weights and biases) of the neural network.

po(wi1 | 21) = N(xi-1; po(2, 1), Xo(24, 1)) (2.6)
This dual-phase design as shown in Fig 2.6, it describes the probability of what the image looks
like at step t, based on what it looked like at the previous step t-1 during the forward diffusion
process, makes diffusion models highly effective at generating detailed and accurate data across
various domains, including image synthesis, text generation, and even molecular design [39, 40].

Reverse path

Figure 2.6: Forward pass and reverse pass in diffusion model training [2].

2.3 Conclusion

This chapter provided the foundational concepts necessary for understanding the method-
ologies explored in this thesis, covering key principles of artificial intelligence, machine learning,

11
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and generative models. This theoretical background established, which underpins the method-
ologies explored in the subsequent chapters on medical image synthesis.

12
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3.1 Introduction

The rapid advancement of deep generative models has opened new horizons for synthesizing
high-fidelity medical images, mitigating data scarcity caused by various factors [41]. This
section surveys recent and current research in this field, with a particular emphasis on GANs
and diffusion models approaches for generating CXR images. We organize these studies along
a chronological timeline, offering a clear picture of the field’s evolution, pinpointing current
limitations, and identifying the specific gaps that our work will address.

3.2 Generative Adversarial Networks

Generative Adversarial Networks, consist of two competing neural networks, a generator
that creates synthetic samples and a discriminator that tries to tell real data apart from those
fakes. Through this adversarial process, the generator gradually learns to produce increasingly
realistic outputs that can “fool” the discriminator, while the discriminator becomes ever better
at spotting the fakes as a minimax two player game [37], it is a data augmentation technique to
augment the training dataset [31]. Since the first introduction of GANs a wide variety of GANs
variants have been proposed to address different challenges such as training instability, mode

13
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collapse, and conditional generation like DCGAN [3], CGAN [42], CycleGAN [43], StyleGAN
[44] and ProGAN [4]. The evolution of a few popular GANs can be seen in Fig. 3.1. In this
part we will be talking about DCGAN [3], WGAN-GP [45], ProGAN |[4], and StyleGAN3 [5].

3.2.1

2014

Original GAN introduced

2017

WGAN, introduced Wasserstein distance for
more stable GAN training.

WGAN-GP, improved WGAN by replacing
weight clipping with gradient penalty to
enforce Lipschitz continuity, further stabilizing
training.

CycleGAN, enabled unpaired image-to-
image translation with cycle consistency.

2019

StyleGAN, introduced style-based generation
improving control over visual features.

2021

StyleGAN3, solved aliasing issues,
introduced continuous image generation
without distortions.

v

2015

DCGAN, applied CNNs to stabilize GAN
training and improve image quality.

2018

ProGAN, incrementally grew generator and
discriminator to generate high-resolution
images with improved stability.

2020

StyleGAN2, improved artifacts, training, and
image quality of StyleGAN.

Figure 3.1: GANs Variants Chronological appearance.

Deep Convolutional Generative Adversarial Networks (DC-

GAN)

Deep Convolutional Generative Adversarial Networks (DCGAN), is a type of generative
adversarial network architecture that applies convolutional neural networks (CNNs) to both
the generator and the discriminator models to improve image generation quality. Proposed by
Radford et al. in 2015, DCGAN replaces the fully connected layers of the original GANs [37]
with convolutional layers, enabling the networks to learn spatial hierarchies and features more

14
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effectively.

It replaces traditional pooling layers with strided convolutions in the discriminator for down-
sampling and fractional-strided (transposed) convolutions in the generator for upsampling,
allowing the network to learn spatial transformations automatically. To stabilize training and
accelerate convergence, batch normalization is applied to most layers in both the generator and
discriminator, except at the generator’s output and the discriminator’s input. For activation
functions, the generator uses ReLLU activations in all layers except the output, where Tanh is
used to scale pixel values between -1 and 1. The discriminator, on the other hand, employs
LeakyReLU activations to maintain gradient flow even when neurons are inactive, improving
the learning process.

As shown in Fig 3.2 the generator takes a low-dimensional latent vector (e.g., random noise)
and upsamples it through transposed convolutions, each followed by batch normalization and
ReLU, progressively upsampling the vector to produce realistic images, while the discrimi-
nator downscales input images through strided convolutions with batch normalization and
LeakyReLU activations, extracting features and to classify the images as real or fake. This
design enables DCGAN to generate higher-quality and more stable image samples compared
to the original GANs architecture [37, 3.

Conv2DTranspose_3 [7] Conv2DTranspose_4
Conv2DTranspose_2
Input {Dense) ]
| T Comw2DTranspose_1 I utput Layer,
Reshape I
=] _’[E_’ — — —_— —p Generated Image
B4xB4x1
7 > S
Latent Space
16x16
I2x32 L
Ga4=G4
Generator D e R
Conv2D_1
Conv2D_2 |_

Convz2D_3 Conv2D_4 |

|
—pL — [ _.I —P|ReaHFaka

16=16 S —

Flatten 1D Vector

B4xB4x1

Discriminator

Figure 3.2: DCGAN Generator And Discriminator [3].

The synthesis of realistic medical images via generative models has been the subject of
extensive investigation in recent years. Ubale Kiru et al. (2022), carried out a comparative
study of five GAN architectures: CGAN [42], DCGAN [3], GAN [46], WGAN [47], and
CycleGAN [43] on two COVID-19 imaging datasets CT scans and CXR, they used only 50
pictures of each datasets and all the images were of 28x28 pixels and a greyscale value assigned
to each pixel, trained each GAN for 60 epochs using identical hyperparameters such as Adam
optimizer, learning rate le-5, batch size 64. They evaluated images realism qualitatively using
VTT by a medical expert, and quantitatively using FID. In the CXR experiments, DCGAN
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[3] achieved 72% accuracy in the VI'T, and an FID score of 17.45 [48].

In their 2023 study, Mai Feng Ng and Carol Anne Hargreaves [49]|, applied DCGAN to
generate synthetic COVID-19 chest X-ray images as part of a strategy to augment limited
annotated medical datasets. The authors trained DCGAN on 1,000 CLAHE (Contrast Limited
Adaptive Histogram Equalization) preprocessed images resized to 64x64 pixels, running the
training for 800 epochs.

Image quality was assessed using the FID, where DCGAN achieved a score of 1.399, outper-
forming WGAN-GP in this metric. The synthetic images were used to augment classifier
training, and the resulting model achieved a classification accuracy of 0.98, an improvement
over the 0.96 accuracy obtained using only real data. The study also noted that training the
model for longer periods (beyond 800 epochs) led to a decline in image realism [49].

3.2.2 WGAN-GP

Wasserstein GAN Gradient Penalty (WGAN-GP), is a robust variant of GANs introduced
by Gulrajani et al. (2017) to address the instability and convergence issues commonly observed
in traditional GANs. It builds on the Wasserstein Generative Adversarial Network (WGAN)
framework [47], which replaces the original GAN loss with the Wasserstein distance (also known
as Farth Mover’s Distance), which is defined as:

W(P,, Py) = sup E,op,[f(2)] — Esup, [f(2)] (3.1)

IFl<1

to provide a more reliable and stable way to estimate the difference between real and generated
data distributions, where:

e P, is the real data distribution, and F; is the generated data distribution.
e sup is the least upper bound, and and f is a 1-Lipschitz function.

o [, p, is expectation over real data samples, and Ez.p, is the expectation over generated
data samples.

Instead of using weight clipping (which forces the critic’s parameters to stay within a small
fixed range, such as -0.01 to 0.01), WGAN-GP introduces a gradient penalty to enforce the
1-Lipschitz constraint, which ensures the critic’s output does not change too abruptly with
small input changes.

The architecture as shown in Fig 3.3, consists of a generator, which creates synthetic data
from random noise, and a critic (rather than a discriminator), which evaluates how realistic
the samples are without explicitly classifying them as real or fake, it assign higher scores to
real images and lower scores to fake ones.

To ensure the critic satisfies the required 1-Lipschitz constraint (which means that the critic
should not change its output too rapidly, small changes in input shouldn’t cause big jumps
in output), WGAN-GP introduces a gradient penalty instead of weight clipping, this penalty
enforces smoothness by penalizing the model when the gradient norm deviates from 1 [45].
This leads to more reliable convergence, reduces mode collapse, and results in higher-quality
outputs across tasks such as image synthesis and medical image generation.
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In the same 2023 study by Mai Feng Ng and Carol Anne Hargreaves [49], they also explored
the use of WGAN-GP for generating synthetic COVID-19 X-ray data. The goal was to improve
the performance of downstream classifiers through data augmentation. Like DCGAN, WGAN-
GP was trained on 1,000 CLAHE preprocessed chest X-ray images resized to 64x64 pixels for
800 epochs.

While WGAN-GP achieved a slightly higher FID score (1.583) compared to DCGAN); it still
significantly contributed to enhancing classification performance, with augmented data pushing
InceptionV3 classifier accuracy to 0.98 versus 0.96 when trained on real images alone.

The study further reported that prolonged training beyond 800 epochs adversely affected image
quality for both models [49].
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Figure 3.3: WGAN-GP Architecture.

3.2.3 Progressive Growing GAN (ProGAN)

Progressive Growing Generative Adversarial Networks (ProGAN), is a type of generative
adversarial network architecture, introduced by Karras et al. in 2017, designed to improve the
quality, stability, and variation of generative adversarial networks, especially for high-resolution
image synthesis, where traditional GANs often struggle with generating high-resolution images
due to training instability and mode collapse, ProGAN addresses these challenges by gradually
increasing the resolution of generated images during training.

The core idea of ProGAN, as shown in Fig 3.4 is to start training at a low resolution images
(e.g., 4x4) and progressively expand both the generator and discriminator networks by adding
layers that increase the resolution (e.g., to 8x8, 16x16, ..., up to 1024x1024). This progressive
growing allows the networks to first learn coarse features and then refine finer details, making
the training more stable and efficient.

Both the generator and discriminator grow symmetrically. The generator begins from a latent
noise vector and produces a 4x4 image, then new layers are incrementally added to upsample
the output. Conversely, the discriminator receives high-resolution images and progressively
downsamples them through added convolutional layers.

When new layers are introduced during training, a fade-in mechanism as shown in Fig 3.5 is
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used to avoid abrupt transitions. This is achieved by a parameter «, which linearly interpolates
between the outputs of the old (lower-resolution) and new (higher-resolution) layers. As «
increases from 0 to 1, the network gradually shifts its focus to the newly added layers. Addi-
tional techniques employed in ProGAN include a mini-batch standard deviation layer in the
discriminator to promote variation in outputs and the use of Wasserstein loss with gradient
penalty (WGAN-GP) for more stable convergence [4].
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Figure 3.5: Fade-in Mechanism [4].

ProGAN is best known for generating ultra-realistic human faces, Segal et al. (2021) [50],
in their work aimed to generate high-resolution CXR images using a modified Progressive
Growing GAN (PGGAN) and assess their clinical realism and utility in diagnostic tasks.

The model was trained on the ChestX-rayl4 dataset [51] using enhancements such as WGAN-
GP loss, minibatch discrimination, and pixel normalization, the training took 6 days and was
conducted up to a resolution of 1024x1024 on Amazon Web Services (AWS) infrastructure.
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The results were evaluated using the FID with a score of 32.05 for the Pneumonia class, and
with an expert review by radiologists whom misclassified synthetic images as real 61% of the
time, and real images were correctly identified 73% of the time.

A classifier trained uniquely on synthetic images achieved an accuracy higher than the classifier
trained uniquely with real images [50].

Miso Jang et al. (2023) [52], tried to generate high-resolution CXR images using Progressive
Growing GAN (PGGAN) and evaluate their realism and utility for training deep learning
classifiers.

The dataset comprised 72,958 normal and 91,163 abnormal CXR sourced from Asan Medical
Center in South Korea, with DICOM images converted to 1024 x1024 PNG format. Two models
were trained: ABN-PGGAN using all 91,163 abnormal images, and NOR-PGGAN using only
the 72,958 normal images.

The evaluation involved visual Turing tests (VT'T) with six radiologists, including both experts
and residents, who were asked to distinguish between real and synthetic CXR. In addition,
convolutional neural networks (CNNs) were trained and tested using real images, as well as a
combination of real and synthetic images, to assess the utility of synthetic data in classification
tasks.

The results demonstrated that radiologists frequently struggled to differentiate synthetic images
from real ones, with mean classification accuracies of 67.4% for ABN-PGGAN and 69.9% for
NOR-PGGAN images. In terms of classification performance, CNNs trained exclusively on
real data achieved an accuracy of 91.0% while those trained on both real and synthetic data
performed slightly better, achieving an accuracy of 93.3% [52].

3.2.4 StyleGAN3

Style-Based Generative Adversarial Network 3 (StyleGAN3) is a state-of-the-art generative
adversarial network (GAN) architecture proposed by Karras et al. (2021) [53], designed to
synthesize high-resolution, high-fidelity images with significantly improved spatial consistency
and temporal coherence. As the successor to StyleGAN2, it introduces a novel alias-free
synthesis approach grounded in signal processing principles [53]. This approach addresses
a key limitation of earlier GANs: aliasing artifacts, which result from inconsistent spatial
frequency handling during upsampling, downsampling, and nonlinear transformations [53].
Unlike its predecessors, StyleGAN3 models feature maps as continuous signals rather than
discrete grids and strictly enforce band-limited representations through the use of carefully
designed low-pass (FIR) filters [53|. This design ensures translation equivariance, the output
image shifts smoothly and predictably when the input is translated and in some variants,
approximate rotation equivariance [53].

StyleGAN3 comes in two main variants:

StyleGAN3-T: is optimized for translation equivariance, making it particularly well-suited for
video synthesis and producing temporally stable results [53, 54].

StyleGAN3-R: which additionally supports rotation equivariance, making it effective for
symmetry-sensitive domains like medical imaging or scientific visualization [53, 54].

By eliminating flickering artifacts, spatial jitter, and other high-frequency inconsistencies,
StyleGAN3 sets a new benchmark for alias-free image generation, and is widely adopted in
domains requiring precise spatial transformations or realistic motion continuity [53, 54].
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StyleGAN3 has shown considerable potential in the field of medical imaging, especially
for synthesizing realistic chest X-Ray images that can support tasks such as data augmenta-
tion, anomaly detection, and deep learning model training. Its alias-free design ensures spatial
accuracy and removes visual defects like flickering or pattern distortion, which is crucial for
applications requiring fine-grained anatomical detail [53]. In chest radiography, StyleGAN3
helps address challenges like class imbalance and insufficient data by creating synthetic images
that closely mimic real diagnostic content. According to McNulty et al. 2024 [55], using GAN
generated images to supplement training datasets led to improved performance in classifying
rare conditions in chest X-Rays. Earlier versions like StyleGAN2 struggled with spatial arti-
facts that undermined clinical reliability, whereas StyleGAN3’s ability to maintain consistency
during image translations and rotations has made it more appropriate for tasks such as disease
tracking and anatomical change detection over time [53]. Additionally, its use has extended to
unsupervised anomaly detection and semi-supervised learning, enabling models to learn effec-
tively from limited labeled data [56]. Overall, StyleGAN3 supports more reliable and scalable
approaches to medical imaging, especially in settings where acquiring large and well-balanced
datasets is a challenge.
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Figure 3.6: Alias-Free StyleGAN3 generator architecture [5].

StyleGAN3 improves on StyleGAN and StyleGAN2 by making image generation alias-free,
meaning it avoids visual artifacts like flickering or texture shifting when images are moved
or scaled. It treats images as smooth, continuous signals instead of pixel grids, which helps
maintain spatial consistency.

The generation starts with a mapping network that turns a random vector z into a style vector
w, which controls how the image is generated at each layer. Unlike earlier versions, StyleGAN3
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removes positional encodings and noise injection. Instead, it uses modulated convolutions
combined with low-pass FIR filters before and after each layer to prevent aliasing.

The generator increases resolution step by step (e.g., 4 x4 — 8 x 8 — ... — 1024 x 1024), using
smooth filter-based upsampling instead of transposed convolutions. At different scales, feature
maps are converted into RGB images and combined to form the final output.

The discriminator is also updated with FIR-based downsampling to match the generator’s alias-
free structure, improving training stability and image quality.

These improvements are especially useful in medical imaging (like chest X-rays), where it’s
important to keep anatomical details clear and stable [5].

3.3 Diffusion Models

Diffusion Models (DMs), are generative models that synthesize data through two phases:
a forward diffusion process that gradually adds Gaussian noise to clean data, and a reverse
process that denoises it step by step to regenerate realistic samples. Inspired by physical
diffusion and based on Markov chains, these models learn to recover original data from noise
using trained denoising networks. Their two-phase design makes them powerful for generating
high-quality images, text, and more.
Diffusion models can generally be divided into two categories: text-to-image diffusion models,
which condition the generation process on textual prompts, and standard diffusion models,
which generate images without any external input [57|. The historical development of diffusion
models is illustrated in Fig 3.7. While many models are shown, we will focus on discussing
only those most pertinent to our objectives such as DDPMs and DDIMs.

3.3.1 Standard Diffusion Models

In this work, we deliberately focus on standard diffusion models with the goal of building
autonomous image generators that operate without the need for external prompts or condition-
ing inputs.

Our objective is to develop models capable of learning the underlying data distribution of chest
X-ray images and synthesizing realistic samples directly from noise, without relying on descrip-
tive text or any human-provided guidance. Standard diffusion models are specifically designed
to learn the underlying distribution of images and generate new samples without the need for
additional inputs, such as text prompts. In the context of chest X-ray datasets, detailed tex-
tual descriptions accompanying each image are generally not available, making text-to-image
approaches unsuitable. Text-to-image diffusion models, like Stable Diffusion and DALL-E, rely
on paired text-image data to translate descriptive prompts into images, which is rare in the
medical imaging field. In contrast, standard diffusion models require only image data to learn
the generation process. Moreover, text-to-image diffusion is part of a separate research domain
that focuses on processing and interpreting language to direct the image generation process.
Our work, however, concentrates on the generation of chest X-ray images to augment datasets
and support Al training in medical imaging, rather than addressing the challenges of language-
based image generation.

In this context, we focus on two prominent types of diffusion models which are Denoising Diffu-
sion Probabilistic Models (DDPMs) [6] and Denoising Diffusion Implicit Models (DDIMs) [7],

21



Chapter 3: Related Work

2015 —¢

Diffusion Probabilistic Models (DPM)

— 2019

Score-based generative models

2020 —

Denoising Diffusion Probabilistic Models
Denoising Diffusion Implicit

— 2021

Score-based SDEs

2022 —

Latent Diffusion Models (LDM)

— 2023

Text-to-image diffusion models (Stable
Diffusion, Imagen, DALL-E 2)
SDXL

2024 —

Video diffusion models (sora)

Figure 3.7: Diffusion Models Timeline.

both of which are well-suited for unconditional image synthesis tasks.

3.3.1.1 Denoising diffusion probabilistic models (DDPMs)

Denoising Diffusion Probabilistic Models (DDPMs), are a class of generative models that
produce high-quality synthetic data through a two-step process inspired by thermodynamic
diffusion. Initially proposed by Ho et al. (2020), that generate data by learning to reverse a
gradual noising process.

The forward process is formulated as a Markov chain that gradually degrades input data such
as images, by introducing Gaussian noise step by step over multiple timesteps. Starting from a
clean image, each step introduces a small amount of noise according to a predefined schedule,
eventually transforming the data into nearly pure noise, this is modeled by the distribution
q(zy | x4—1), shown as the dashed arrow in Fig 3.8.

The reverse process involves training a neural network commonly a U-Net architecture, to
predict the noise added at each timestep, allowing it to iteratively denoise the sample, this
process is learned and modeled by the neural network via pg(xi—1 | x).

During training, the model minimizes the discrepancy between the predicted and actual noise
using a mean squared error (MSE) loss. This incremental denoising framework makes the
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generative task more manageable than direct single-step generation [6, 58|.
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Figure 3.8: How DDPMs Works [6].

In [59], Iman Khazrak et al. proposed a comprehensive framework to evaluate how two

generative models, DDPMs and ProGAN can improve classification performance on small and
imbalanced chest X-ray datasets. Used chest X-ray data (1,802 normal and 1,800 pneumonia
images) from Kaggle, and trained a DDPM to generate 2,000 synthetic chest X-ray images
per class (normal and pneumonia). These DDPM generated images were then added to small
and imbalanced datasets, and the performance of four different classifiers: a custom CNN,
untrained VGG16, pretrained VGG16, and pretrained ResNet50 was evaluated, on small and
imbalanced datasets with Greedy K sampling, DDPM achieved up to 0.97 accuracy. The results
showed that DDPM consistently outperformed PGGAN in both image quality and classification
effectiveness and well-suited for augmenting small, imbalanced medical datasets to improve Al
diagnostic tools [59].
To address the data scarcity of pneumonia-positive chest X-ray images, in the article [60],
Thulana Abeywardane et al. proposed a DDPM with a U-Net architecture to generate realistic
chest X-ray images of pneumonia cases. They trained their model on over 3,000 pneumonia
X-ray images from a Kaggle dataset, preprocessing them to grayscale and resizing to 256 x256
pixels. The model was trained on Google Colab for 50 epochs, achieving its best performance at
epoch 31. The evaluation was done using Mean Squared Error (MSE) and Structural Similarity
Index Measure (SSIM), with results showing that synthetic pneumonia images were more similar
to real pneumonia images (MSE: 105.65, SSIM: 0.43) [60].

3.3.1.2 Denoising diffusion Implicit models (DDIMs)

Denoising Diffusion Implicit Models (DDIMs), introduced by Jiaming Song, Chenlin Meng,
and Stefano Ermon in 2020 [7], are a class of generative models designed to address the slow
sampling speed inherent in DDPMs [6].

While DDIMs shares the same forward diffusion process as DDPMs, where a clean image is
progressively degraded by Gaussian noise across a series of timesteps, the key innovation lies
in its deterministic and non-Markovian reverse process.

Unlike DDPMs, which follow a step-by-step Markov chain, DDIMs allows the model to de-
terministically sample states such as z3 from x, and xzg, or x5 from x; and xg, as shown in
the Fig 3.9. This approach leverages the predicted noise from the model to compute previous
states without random sampling, thereby allowing high-quality generation in as few as 10 to
50 steps. DDIMs retains the same U-Net-based neural network architecture used in DDPMs,
incorporating timestep embeddings and skip connections to predict either the added noise or
the original image.

This design shows a more flexible process that can deterministically reconstruct images by
leveraging the original data at each step and ensures that DDIMs can be seamlessly integrated
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Figure 3.9: Graphical models for diffusion (left) and non-Markovian (right) inference models

[7]-

into existing diffusion pipelines while offering significant improvements in sampling speed and
efficiency [7, 61].

While diffusion models have been increasingly explored in medical imaging, to the best of our
knowledge, no existing studies have applied DDIMs specifically for the generation of chest X-ray
images. Although several studies have explored diffusion-based approaches in medical imaging,
for instance, the paper [62] introduces a method called Dif-fuse, which combines DDPM and
DDIM to generate healthy-looking versions of brain scans. In this approach, DDPM is used
to modify the pathological regions, while DDIM reconstructs the unaffected areas, resulting in
realistic and coherent counterfactual images.

3.3.2 Text-To-Image Diffusion Models

Text-To-Image diffusion models are an advanced class of generative models designed to
produce high quality images from natural language descriptions. These models operate through
a two step process: in the forward process, an image is progressively noised until it becomes
nearly indistinguishable from random noise.

In the reverse process, a neural network typically a U-Net, learns to gradually remove the noise
step by step to reconstruct a meaningful image [6]. A central component in this process is
the text prompt, which acts as the semantic guide for image synthesis. When a user inputs
a prompt, such as “a futuristic cityscape at sunset with flying cars”, the text is first passed
through a text encoder like CLIP or T5. This encoder converts the prompt into a high-
dimensional embedding vector, which captures the semantic meaning of the sentence. This
embedding is then injected into the diffusion model usually through cross attention layers or
concatenated as conditioning information at each denoising step. As the model removes noise
over time, it uses the text embedding to ensure that the evolving image matches the content
described in the prompt. This mechanism allows the model to align visual features (such as
objects, colors, styles, and settings) with the structure and meaning of the input text. As a
result, Text-To-Image diffusion models can generate highly diverse and semantically accurate
images from a wide range of user provided descriptions (Rombach et al., 2022) [63].

Several influential models have been developed based on the diffusion framework, each offering
unique architectural innovations and practical advantages. The following sections present a
brief overview of three notable text-to-image diffusion models.

3.3.2.1 Stable Diffusion

Stable Diffusion has been widely explored in medical imaging for generating synthetic data
with high realism and low computational cost. It uses a latent space diffusion process, which
makes it suitable for tasks like simulating rare conditions or augmenting small datasets. Re-
cent studies have applied Stable Diffusion to chest radiographs, showing promise in improving
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classification tasks and preserving diagnostic features in synthetic samples (63, 64, 65].

3.3.2.2 DALL-E

DALL-E’s ability to generate creative and coherent images from text prompts has led to
applications in medical education and illustration. Though not trained on clinical data, it has
been evaluated for generating concept level medical images and assisting with visual training
datasets. For instance, it has been used to depict anatomical structures or disease scenes based
on textual input, with encouraging results in educational contexts [66, 67].

3.3.2.3 Imagen

Imagen, though originally developed for general-purpose image generation, has been adapted
into Surgical Imagen a model that transforms textual action descriptions (e.g., “clipper clip cys-
tic duct”) into photorealistic surgical images. This adaptation uses the same cascaded diffusion
framework and TbH-based text encoder as the original Imagen, demonstrating high alignment
and realism suitable for surgical training and simulation purposes [68, 69].

3.4 Conclusion

In summary, the existing body of research demonstrates a growing interest in applying
generative models particularly GANs and diffusion models to medical imaging tasks such as
data augmentation, and image synthesis as shown in the Table 3.1. In the next chapter, we
present the methodology of the approaches, also describe the datasets used, preprocessing steps,
models architecture, training strategies, and evaluation metrics.
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Table 3.1: Summary of The Articles Used in The Related Work.

Generative Types Articles

Models

DCGAN Comparative analysis of some selected generative
adversarial network models for image augmentation:
GANs a case study of covid-19 x-ray and ct images [48].
Generative adversarial networks for the synthesis of

chest x-ray images [70].

WGAN-GP | Generative adversarial networks for the synthesis of

chest x-ray images [70].

ProGAN Evaluating the clinical realism of synthetic chest
x-rays generated using progressively growing gans
[50].

Image turing test and its applications on synthetic
chest radiographs by using the progressive growing

generative adversarial network [52].

StyleGAN3 Synthetic medical imaging generation with
generative adversarial networks for plain radiographs
[55].

Analyzing and improving the image quality of

stylegan [56].

DDPM Addressing small and imbalanced medical image
Diffusion Models
datasets using generative models: A comparative
study of ddpm and pggans with random and greedy
k sampling [59].

Ddpm-based x-ray image synthesizer [60].

DDIM Diffusion models for counterfactual generation and

anomaly detection in brain images [62].
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4.1 Introduction

This chapter, outlines the key contributions of our work, which focus on the application
and evaluation of advanced generative models namely GANs and Diffusion Models for the
generation and analysis of chest X-ray images. Our objective is to explore the potential of
these models in chest X-ray images.

We begin by detailing our experimental setup, including the dataset used, data preprocess-

ing techniques, training strategies, model architectures, and evaluation metrics. The generative
models explored in this study include DCGAN, WGAN-GP, ProGAN, and StyleGAN3 from
the GAN family, as well as DDPMs and DDIMs from the class of diffusion models.

We present and analyze the results for Normal and Pneumonia chest X-rays using both FID
and VTT metrics, and compare the performance of different generative models, highlighting
their strengths and weaknesses in medical imaging.

27



Chapter 4: Our contribution

4.2 Experimental Setup

This section outlines the key components of the experimental workflow used to evaluate
various generative models for chest X-ray image synthesis.

4.2.1 Dataset

In this study, we collected chest X-ray images from five publicly available medical imaging
datasets, focusing exclusively on two categories: normal and pneumonia cases, to build a diverse
and comprehensive dataset for training and evaluating generative models. The dataset include:

e Chest X-Ray Images (Pneumonia) |71].
e NIH Chest X ray 14 (224x224 resized) [72].
e Pneumonia and Tuberculose with Normal and Non-X-ray [73].

Tuberculosis (TB) chest x-ray database [74].

Labeled Optical Coherence Tomography (OCT) and Chest X-Ray Images for Classifica-
tion (chestxray2017) [75].

Each dataset contains different types of medical cases and X-ray images, which helps make the
training more reliable and applicable to a wider range of situations. Table 4.1 summarizes the
number of images extracted from each dataset. The combined dataset was used to train and
evaluate six generative models, as described in the following sections.

Table 4.1: Number of chest X-ray images collected from each dataset.

Dataset Normal Pneumonia
Chest X-Ray Images (Pneumonia) 1,583 4,273
NIH Chest X ray 14 (224x224 resized) - 120
Pneumonia and Tuberculose with Normal and 5,488 4,273
Non-X-ray
Tuberculosis (TB) chest x-ray database 3,500 -
Labeled Optical Coherence Tomography (OCT) 1,583 4274
and Chest X-Ray Images for Classifica- tion
(chestxray2017)
Total 12,154 12,939

4.2.2 Data Preprocessing

To ensure consistency across multiple datasets and enable fair comparison across models,
several preprocessing steps were applied to the collected chest X-ray images. The datasets
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used in this work were combined into two datasets, Normal Dataset with 12,154 images and
Pneumonia Dataset with 12,939 images. Because generative models such as GANs and DMs
are computationally intensive to train on large image sizes and are time-intensive, all models
were trained on and generated images with a resolution of 64 x 64. As chest X-ray images are
grayscale by nature, their pixel values were normalized to the range [-1,1] for all models, except
for the DDIM model, which was normalized to the range [0,1] in accordance with the original
implementation and its diffusion process assumptions.

4.2.3 Training Strategy

To make the comparison between the different generative models fair and consistent, all
models were trained using the same process, with adjustments made for each model’s specific
design and needs. The batch size was dynamically adjusted depending on the model architecture
and the available GPU memory, ranging from 32 to 128 samples per batch. All models were
trained using the Adam optimizer, but with a learning rate that depends on each model in the
range of 1 x 1072 to 2 x 107%. All models were trained for a fixed number of epochs which is 500
epochs depending on convergence behavior. Intermediate checkpoints were saved periodically
to allow visual monitoring of generated samples and recovery in case of training interruptions.
Considering the loss function in GANs, DCGAN and ProGAN used the original GAN loss with
binary cross-entropy, for the WGAN-GP the Wasserstein loss with a gradient penalty was used,
StyleGAN3 used the path length regularization and non-saturating GAN loss as described in
the original implementation. For the Diffusion Models DDPMs was trained using the mean
squared error (MSE) loss, and DDIMs was trained using the mean absolute error (MAE). All
models were trained using two NVIDIA RTX A5000 GPUs 24 VRAM for each, in a controlled
environment, with either TensorFlow 2.18.0 or PyTorch 2.5.1 frameworks. The experiments
were conducted on Ubuntu 24.04 LTS with CUDA 12.1.

4.2.4 FEvaluation Metrics

To assess the quality of generated chest X-ray images, two evaluation metrics were employed:
the Fréchet Inception Distance (FID) [76] and the Visual Turing Test (VTT). These metrics
provide both quantitative and qualitative assessments of the realism and fidelity of the synthetic
images produced by each model.

4.2.4.1 Fréchet Inception Distance (FID)

Fréchet Inception Distance (FID), is a widely used metric for evaluating the quality of
images generated by generative models such as GANs or DMs. It was introduced in 2017 by
Heusel, M., et al, [76], it compares real and generated images by looking at the patterns in
their features, instead of just comparing pixels. These features are taken from a pretrained
Inception-v3 model, which helps focus on how the images look overall, rather than checking
each pixel exactly.

FID computes the Fréchet distance (also known as the Wasserstein-2 distance) between the
multivariate Gaussian distributions of features from real and generated images. Mathematically,
it is defined as:

FID = Jla, — | + Tr (5, + 5, - 2(5,5,)?)
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where p,., ¥, are the mean and covariance of real image features, and pu4, X, are those for
generated images, and Tr is the trace of a matrix (sum of the diagonal elements). As a rule of
thumb, a lower FID score indicates better performance of a GAN or a Diffusion Model, as it
signifies that the generated images more closely resemble the training images [76, 77].
In this study, FID was computed between the real chest X-ray test set and the generated
images for each model. All images were resized to 299x299 and normalized to match the input
requirements of the Inception-v3 model.

4.2.4.2 Visual Turing Test (VTT)

The Visual Turing Test (VTT), is a subjective evaluation metric where expert observers

(e.g., radiologists or medically informed viewers) are asked to distinguish between real and
generated images. If the synthetic images are indistinguishable from real ones to the human
eye, the model is considered to have passed the test.
In this work, a set of real and generated chest X-ray images was shown in random order to a
radiologist, who was asked to classify each image as either real or synthetic. The performance
was measured by the percentage of generated images that were mistakenly classified as real. A
higher score indicates greater visual realism of the generated images.

4.2.5 Models Architectures

This section presents the architectures of the generative models used in this study for chest
X-ray image synthesis. We evaluate four GAN-based models (DCGAN, WGAN-GP, ProGAN,
and StyleGAN3) and two diffusion-based models (DDPMs and DDIMs). Each model is im-
plemented based on its original design, with minimal modifications to accommodate grayscale
input and a fixed output resolution of 64 x 64 pixels. The following subsections describe the
key components, design choices, and architectural differences of each model.

4.2.5.1 DCGAN

The DCGAN architecture is based on the original design proposed by [3], as illustrated
in the Fig 3.2. In this work, it was adapted to generate grayscale chest X-ray images at a
resolution of 64 x 64 pixels with a batch size equal to 64 and the images were normalized to
the range of [-1,1]. The generator takes a random latent vector z € R™ as input and produces a
synthetic image through a series of upsampling blocks, typically implemented with transposed
convolutional layers with LeakyReLLU as an activation function. The discriminator is composed
of downsampling convolutional layers also with LeakyReLLU activation that assess the realism
of the generated image, and the model is trained using the Binary Cross-Entropy loss function.

4.2.5.2 WGAN-GP

The WGAN-GP architecture builds upon the standard DCGAN framework by addressing
its training instability through the use of the Wasserstein loss with a gradient penalty, as pro-
posed by Gulrajani et al. (2017) [45].

In this model, the generator retains a similar structure to DCGAN, using transposed convolu-
tional layers to progressively upsample a latent vector into a synthetic image. The discriminator,
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referred to as the critic in WGAN has major changes. Specifically, batch normalization is re-
moved from the critic to avoid introducing correlations between samples, and the final output
layer is linear. The model is trained with a batch size of 128 with a learning rate of 1 x 1074.
In this study, WGAN-GP is adapted for grayscale chest X-ray image generation at 64 x 64
resolution, with input normalization to the range [-1,1].

4.2.5.3 ProGAN

The ProGAN architecture is designed to improve the stability and quality of generative

models when working with higher-resolution images. Instead of training the full-resolution
generator and discriminator from the beginning, ProGAN starts with generating low-resolution
images and gradually adds layers to both networks during training [4].
In this work, as illustrated in Fig 3.4, ProGAN is adapted for grayscale chest X-ray generation
at a fixed resolution of 64 x 64 pixels, with input normalization to the range [-1,1]. The batch
size varies depending on the target image resolution; in this setup, it is initialized using the list
[32, 32,32, 16 , 16] corresponding to different stages of growth. Both the generator and the
discriminator are built using convolutional layers and employ a fade-in mechanism to smoothly
transition between resolutions during training, and with a learning rate 1 x 1074.

4.2.5.4 StyleGAN3

StyleGANS is a generative adversarial network designed to produce high-quality alias-free
images, Its architecture is composed of three main parts.
First, the mapping network takes a random latent vector z and passes it through several fully
connected layers to produce an intermediate latent vector w, which controls the style of the
image.
Second, the synthesis network starts from a learned constant input and progressively builds the
image using modulated convolutional layers,with carefully designed filters to build the image
while avoiding aliasing artifacts.
Finally, the discriminator is a convolutional neural network that evaluates whether the image
is real or generated, guiding the training process through adversarial learning [5].
In this study, pretrained StyleGAN3 models were adapted to generate grayscale chest X-ray
images at a resolution of 64 x 64 pixels, with inputs normalized to the range [-1,1]. Minor
modifications were made to support single-channel image output while preserving the core
structure and functionality of the original model.

4.2.5.5 DDPMs

The DDPMs, is a generative model that synthesizes images through a gradual denoising
process. It is based on the idea of reversing a forward diffusion process, in which Gaussian noise
is progressively added to an image over a fixed number of time steps. The model learns to reverse
this process by predicting the noise added at each step, effectively denoising a sample back to
a clean image. The model is built around a U-Net architecture with skip connections that pass
feature maps from the encoder (downsampling path) to the decoder (upsampling path). It also
incorporates residual blocks for more stable training and better gradient flow. Additionally, self-
attention blocks are used to capture long-range dependencies within the image. The network
includes a fade-in concatenation mechanism that gradually merges encoder features into the
decoder, helping reconstruct more detailed and accurate outputs [6]. The model is trained
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using Mean Squared Error (MSE) between the predicted and actual noise. DDPM was adapted
to generate grayscale chest X-ray images at a resolution of 64 x 64 pixels, with input images
normalized to the range |-1,1], with a learning rate 2 x 1074, Adam optimizer and a batch size
of 32.

4.2.5.6 DDIMs

DDIMs, shares the same network architecture as DDPMs, including the U-Net backbone
with skip connections, residual blocks, self-attention, etc. While DDPMs uses a stochastic
reverse process that introduces random noise at each step, DDIMs introduces a deterministic
reverse process that removes this randomness, which allows the model to generate images in
fewer steps [7]. The same U-Net model used for DDPMs is applied for DDIMs sampling,
enabling efficient and high-quality generation of grayscale chest X-ray images at a resolution of
64 x 64 pixels. The input images are normalized to the range [0,1], and the model is trained
using the Adam optimizer with a learning rate of 1 x 1073 and a batch size of 64.

4.3 Results and Discussions

This section presents and analyzes the results obtained from training and evaluating the
proposed generative models. We compare the performance of GAN-based and diffusion-based
models in generating realistic Chest X-ray images using quantitative metrics and qualitative
observations.

4.3.1 Normal Chest X-Ray Results

The Table 4.2 displays sample outputs from all generative models for Normal Chest X-Ray
images.
Models like DCGAN, DDPM and DDIM produced visually convincing results, with well-defined
lung fields and smooth transitions in grayscale intensity. Their outputs show a high level of
structural consistency with the real normal images, particularly in terms of chest symmetry
and rib cage boundaries.
WGAN-GP also performed relatively well at generating realistic chest X-ray images, showing
clear and consistent body structures. However, some small problems were noticed at times, like
slightly bent or misshaped bones or areas that looked a bit blurry or unnatural.
DCGAN generated images that were visually as good as those produced by DDPM and DDIM
in generating normal Chest X-Ray. This means that, even though DCGAN is an older and
simpler model, it was still able to produce realistic-looking chest X-ray images similar in quality
to those from more advanced diffusion models.

4.3.2 Pneumonia Chest X-Ray Results

The Table 4.3 displays sample outputs from all generative models for Pneumonia Chest
X-Ray images.
When evaluating the generated Pneumonia chest X-ray images, notable differences emerged
between the models in terms of visual realism and structure. Based on visual inspection,
DDIM produced the most realistic pneumonia images, capturing the complex patterns and

32



Chapter 4:

Our contribution

Table 4.2: Generated Normal Chest X-ray samples by different models.

Model

Generated Images

Real images

DCGAN

WGAN-GP

DDPM

DDIM

asymmetrical whiteness typically found in infected lungs. Its deterministic reverse process ap-
pears effective in preserving fine-grained pathological details, leading to a high-quality output.
DDPM followed closely behind, also producing visually convincing images with realistic texture
and structure, though some outputs lacked the sharper contrast seen in DDIM’s results. Both
diffusion models outperformed the GAN-based models, particularly in their ability to repro-
duce abnormal lung features of Pneumonia cases. Among the GANs, WGAN-GP performed
better than expected, generating pneumonia-like textures and maintaining lung structure more
consistently than DCGAN. However, occasional blurring and less defined pathological regions
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Table 4.3: Generated Pneumonia Chest X-ray samples by different models.

Model Generated Images

Real images

DCGAN

WGAN-GP

A
- P e
< T

were observed. DCGAN made the least realistic pneumonia images compared to the other
models. The images often looked too smooth, with missing details and fake-looking textures
that didn’t match how real pneumonia usually appears on chest X-rays. These results highlight
the increased difficulty of generating pneumonia images compared to normal ones, likely due
to the greater variability and complexity of the disease presentation.
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4.3.3 FID Results

In this study, we evaluated the generative performance of four models DCGAN, WGAN-GP,
DDPM, and DDIM on the combined dataset of chest X-ray images categorized into normal and
pneumonia classes. The evaluation metric of choice was the Fréchet Inception Distance (FID),
which has become a standard quantitative measure in generative image modeling |78].

The FID metric measures how far apart the feature distributions of real and artifi-
cial images are within a high-dimensional embedding space derived from a pre-trained
InceptionV3 network. A smaller FID score reflects a closer resemblance between the gener-
ated and real images, implying better perceptual quality and variation in the produced samples.

As shown in Table 4.4, the generative models were trained to produce images at a resolution
of 64 x 64 pixels, which is considered relatively low for medical image analysis but is often used

as a starting point for evaluating generative models due to its computational efficiency.

Table 4.4: FID Scores of Generated Chest X-ray samples by different models.

FID Score FID Score
Model
(Normal) (Pneumonia)
DCGAN 163.38 261.64
WGAN-GP 260.76 277.28
DDPM 173.30 183.02
DDIM 152.64 181.97

For both classes, DDIM consistently achieved the lowest FID scores, indicating superior
performance in generating realistic chest X-ray images. DCGAN performed moderately well
on normal cases but exhibited significantly higher error on pneumonia images. DDPM also
demonstrated balanced performance, slightly lagging behind DDIM. WGAN-GP, although
theoretically more stable due to the gradient penalty mechanism, resulted in the highest FID
values, suggesting difficulties in modeling the underlying data distribution, possibly due to the
model architecture or training instability at low resolution.

The main aspect of this evaluation is the influence of image resolution on the reliability and
interpretation of FID scores. The InceptionV3 model used for computing FID was originally
trained on the ImageNet dataset, where input images are expected to be of size 299 x 299
pixels. Since our generated images were significantly smaller (64 x 64), they had to be scaled
up to the required input size before FID computation.

This preprocessing step encounters several issues. First, a Loss of fine-grained features
and diagnostic structures is observed, particularly in X-ray images where subtle texture
and edge information are clinically relevant. Blurring and distortion artifacts caused
by interpolation methods are encountered, which can mislead the feature extractor into
interpreting the image as less realistic. Finally, we can confirm that the InceptionV3 network
which was not trained on medical images undermines further its sensitivity to mdeical relevant
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features.

To validate the effect of resolution on FID, we conducted an additional experiment us-
ing DCGAN trained at 224 x 224 resolution. The resulting FID scores were 130.16 for the
normal class and 218.07 for pneumonia, showing a noticeable improvement over the 64 x 64
setting. These results support the hypothesis that higher resolution leads to more reliable and
lower FID scores, despite the generated images sometimes exhibiting visual artifacts or training
instabilities at this scale.

This highlights how image resolution plays a critical role in both the perceived quality of
generated images and the reliability of quantitative evaluation metrics like FID.

Another important observation is the consistent trend of higher FID scores for pneumonia
images across all models. This disparity may be attributed to the increased complexity and
variability of pathological patterns in pneumonia cases, which -in our opinion- are harder
for generative models to learn, especially with limited data or low resolution. Normal chest
X-rays are relatively more homogeneous and therefore easier to model. This suggests that
future improvements in pneumonia image synthesis may require class-conditional training,
conventional data augmentation, or domain-specific architectural enhancements.

The results goes in the direction the consensus in the literature that diffusion-based mod-
els (DDPM and DDIM) tend to outperform traditional GANs in terms of sample quality and
training stability, particularly in domains like medical imaging that demand fine detail preser-
vation. DDIM, in particular, benefits from a deterministic sampling procedure that accelerates
generation while preserving fidelity.

While GANs are known for sharp image generation, they often suffer from mode collapse
(which is not applicable in our case since our solutions are Goal-Specifi), training instability,
and sensitivity to hyperparameters, especially in low-data or high-resolution regimes. Diffusion
models, on the other hand, incrementally denoise Gaussian noise through a learned reverse
diffusion process, allowing them to generate more diverse and realistic samples at the cost of
slower inference. However, techniques like DDIM and accelerated samplers have mitigated these
drawbacks significantly.

FID, despite being an accepted metric for evaluating generative models, has limitations
when applied to medical images. Firstly, the InceptionV3 network, was originally trained on
the ImageNet dataset, consisting of diverse natural images. This means its learned features are
optimized for recognizing everyday objects and scenes, not for the specific and often subtle pat-
terns found in medical images like X-rays, MRIs, or CT scans. Consequently, InceptionV3 might
overlook or misinterpret clinically relevant details, such as subtle lesions, tissue abnormalities,
or other diagnostic indicators that a model designed for medical domains would prioritize.

Secondly, FID is a statistical distance that primarily quantifies the similarity between the
overall distributions of real and generated image sets. While it reflects perceptual quality and
diversity to some extent, it does not directly assess semantic correctness or diagnostic relevance.
In medical imaging, it is crucial that generated images are not only visually realistic but also
medically accurate and useful for diagnosis. FID does not inherently tell us if a generated tumor
resembles a real tumor pathologically, or if the anatomical structures are correctly represented
in a clinically meaningful way. This gap means a good FID score doesn’t necessarily guarantee
clinical utility.

Finally, the FID metric is known to be sensitive to various image processing factors and
dataset characteristics. For instance, its value can be significantly affected by changes in image
resolution; upscaling generated images to match a target resolution can introduce artifacts that
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artificially inflate or deflate the FID score. Furthermore, the metric is sensitive to the statistical
properties of the dataset, including potential class imbalances, which are common in medical
datasets where certain pathologies are rare. Such sensitivities can lead to misleading FID scores
that do not accurately reflect the true quality or clinical utility of the generated medical images.

4.3.4 VTT Results

While FID gave us a crucial quantitative measure, it was worth important to bring in a
human perspective. That’s why we conducted a Visual Turing Test (VTT) to truly gauge the
perceptual realism and clinical plausibility of our generated chest X-ray images. This qualitative
approach is a recognized standard in the evaluation of generative models, particularly in the
sensitive domain of medical imaging, where visual fidelity and domain-specific insights are
absolutely critical.

To carry out this essential evaluation, we requested the expertise of a licensed medical
doctor who possessed good professional experience, having been specifically trained to interpret
chest X-rays during the intense period of the COVID-19 pandemic. During that time, chest
radiography was a widely used tool for diagnosis.

Our expert was then presented with a randomized selection of chest X-ray images. Cru-
cially, they had no idea whether any given image was real or synthetic, ensuring an unbiased
assessment. Their task was straightforward but accurate:

e Could these images pass as authentic chest X-rays?

e Did they show anatomical consistency, meaning proper lung boundaries, convincing rib
structures, and accurate diaphragm outlines?

e Were there any obvious flaws or unrealistic patterns that would immediately undermine
their diagnostic value?

Despite the admittedly low resolution, the doctor reported that many of the generated
images were generally acceptable (although the resolution is far from sufficient to make a
good diagnosis). Many managed to preserve the overall anatomical layout, showing good lung
symmetry, appropriate contrast between thoracic regions, and even recognizable structures like
clavicles and the subtle shadows of the heart.

However, the assessment wasn’t without its caveats. The expert also highlighted the pres-
ence of unrealistic artifacts in some samples. These included:

e Rib cage outlines that were irregular or incomplete,

e Lung textures that appeared blurry and lacked the fine pathological detail seen in real
cases,

e Anatomical distortions, such as a misplaced mediastinum or noticeable asymmetry in the
lungs,

e And in a few instances, "melted" textures, a common tell-tale sign of GAN failures or
simply artifacts stemming from the low resolution.
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These insightful observations resonated well with our quantitative findings. While lower FID
scores (especially from our diffusion models) did suggest improved realism, the VT'T served as a
powerful reminder that synthetic images aren’t uniformly perfect. Their fidelity, as the expert
noted, clearly varies across individual samples and different image classes.

Ultimately, the expert concluded that while these low-resolution images aren’t yet ready for
direct diagnostic use, they hold significant promise for us, like augmenting limited real datasets
or supporting semi-supervised learning endeavors.

This qualitative assessment truly underscores the critical importance of involving human
experts when working with generative models in the medical field. Unlike more conventional
image domains, medical images demand an incredibly strict adherence to anatomical correctness
and clinical interpretability, nuances that automated metrics alone often can’t fully capture.
Moving forward, our plans include integrating higher-resolution models, implementing refined
architectural constraints, and embedding human-in-the-loop fine-tuning more deeply into our
process to further enhance both the visual and clinical plausibility of our generated medical
images.

4.3.5 Additional Experiments with ProGAN and StyleGAN3

In addition to the main set of experiments, two separate evaluations were conducted using
the ProGAN and StyleGAN3 models.
The first ProGAN experiment was carried out on the Kaggle platform, where training was lim-
ited to only 30 epochs due to strict runtime constraints. Because of its progressively growing
architecture, ProGAN requires significantly more time to train, even at just 30 epochs, it took
approximately 9 hours to complete. Despite the limited training time, ProGAN was still able
to generate visually good Chest X-Ray images, particularly in the Pneumonia class, as shown
in the corresponding Fig 4.1.
A second ProGAN experiment was later performed under the same conditions as the other
models (trained for 500 epochs). However, during training, the model began to produce NaN
(Not a Number) loss values starting at epoch 211 and subsequently generated only black im-
ages. This behavior suggests instability in the training process, potentially might be caused by
architectural complexity, learning rate issues, or high number of epochs.
As for StyleGAN3, the model is currently being trained and evaluated, but no final results are
available at this stage. More details will be provided once training and testing are complete.

Al S e

Figure 4.1: ProGAN Pneumonia Generated Images.
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4.4 Conclusion

This chapter summarized our experimental approach and key findings using GANs and diffu-
sion models for chest X-ray image generation, through quantitative and qualitative evaluations.
In the next chapter, we present the general conclusion of this work, discuss its limitations, and
propose future perspectives.
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CONCLUSION AND FUTURE PERSPECTIVES
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5.1 General conclusion

In this thesis, we addressed the critical challenge of data scarcity in medical image anal-
ysis, particularly for chest X-rays, by exploring the potential of advanced generative models
including GANs and diffusion models to generate realistic synthetic medical images. Through
the implementation and comparison of four different models (DCGAN, WGAN-GP, DDPM,
and DDIM), we evaluated their ability to produce high-quality 64x64 chest X-ray images, using
both quantitative (FID) and qualitative (VTT) metrics. But both StyleGAN3 and ProGAN
remain at a preliminary stage in our experiments, with only initial results available for ProGAN
at this time.

Our findings demonstrate that despite limited resolution and computational constraints, cer-
tain models such as DDPM, DDIM, and even DCGAN achieved promising results in generating
realistic samples. These results not only confirm the viability of generative models for medi-
cal image augmentation but also highlight the potential of simple architectures when carefully
trained.

However, this study also has limitations, and the evaluation was limited to a small set of metrics
and visual inspection by a single radiologist. Future research could benefit from using higher
resolution images, more diverse and clinically annotated datasets, and more robust evaluation
protocols involving multiple medical experts.

Moving forward, we envision expanding this work by integrating more advanced architectures,
exploring hybrid approaches combining GANs and diffusion models, and applying these meth-
ods to other imaging modalities. The ultimate goal remains the same: to enhance data avail-
ability in medical imaging and support the development of more accurate and generalizable Al
models for clinical use.
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5.2 Limitations

Despite the contributions of this study, several limitations should be noted. First, training
some of the models required a considerable amount of time, sometimes taking over three days,
making it challenging to conduct multiple trials or longer training runs. This was further
complicated by unstable electricity conditions at the place, where the primary workstation was
located.

Additionally, all generated images were limited to a resolution of 64 x 64, whereas the FID
metric evaluates image similarity using a pre-trained InceptionV3 model that expects inputs of
299 x 299, upscaling was necessary but that led to high FID scores.

Furthermore, the evaluation relied mainly on FID scores and the Visual Turing Test (VTT),
other metrics such as Structural Similarity Index (SSIM) and Kernel Inception Distance (KID)
were not included.

Lastly, the study focused exclusively on grayscale Chest X-Ray images, and didn’t include other
medical imaging types such as CT scans or MRI.

5.3 Future Perspectives

Building on the findings of this work, there are several ways we can move forward to
improve and expand the results.
First, additional generative models including more advanced variants of GANs and diffusion
models can be explored and adapted to synthesize not only chest X-ray images but also other
types of medical images such as CT scans, ultrasound and also MRIs.
Increasing the number of training epochs and carefully tuning hyperparameters for each model
may also improve performance and stability, especially for complex architectures like ProGAN
and StyleGAN3. Furthermore, a detailed evaluation of data augmentation strategies can be
performed by training a convolutional neural networks (CNNs) classifier on both augmented
and non-augmented datasets, in order to assess whether synthetic data improves classification
accuracy and model robustness.
Finally, including additional evaluation metrics such as SSIM, and KID would provide a more
comprehensive assessment of image quality and realism.
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