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Abstract

Since the inception of medical imaging technologies, significant advancements have contin-
ually reshaped the landscape of healthcare diagnostics and treatment planning. In recent
years, the integration of Artificial Intelligence (Al), particularly Deep Learning (DL), has
propelled medical imaging to new heights. Despite these advancements, the accurate clas-
sification of medical images remains challenging, particularly in the presence of limited
labeled data and diverse pathologies. This thesis addresses these challenges by propos-
ing a Semi-Supervised Learning (SSL) approach to enhance the classification accuracy of
medical images, with a focus on respiratory diseases such as pneumonia.

In this thesis, a comprehensive approach is implemented utilizing Denoising Diffusion
Probabilistic Models (DDPM) and ConvNeXt architectures to overcome the limitations of
existing methods. The DDPM is employed for generating high-fidelity synthetic medical
images, which are then used to augment the training dataset. Concurrently, the Con-
vNeXt architecture is utilized for robust pseudo-labeling and classification, leveraging
both labeled and unlabeled data to improve model performance.

The proposed method is tested on a comprehensive dataset of chest X-radiation
(X-ray) images, demonstrating significant improvements in the classification accuracy
of pneumonia, even in scenarios with limited labeled data. The approach not only ad-
dresses the class imbalance issues but also enhances the model’s ability to generalize
across different patient demographics and imaging conditions.

Furthermore, the practical applications of this method are explored through case
studies involving the classification of pneumonia in various patient demographics and
imaging conditions. The results indicate that the proposed approach achieves high pre-
cision in identifying and classifying pneumonia, outperforming traditional methods and
other state-of-the-art models.

The effectiveness of the proposed SSL framework highlights its potential for broader
applications in medical imaging, including the diagnosis of other respiratory conditions
and the integration into real-time clinical workflows. This study sets the stage for future
research aimed at tackling more complex medical imaging challenges, thereby enhancing

patient care and diagnostic accuracy.

Keywords: SSL, Medical Imaging, DL, Pneumonia Classification, Diffusion Denois-

ing Probabilistic Models, ConvNeXt, Al in Healthcare, Respiratory Diseases.
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Résumé

Depuis I'apparition des technologies d’imagerie médicale, des avancées significatives ont
continuellement remodelé le paysage du diagnostic médical et de la planification des
traitements. Ces dernieres années, 'intégration de l'intelligence artificielle (IA), en par-
ticulier 'apprentissage profond (DL), a propulsé 'imagerie médicale vers de nouveaux
sommets. Malgré ces avancées, la classification précise des images médicales demeure un
défi, notamment en présence de données étiquetées limitées et de pathologies diversifiées.
Cette these aborde ces défis en proposant une approche d’apprentissage semi-supervisé
pour améliorer la précision de la classification des images médicales, en se concentrant
sur les maladies respiratoires telles que la pneumonie.

Dans cette these, une approche détaillée a été mise en ceuvre en utilisant les modeles
probabilistiques de débruitage par diffusion (DDPM) et les architectures ConvNeXt pour
surmonter les limitations des méthodes existantes. Le DDPM est employé pour générer
des images médicales synthétiques de haute fidélité, qui sont ensuite utilisées pour aug-
menter le jeu de données d’entrainement. Parallelement, I'architecture ConvNeXt est
utilisée pour un pseudo-étiquetage et une classification robustes, tirant parti a la fois des
données étiquetées et non étiquetées pour améliorer les performances du modele.

La méthode proposée est testée sur un ensemble de données complet d’images ra-
diographiques thoraciques, démontrant des améliorations significatives de la précision de
la classification de la pneumonie, méme dans des scénarios avec des données étiquetées
limitées. L’approche non seulement aborde les problemes de déséquilibre des classes, mais
améliore également la capacité du modele a généraliser a travers différentes démographies
de patients et conditions d’imagerie.

En outre, les applications pratiques de cette méthode sont explorées a travers des
études de cas impliquant la classification de la pneumonie dans diverses démographies de
patients et conditions d’imagerie. Les résultats indiquent que I'approche proposée atteint
une haute précision dans I'identification et la classification de la pneumonie, surpassant les
méthodes traditionnelles et d’autres modeles a la pointe de la technologie. L’efficacité du
framework d’apprentissage semi-supervisé proposé met en évidence son potentiel pour des
applications plus larges en imagerie médicale, y compris le diagnostic d’autres conditions
respiratoires et l'intégration dans les flux de travail cliniques en temps réel. Cette étude
ouvre la voie a de futures recherches visant a relever des défis plus complexes en imagerie

médicale, améliorant ainsi les soins aux patients et la précision des diagnostics.

Mots-clés : Apprentissage Semi-Supervisé, Imagerie Médicale, Apprentissage Pro-
fond, Classification de la Pneumonie, Modeles Probabilistiques de Débruitage par Diffu-

sion, ConvNeXt, IA en Santé, Maladies Respiratoires
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General Introduction

Medical imaging has been a cornerstone of modern healthcare since the advent of X-ray
technology in the late 19Th century [1]. Over the past two decades, technological advance-
ments, particularly in the fields of Machine Learning (ML) and Al, have revolutionized how
medical images are analyzed and interpreted. Among these advancements, SSL has emerged
as a promising approach, leveraging both labeled and unlabeled data to enhance diagnostic
efficiency [2]. This is particularly crucial in the realm of respiratory diseases, where accurate
and timely diagnosis can significantly impact patient outcomes [3].

In recent years, the integration of Al in medical imaging has seen significant progress,
especially in the detection and classification of pneumonia from chest X-ray [4]. Traditional
methods, while effective, often fall short due to the high variability in medical images and
the need for extensive labeled datasets. SSL addresses these challenges by utilizing the vast
amounts of unlabeled data available, thereby improving model performance even with limited
labeled data [2].

This thesis implements a multi-method approach employing both DDPM and ConvNeXt
architectures to enhance pneumonia classification. The proposed system is designed to over-
come the limitations of existing methods by improving data augmentation, pseudo-labeling,
and classification processes. The current work discusses the application of these models to real-
world medical imaging datasets, focusing on their ability to generalize and accurately classify
pneumonia in diverse patient populations.

The remaining of this thesis is organized into three main chapters. Accordingly, the first
chapter provides an in-depth exploration of the medical background relevant to respiratory
diseases, the importance of medical imaging, and the significant advancements in imaging
technology. It also highlights the role of Al in modern healthcare and the specific challenges

faced in medical imaging.
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The second chapter delves into the theoretical foundations of Al and ML, with a particular
emphasis on SSL. It reviews various learning paradigms and presents recent advancements in
SSL applied to medical image analysis. Additionally, this chapter introduces the technological
choices made for this research, such as the use of DDPM and ConvNeXt architectures.

In the third chapter, the designed approach, implementation, and evaluation are detailed
towards accurate pneumonia classification. This includes a comprehensive overview of the
data flow, processing steps, and specific challenges encountered during the development process.
Also, the obtained experimental results are presented and discussed, analyzing the performance
of the proposed models in terms of accuracy, precision, recall, and other relevant metrics. The
iterative refinement of the models and the incorporation of expert feedback were crucial in
achieving high-quality results.

Eventually, a general conclusion is provided to summarize the key objectives and contri-
butions of this research and to discuss the broader implications of the achieved results for the
field of medical imaging. Besides, it outlines potential future directions for further improving

SSL techniques and synthetic data generation in medical imaging.
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Chapter 1

Medical Background

1.1 Introduction

Medical imaging plays a pivotal role in modern healthcare, serving as a cornerstone for di-
agnosis, treatment planning, and monitoring. Understanding the anatomy and physiology of
the respiratory system, alongside the advances in imaging technology, provides a foundation
for addressing respiratory diseases. This chapter explores the significance of medical imaging,
the structure and function of the respiratory system, common respiratory diseases, diagnostic

techniques, and the emerging role of Al in medical imaging.

1.2 Medical Imaging

Medical imaging is a backbone of modern healthcare, providing non-invasive methods to visu-
alize the interior of the body [5]. These techniques are crucial for diagnosing diseases, planning
treatments, and monitoring the progress of various medical conditions. The evolution of med-
ical imaging technology has significantly enhanced the ability to detect and treat illnesses,

leading to improved healthcare outcomes [6].

1.2.1 Importance of Medical Imaging

Medical imaging plays a crucial role in modern healthcare by enabling the visualization of
internal body structures and functions without the need for invasive procedures [6]. This

capability is essential for several reasons:



Chapter 1 : Medical Background

- Diagnosis: Medical imaging allows for the accurate and early detection of diseases,
such as cancer, cardiovascular conditions, and neurological disorders. Techniques
like X-ray, MRI, and CT scans provide detailed images that help clinicians identify

abnormalities and make precise diagnoses [5].

- Treatment Planning: Imaging is vital in planning surgical procedures and other
treatments. For instance, MRI and CT scans can guide surgeons in navigating com-

plex anatomical structures, ensuring precision and reducing the risk of complications[7].

- Monitoring: Medical imaging is also used to monitor the effectiveness of treatments
and track the progression of diseases. For example, repeated imaging studies can
assess tumor shrinkage in response to chemotherapy or radiation therapy, allowing for

adjustments in treatment plans as needed [5].

In conclusion, medical imaging is indispensable in modern healthcare for its role in diag-
nosing conditions, guiding treatment strategies, and monitoring patient progress, ultimately

leading to better clinical practices.

1.2.2 Advances in Medical Imaging Technology

The field of medical imaging has seen remarkable technological advancements over the past few
decades [8]. These advancements have improved image quality, reduced scan times, and ex-
panded the range of detectable conditions. Key developments in imaging modalities, illustrated

in Figure 1.1, include:

- X-ray: The development of digital X-ray has enhanced image resolution and reduced
radiation exposure. Digital radiography allows for faster image acquisition and easier

storage and sharing of images [1].

- MRI: Advances in MRI technology have led to higher-resolution images and faster
scanning techniques. Functional Magnetic Resonance Imaging (fMRI) now enables
the visualization of brain activity in real-time, offering insights into neurological func-

tions and disorders [9].
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- CT: Modern CT scanners provide high-resolution images with reduced radiation
doses. Innovations such as dual-energy CT and iterative reconstruction algorithms

have improved image quality and diagnostic accuracy [10].

- PET: PET scans, often combined with CT, offer detailed images of metabolic activity
in the body. This technology is particularly valuable in oncology for detecting cancer

and assessing treatment response [11].

- Ultrasound: Advances in ultrasound technology, including 3D and 4D imaging, have
expanded its applications beyond obstetrics to areas such as cardiology, musculoskele-

tal imaging, and abdominal imaging [12].

MRI1 MRI2 US 1 X-rayl  X-ray2

CT 1 CT2 PET 1 PET 2

Figure 1.1: Medical Imaging Modalities: MRI, Ultrasound, X-ray, CT, PET [11]

Emerging imaging technologies are poised to further revolutionize healthcare. Techniques
such as photoacoustic imaging, which combines optical and ultrasound methods, and advanced
molecular imaging, which allows for the visualization of specific biological processes at the
molecular level, hold great promise [13]. These innovations are expected to improve early
disease detection, enable personalized treatment plans, and enhance patient care.

In conclusion, the continuous advancements in medical imaging technology have signifi-
cantly enhanced the capabilities of healthcare providers to diagnose, treat, and monitor dis-

eases, leading to better patient outcomes and more efficient healthcare delivery.
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1.3 Anatomy and Physiology of the Respiratory System

Understanding the anatomy and physiology of the respiratory system is crucial for comprehend-
ing how medical imaging can aid in diagnosing and treating respiratory conditions [14]. This
section delves into the structure and function of the lungs, the role of alveoli in gas exchange,

and the mechanics of respiration.

1.3.1 Structure and Function of the Lungs

The lungs are essential organs in the respiratory system, responsible for the exchange of gases

between the air and the blood [14]. As illustrated in Figure 1.2, key anatomical components

include:

- Lobes: The right lung consists of three lobes (superior, middle, and inferior), while
the left lung has two lobes (superior and inferior). Each lobe is further divided into

segments, facilitating efficient gas exchange [15].

- Pleura: The lungs are encased in a double-layered membrane called the pleura.
The visceral pleura covers the lungs, and the parietal pleura lines the chest cavity.
The pleural cavity between these layers contains fluid that reduces friction during

breathing [16].

- Diaphragm: The diaphragm is a dome-shaped muscle at the base of the lungs,
playing a critical role in breathing by contracting and relaxing to change the volume

of the thoracic cavity [17].
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Figure 1.2: Structure of the Lungs [14]
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1.3.2 The Role of Alveoli in Gas Exchange

The alveoli are the primary sites for gas exchange in the lungs [18], as shown in Figure 1.3.

These structures play a critical role in respiratory function due to several key features:

- Structure and Function: Alveoli are tiny, balloon-like structures surrounded by a
network of capillaries. The walls of the alveoli are extremely thin, allowing for efficient

diffusion of gases [18].

- Alveolar Surface Area: The large surface area of the alveoli, combined with their
extensive capillary network, maximizes the exchange of oxygen and carbon dioxide.
Oxygen diffuses from the alveoli into the blood, while carbon dioxide diffuses from

the blood into the alveoli to be exhaled [18].

Pulmonary Arteriole
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Pulmonary Capillaries
Surrounding the Alviole

Figure 1.3: Structure of the Alveoli [18]

1.3.3 Respiratory Mechanics

Breathing involves the coordinated effort of several muscles and the movement of air into and

out of the lungs. Key components include (as illustrated in Figure 1.4):

- Diaphragm and Intercostal Muscles: The diaphragm contracts and moves down-
ward during inhalation, increasing the thoracic cavity’s volume and allowing air to
enter the lungs. The intercostal muscles, located between the ribs, also contract to
expand the chest cavity. During exhalation, the diaphragm relaxes and moves up-
ward, while the intercostal muscles relax, decreasing the thoracic cavity’s volume and

expelling air from the lungs [17].
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- Mechanisms of Inhalation and Exhalation: Inhalation is an active process driven
by the contraction of the diaphragm and intercostal muscles, creating a negative pres-
sure within the thoracic cavity that draws air into the lungs. Exhalation is typically a
passive process resulting from the relaxation of these muscles, although it can become

active during forceful breathing [19].
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Figure 1.4: Mechanism of Breathing [17]

Understanding the anatomy and physiology of the respiratory system provides a founda-
tional knowledge necessary for interpreting medical imaging and addressing respiratory diseases

effectively.

1.4 Respiratory Diseases and Their Impact

Respiratory diseases significantly affect the function of the respiratory system, leading to vari-
ous health complications and reduced quality of life [20]. This section provides an overview of
common respiratory diseases, the impact of pneumonia on alveolar function, and other notable

respiratory infections and conditions.

1.4.1 Overview of Common Respiratory Diseases

Understanding the causes, symptoms, and impacts of common respiratory diseases is essential

for diagnosing and treating these conditions effectively.
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A. Asthma:

- Causes: Asthma is a chronic inflammatory disease of the airways that can be trig-

gered by allergens, environmental factors, exercise, and stress [20].

- Symptoms: Common symptoms include wheezing, shortness of breath, chest tight-

ness, and coughing, particularly at night or early morning [20].

- Impact on the Respiratory System: Asthma leads to airway hyperresponsive-
ness, inflammation, and obstruction, which can cause recurrent episodes of breathing

difficulties and reduce overall lung function [20].
B. Chronic Obstructive Pulmonary Disease (COPD):

- Pathophysiology: COPD is characterized by persistent respiratory symptoms and
airflow limitation due to airway and/or alveolar abnormalities, usually caused by

significant exposure to noxious particles or gases, such as smoking [21].

- Clinical Presentation: Patients with COPD often experience chronic cough, spu-
tum production, and progressive dyspnea. The disease is also associated with frequent

respiratory infections and exacerbations that can lead to hospitalization [21].
C. Pneumonia:

- Causes: Pneumonia is an infection that inflames the air sacs in one or both lungs.

It can be caused by bacteria, viruses, or fungi [22].

- Types: There are various types of pneumonia, including community-acquired pneu-

monia, hospital-acquired pneumonia, and aspiration pneumonia [22].

- Epidemiology: Pneumonia is a significant cause of morbidity and mortality world-
wide, particularly among the elderly, infants, and individuals with weakened immune

systems [22].

1.4.2 TImpact of Pneumonia on Alveolar Function

Pneumonia can severely affect the alveoli, which are crucial for gas exchange, by causing

inflammation and filling them with fluid and pus (see Figure 1.5).

10
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- Pathogenesis of Pneumonia: The infection causes the alveoli to fill with pus and
fluid, leading to impaired gas exchange. The inflammation can spread throughout the

lungs, causing widespread respiratory distress [23].

- Clinical Symptoms and Complications: Symptoms of pneumonia include fever,
chills, cough with phlegm, chest pain, and difficulty breathing. Severe cases can
lead to complications such as pleural effusion, lung abscesses, and Acute Respiratory

Distress Syndrome (ARDS), which can be life-threatening [23].

PNEUMONIA

?\ Bronchioles

Alveoli

in alveoli
Normal Pneumonia

Figure 1.5: Pneumonia Effect on Alveolar Function [23]

1.4.3 Other Respiratory Infections and Conditions

Other respiratory infections and conditions also pose significant health challenges and require
careful diagnosis and management. These diseases, as illustrated in Figure 1.6, underscore the

broad spectrum of respiratory conditions affecting global health.

A.Tuberculosis (TB):

- Impact on Lungs: TB is a bacterial infection caused by Mycobacterium tuberculosis.
It primarily affects the lungs, causing chronic cough, hemoptysis, fever, night sweats,

and weight loss [24].

- Diagnostic Challenges: Diagnosing TB can be challenging due to its slow pro-
gression and the need for specialized tests, such as sputum culture, chest X-ray, and

molecular assays [24].

11
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Figure 1.6: Common Respiratory Diseases [25]

B. Lung Cancer:

- Types: Lung cancer is broadly categorized into Non-Small Cell Lung Cancer (NSCLC)
and Small Cell Lung Cancer (SCLC). NSCLC is more common and includes subtypes

such as adenocarcinoma, squamous cell carcinoma, and large cell carcinoma [25].

- Stages: The staging of lung cancer, from I to IV, indicates the extent of disease

spread and helps guide treatment decisions [25].

- Significance of Early Detection: Early detection of lung cancer significantly im-
proves the chances of successful treatment and survival. Imaging techniques such as

CT scans play a critical role in early diagnosis [25].
C. Pulmonary Fibrosis:

- Causes: Pulmonary fibrosis is a condition characterized by the thickening and scar-
ring of lung tissue, which can result from various factors, including chronic inflamma-

tory processes, environmental exposures, and certain medications [26].

- Effects on Lung Function: The fibrosis leads to a progressive decline in lung
function, causing symptoms such as chronic dry cough, shortness of breath, fatigue,

and diminished exercise tolerance [26].

12
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Understanding these respiratory diseases and their impact on lung function is crucial for

developing effective diagnostic and therapeutic strategies.

1.5 Diagnostic Techniques in Respiratory Medicine

Effective diagnosis of respiratory diseases relies on a combination of clinical evaluation, labora-
tory tests, and advanced imaging techniques [27]. This section discusses the various diagnostic
methods used in respiratory medicine, with a particular focus on diagnosing pneumonia and

the presentation and interpretation of X-ray images.

1.5.1 Diagnosis of Pneumonia

Pneumonia is diagnosed using a variety of methods to assess the presence and severity of the

infection.

A. Diagnostic Methods:

- Blood Tests: Blood tests help identify the presence of an infection and the body’s
response to it. Elevated white blood cell counts and other markers of inflammation

can indicate pneumonia [28].

- Pulse Oximetry: This non-invasive test measures the oxygen saturation in the
blood. Lower than normal levels can indicate impaired lung function due to pneumo-

nia [29].

- Sputum Analysis: Examining sputum (mucus coughed up from the lungs) under a
microscope can identify the specific pathogen causing the infection, helping to guide

antibiotic therapy [30].

- Bronchoscopy: This procedure involves inserting a thin, flexible tube with a camera
into the airways to directly visualize the lungs and collect samples for further analysis

31).

13
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B. The Role of Chest X-ray and CT Scans:

- Chest X-ray: X-ray are often the first imaging test performed when pneumonia is
suspected. They can reveal areas of opacity (infiltrates) in the lungs, indicative of
infection [32]. Figure 1.7 shows a comparison between a normal chest X-ray and a

chest X-ray indicating pneumonia.

Normal Chest X-ray Pneumonia Chest X-ray

Figure 1.7: Comparison of Normal Chest X-ray and Pneumonia Chest X-ray [32]

- CT Scans: CT scans provide more detailed images than X-ray, allowing for a more
precise assessment of the extent and severity of the infection, as well as identifying

complications such as abscesses or pleural effusion [32].

1.5.2 Presentation of X-ray Images

X-ray are a fundamental tool in diagnosing and managing respiratory diseases [32]. This
section explores the historical background, functionality, and specific application of X-ray in

pulmonary radiography.

A. Historical Background of X-ray Discovery and Evolution

- Wilhelm Conrad Roentgen’s Discovery: In 1895, Wilhelm Conrad Roentgen dis-
covered X-ray, a form of electromagnetic radiation, while experimenting with cathode
rays. This groundbreaking discovery revolutionized medical diagnostics by enabling
the visualization of internal structures without invasive procedures [33]. The first
X-ray photograph taken by Roentgen, as shown in Figure 1.8, depicts the hand of

Roentgen’s wife, with her wedding ring clearly visible on her finger bones.

14
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- Impact on Medicine: The introduction of X-ray rapidly transformed clinical prac-
tice, allowing for the early detection of fractures, infections, and tumors. Over the
years, advancements in X-ray technology have continued to enhance its diagnostic

capabilities [33].

Figure 1.8: First X-ray Photography by Wilhelm Conrad Roentgen [33]

B. Functioning of X-ray Machines

- Principles of X-ray Production: X-ray are produced when high-energy electrons
collide with a metal target, typically tungsten, inside the X-ray tube. This collision

generates X-ray, which are directed towards the body part being examined [33].

- Image Formation: As X-ray pass through the body, they are absorbed to varying
degrees by different tissues. Dense tissues, such as bone, absorb more X-ray and
appear white on the resulting image, while softer tissues absorb fewer X-ray and

appear darker [33].

- Interpretation of X-ray Images: Interpreting X-ray images involves analyzing the
contrast between different tissue densities. Radiologists look for abnormalities such
as infiltrates, masses, or fluid accumulation to diagnose conditions like pneumonia,

fractures, or tumors [33].

15



Chapter 1 : Medical Background

C. Pulmonary Radiography

- Process and Techniques: Pulmonary radiography involves taking X-ray images

specifically of the lungs and thoracic cavity. The patient is usually positioned in

various ways (e.g., standing, lying down) to obtain multiple views, ensuring a com-

prehensive assessment [34].

Diagnostic Value: Pulmonary X-ray are invaluable for diagnosing lung diseases.
They can reveal patterns of infection, such as the consolidation seen in pneumonia,

detect fluid in the pleural space, identify tumors, and monitor the progress of chronic

conditions like COPD and pulmonary fibrosis [34]. Figure 1.9 shows the normal

anatomy of a chest X-ray, labeling important anatomical structures such as the clav-

icle, ribs, heart, lungs, and diaphragm. Understanding these structures is crucial for

accurately interpreting pulmonary radiographs.
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Figure 1.9: Normal Chest X-ray Anatomy [34]

Eventually, the use of various diagnostic techniques, including blood tests, pulse oximetry,

sputum analysis, bronchoscopy, and advanced imaging methods like X-ray and CT scans,
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is essential for accurately diagnosing and managing respiratory diseases. Understanding the
historical evolution and technical aspects of X-ray imaging further underscores its importance

in modern respiratory medicine.

1.6 Advanced Imaging Techniques

Advanced imaging techniques have revolutionized the field of respiratory medicine, providing
detailed insights into the anatomy and pathology of the respiratory system. This section

explores the principles, advantages, and clinical applications of CT scans, MRI, and PET.

1.6.1 Computed Tomography (CT) Scans

CT scans are a vital tool in modern diagnostic imaging, offering detailed cross-sectional images
of the body.

A. Principles of CT Imaging: CT imaging involves rotating X-ray beams around the
patient to capture multiple images from different angles. These images are then processed by a
computer to create detailed cross-sectional views of the body [35]. The process of CT imaging
is illustrated in Figure 1.10, which shows the key components involved:

Data acquisition
system

Detector ring

Electron

gun Target ring

Electron
beam

Figure 1.10: Schematic of a CT Machine [35]

- Electron Gun: Generates and focuses a beam of electrons.
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- Electron Beam: Directed towards a target to produce X-rays.

- Data Acquisition System: Collects data from the detector ring, including the

intensity of the X-rays after passing through the patient’s body.

- Detector Ring: Contains multiple detectors capturing X-rays after passing through

the body, allowing the creation of cross-sectional images.

- Target Ring: The area where the electron beam is focused to generate X-rays.

B. Advantages over Traditional X-ray:

- CT scans provide greater detail and clarity than traditional X-ray. They can distin-
guish between different types of tissues with high precision, allowing for the identifi-

cation of subtle abnormalities that might not be visible on standard X-ray [35].
C. Clinical Applications of CT Scans in Respiratory Medicine:

- CT scans are widely used to diagnose and monitor respiratory conditions such as
pneumonia, lung cancer, pulmonary embolism, and interstitial lung diseases. They
provide comprehensive images that help in assessing the extent and severity of these

conditions [35].

- They are also used in guiding biopsies and other interventional procedures, ensuring

accuracy and safety [35].

1.6.2 Magnetic Resonance Imaging (MRI)

MRI is a powerful imaging modality particularly useful for soft tissue imaging.

A. How MRI Works:

- MRI uses strong magnetic fields and radio waves to generate detailed images of the
body’s internal structures. When placed in a magnetic field, hydrogen atoms in the
body align with the field. Radiofrequency pulses disrupt this alignment, and as the
atoms return to their original state, they emit signals that are captured and converted

into images by the MRI scanner [36].
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B. Benefits in Soft Tissue Imaging:

- MRI provides superior contrast resolution compared to CT, making it especially valu-

able for imaging soft tissues, such as the brain, muscles, and organs [36].
C. Uses of MRI in Diagnosing Respiratory Conditions:

- MRI is particularly useful in evaluating chest wall and pleural diseases, vascular ab-
normalities, and congenital lung conditions. It can provide detailed images of soft

tissue structures within the thoracic cavity that are not as clearly seen with CT [36].

- Functional MRI (fMRI) can assess lung function and ventilation patterns, offering

insights into conditions like asthma and COPD [36].

The schematic of an MRI machine, shown in Figure 1.11, illustrates the concentric arrange-

ment of coils, including the magnet, gradient coils, radio frequency coils, and bore.

Figure 1.11: Schematic of an MRI Machine [36]

1.6.3 Positron Emission Tomography (PET)

PET scans are essential for detecting metabolic activity within the body.
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A. Functionality of PET Scans:

PET imaging involves the use of radioactive tracers that are absorbed by active cells
The scanner detects the gamma rays emitted by the tracer and creates images that

reflect metabolic activity. This allows for the identification of areas with increased or

decreased metabolic function [37].

- The included schematic in Figure 1.12 illustrates the process of a PET scan. The
radiotracer is injected into the antecubital vein, travels through the bloodstream, and
accumulates in regions with high metabolic activity. The PET scanner detects the
emitted gamma rays and constructs detailed images of the brain and other organs
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Figure 1.12: Schematic of an PET Machine [37]

B. Role in Detecting Metabolic Activity:

PET scans can identify cancerous cells, which typically have higher metabolic rates

than normal cells, as well as areas of inflammation and infection [37].

- As shown in the schematic 1.12, the radiotracer travels through the carotid artery

to the brain, highlighting regions of metabolic activity. The scanner captures these

areas, helping to diagnose and monitor various conditions.
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C. Applications of PET in Lung Cancer and Inflammatory Diseases:

- Lung Cancer: PET scans are extensively used in the diagnosis, staging, and mon-
itoring of lung cancer. They help detect primary tumors, assess metastasis, and

evaluate the response to treatment [37].

- Inflammatory Diseases: PET imaging can identify areas of inflammation, making
it useful in diagnosing and monitoring conditions such as sarcoidosis, tuberculosis,

and other inflammatory lung diseases [37].

In summary, advanced imaging techniques like CT, MRI, and PET scans have significantly
enhanced the diagnostic capabilities in respiratory medicine. These technologies provide de-
tailed and precise images, facilitating accurate diagnosis, effective treatment planning, and

thorough monitoring of various respiratory conditions.

1.7 Challenges in Medical Imaging-based Diagnosis

Despite significant advancements in medical imaging technologies, several challenges remain in
accurately diagnosing and managing respiratory conditions. This section discusses the limita-
tions of current diagnostic methods, the growing demand for improved diagnostic tools, and

the potential solutions offered by SSL approaches.

1.7.1 Limitations of Current Diagnostic Methods

Current diagnostic methods in medical imaging, though advanced, still face several limitations
that can impact the accuracy and reliability of diagnoses.

A. Inaccuracy and Limitations of Traditional Diagnostic Techniques:

- Traditional imaging techniques like X-ray and basic ultrasound can sometimes lack
the resolution and specificity needed to detect early or subtle abnormalities. This can

lead to missed diagnoses or incorrect assessments of disease severity [38].

- Techniques such as CT and MRI, while more advanced, can still have limitations re-

lated to patient movement, the presence of artifacts, and variations in interpretation|[38].
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B. Challenges in Interpreting Medical Images and Variability in Diagnoses:

- Interpreting medical images requires significant expertise and experience. Variability
in interpretation can occur due to differences in radiologists’ training, experience, and
subjective judgment. This variability can lead to inconsistent diagnoses and treatment

plans [38].

- Complex cases often require consensus from multiple specialists, further highlighting

the potential for variability and the need for standardized interpretation protocols[38].

C. The Need for Large Labeled Datasets for Training Supervised Models:

- Supervised ML models require extensive labeled datasets to train accurately. Ob-
taining these large datasets can be challenging, as it involves meticulous labeling by

experts, which is time-consuming and resource-intensive [38].

- The lack of sufficient labeled data can limit the effectiveness of ML models, leading

to less accurate predictions and classifications [38].

1.7.2 The Growing Demand for Improved Diagnostic Tools

The increasing complexity and volume of medical data necessitate the development of more
advanced and efficient diagnostic tools to keep pace with the demands of modern healthcare[38].

A. Increasing Complexity and Volume of Medical Data:

- The sheer volume of medical imaging data generated daily is overwhelming, making
it challenging for healthcare providers to manage and analyze this data efficiently.
The complexity of data also increases with advancements in imaging modalities that

produce higher resolution and multi-dimensional images [38].

- Efficient data management and analysis tools are required to handle this influx of

information, ensuring timely and accurate diagnoses [38].
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B. Need for Faster, More Accurate Diagnostic Methods:

- As medical conditions become more complex and patient numbers increase, there
is a pressing need for diagnostic methods that can deliver quick and accurate re-
sults. Delays in diagnosis can lead to worsening of conditions and reduced patient

outcomes [38].

- Innovations in imaging technology and analytical methods are essential to meet these

needs, providing rapid and reliable diagnostic information [38].
C. Addressing the Lack of Labeled Data with SSL. Approaches:

- SSL, which combines a small amount of labeled data with a large amount of unlabeled
data, offers a promising solution to the challenge of insufficient labeled datasets. This
approach can enhance the learning process and improve the accuracy of diagnostic

models [38].

- SSL techniques can leverage the vast amounts of unlabeled medical imaging data
available, reducing the dependency on exhaustive manual labeling and accelerating

the development of robust diagnostic algorithms [38].
D. Handling Variability in Data Quality and Imaging Conditions:

- Medical images can vary significantly in quality due to differences in imaging equip-
ment, patient positioning, and technical settings. These variations can complicate the

diagnostic process and reduce the consistency of image interpretation [38].

- Advanced image processing algorithms and ML models can help standardize and
enhance image quality, making it easier to achieve consistent and accurate diagnoses

across different settings and conditions [38].

In conclusion, while current diagnostic methods in medical imaging are highly advanced,
they still face significant challenges that can impact their effectiveness. Addressing these limi-
tations through improved diagnostic tools, leveraging SSL approaches, and standardizing image
quality and interpretation are critical steps toward enhancing the accuracy and reliability of

medical imaging in respiratory medicine.
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1.8 The Role of AI in Medical Imaging

Al is revolutionizing the field of medical imaging by enhancing diagnostic accuracy, reducing
interpretation times, and managing large datasets. This section provides an overview of Al in

medicine and discusses how Al addresses current challenges [38][39].

1.8.1 Introduction to AI in Medicine

Al involves the development of algorithms that enable computers to learn from and make
predictions based on data. In the context of medical imaging, Al can significantly improve

diagnostic processes and outcomes [38][39].

- Potential of AI in Transforming Medical Diagnostics:

- Al algorithms can analyze vast amounts of medical imaging data quickly and accu-
rately, identifying patterns and anomalies that may be missed by human observers

138][39).

- These technologies can assist radiologists by providing decision support, reducing

diagnostic errors, and improving overall efficiency in clinical workflows [38][39].

1.8.2 Addressing Current Challenges with Al

Al technologies offer solutions to many of the limitations faced by traditional imaging tech-
niques. Al can significantly improve accuracy, reduce diagnostic times, and efficiently handle
large datasets, addressing several key challenges in medical imaging.

A. Improved Accuracy:

- Al algorithms can analyze images with a level of detail and consistency that sur-
passes human capabilities. This reduces diagnostic errors and improves patient out-
comes by providing precise measurements and identifying subtle changes in medical

images [38][39].

- Al-powered tools can aid in the early detection and monitoring of diseases, ensuring

timely medical interventions [38][39].
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B. Reduced Diagnostic Times:

- Automated image analysis with AI can significantly speed up the diagnostic process.
By providing faster results, Al enables timely medical interventions and improves

patient care [38][39].

- This efficiency allows radiologists to focus on more complex cases, enhancing overall

workflow efficiency [38][39].
C. Handling Large Datasets:

- Al systems are well-suited for managing and analyzing large volumes of imaging data.
They can extract valuable insights that would be difficult for human experts to discern,
integrating information from multiple sources to provide comprehensive diagnostic

insights [38][39].

- This capability ensures that the increasing complexity and volume of medical data

are managed effectively, supporting accurate and timely diagnoses [38][39].

Accordingly, the integration of Al in medical imaging holds great promise for enhancing
diagnostic accuracy, efficiency, and the management of large datasets. These technologies are
poised to transform the landscape of medical diagnostics, improving outcomes for patients

worldwide.

1.9 Conclusion

This chapter highlights the indispensable role of medical imaging in modern healthcare, with
a particular focus on its applications in diagnosing and managing respiratory diseases. The
discussion starts with the importance of medical imaging and the significant advancements
in imaging technologies such as X-ray, MRI, CT, and PET. Each technology’s specific ap-
plications in respiratory medicine were examined, showcasing how these tools contribute to
better diagnosis, treatment planning, and disease monitoring. Besides, an in-depth look at the
anatomy and physiology of the respiratory system provided a foundation for understanding

how imaging techniques are utilized.

25



Chapter 1 : Medical Background

Significant challenges in medical imaging are also highlighted, including the limitations of
current diagnostic methods, such as inaccuracy, variability in image interpretation, and the
need for large labeled datasets to tackle Al-based methods. The growing demand for improved
diagnostic tools is discussed, highlighting the need for faster and more accurate diagnostic
methods. The chapter is concluded by emphasizing the emerging role of Al in enhancing
medical imaging. It underscored how AI can overcome traditional imaging limitations by
improving accuracy, reducing diagnostic times, and efficiently managing large datasets.

In the following chapter, the challenge of labeled datasets availability will be covered by
reviewing and synthesizing a full state-of-the-art about the current semi-supervised approaches

investigated to handle the datasets-related issues.
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Theoretical and Technical Background

2.1 Introduction

The integration of Al in medical imaging has ushered in a new era of precision diagnostics and
personalized treatment plans. Al’s capacity to process and analyze large datasets efficiently
has been particularly transformative in the field of medical imaging, where rapid and accurate
image interpretation is critical. This chapter delves into the theoretical foundations of Al in
medical imaging, with a particular focus on SSL methods. We will explore ML, and DL tech-
niques, various learning paradigms, and specific advancements in SSL applied to medical image
analysis. Additionally, the chapter introduces cutting-edge technological choices like diffusion
models and ConvNeXt architectures, which have shown significant promise in enhancing the

accuracy and efficiency of medical image classification and generation.

2.2 Overview of AI in Medical Imaging

Advancements in artificial intelligence (AI) have revolutionized various fields, including medical
imaging. By leveraging Al, healthcare professionals can enhance the accuracy, efficiency, and

scope of diagnostic imaging, ultimately improving patient outcomes.

2.2.1 Definition and Scope

Al in medical imaging refers to the use of advanced computational techniques to interpret and

analyze medical images with minimal human intervention. Al encompasses various methods,
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including ML and DL, to process large datasets, identify patterns, and make predictions. The
scope of Al in medical imaging includes enhancing image quality, automating image analysis,
improving diagnostic accuracy, and aiding in treatment planning. AI technologies are designed
to perform tasks traditionally carried out by radiologists and other medical professionals, thus
augmenting their capabilities and enabling more efficient workflows [40][41]. As illustrated in
Figure 2.1, Al includes a broad range of technologies, with ML, and DL being crucial components

that enable sophisticated image processing and analysis.

Artificial _
Intelligence | eaming

Symbolic
Al

Figure 2.1: Relationship between Artificial Intelligence, Machine Learning, and Deep Learning [42]

2.2.2 Impact on Radiology

AT has had a profound impact on the field of radiology, transforming how images are processed

and interpreted. Key benefits include:

- Enhanced Image Analysis: Al algorithms can detect and quantify abnormalities,
such as tumors or fractures, with high precision, often surpassing human capabilities

in speed and accuracy [43].

- Workflow Efficiency: Automated image processing reduces the time radiologists
spend on routine tasks, allowing them to focus on complex cases and patient interac-

tions [43].
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- Early Detection and Diagnosis: Al systems can identify subtle changes in imaging
data, facilitating early diagnosis of conditions like cancer, thereby improving patient

outcomes [43].

- Personalized Treatment Plans: By analyzing vast amounts of imaging data, Al
can assist in developing tailored treatment strategies based on individual patient

profiles [43].

2.2.3 Machine Learning in Medical Imaging

ML has become a cornerstone in the evolution of medical imaging, offering innovative solutions
that enhance diagnostic accuracy, efficiency, and patient outcomes. By leveraging the capabil-
ities of ML, healthcare professionals can process and analyze large volumes of medical images,

leading to significant advancements in various medical disciplines [44].

A. General Overview

ML, a subset of Al, focuses on developing algorithms that enable computers to learn from and
make predictions or decisions based on data. In the context of medical imaging, ML involves
training models on vast amounts of medical image data to identify patterns, detect anomalies,
and support diagnostic and prognostic decisions.
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Figure 2.2: Types of Machine Learning and Their Applications [44]
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The primary types of ML techniques used in medical imaging include supervised learning,
unsupervised learning, and reinforcement learning (as illustrated in Figure 2.2). ML’s capac-
ity to process and analyze large datasets swiftly and accurately makes it a powerful tool in

advancing medical imaging technologies [44].

B. Applications and Impact

The applications of ML in medical imaging are diverse and significantly impactful across various

medical disciplines. Some key applications and their impacts include:

- Image Classification: ML algorithms can classify medical images into different
categories, such as distinguishing between benign and malignant tumors in radiology.
This capability enhances the accuracy of diagnoses and helps in the early detection

of diseases [45].

- Segmentation: ML techniques, especially DL models like Convolutional Neural Net-
works (CNNs), are adept at segmenting medical images to outline structures such as
organs, tissues, or pathological regions. Accurate segmentation is crucial for treatment

planning, surgical interventions, and monitoring disease progression [45].

- Anomaly Detection: ML models can be trained to recognize normal patterns in
medical images and identify deviations that may indicate abnormalities. This is par-
ticularly useful in screening programs, where early detection of conditions like breast

cancer in mammograms can lead to better patient outcomes [45].

- Image Reconstruction: ML enhances image reconstruction processes in modalities
like MRI and CT scans, leading to higher quality images with reduced noise and
artifacts. This improvement in image quality aids radiologists in making more precise

evaluations and diagnoses [45].

The integration of ML into medical imaging not only enhances the accuracy and efficiency of
diagnostic processes but also contributes to the development of personalized medicine and im-
proved patient outcomes. As ML technologies continue to evolve, their applications in medical

imaging are expected to expand, further revolutionizing the field.
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2.2.4 Deep Learning in Medical Imaging

DL has emerged as a transformative force in the realm of medical imaging, building upon
the foundations laid by ML to deliver unprecedented capabilities in image analysis and inter-
pretation. The application of DL in medical imaging harnesses the power of neural networks
to process and analyze vast amounts of complex data, driving significant advancements in

diagnostic accuracy and efficiency [46].

A. General Overview

DL is a specialized branch of ML that employs neural networks with multiple layers (deep neural
networks) to analyze and interpret complex data. In medical imaging, DL models, particu-
larly CNNs, have become the cornerstone for tasks such as image classification, segmentation,
and detection due to their ability to automatically learn and extract features from raw data.
Unlike traditional ML methods that rely on manual feature extraction, DL models can pro-
cess large amounts of unstructured data, capturing intricate patterns and relationships within
medical images. This capability has made DL a powerful tool in enhancing the precision and
efficiency of medical image analysis [46][47]. Figure 2.3 visually compares the machine learning
and deep learning processes, highlighting how deep learning integrates feature extraction and

classification into a single, streamlined process.
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Figure 2.3: Comparison of Machine Learning and Deep Learning Processes [47]
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B. Applications and Impact

The application of DL in medical imaging has led to numerous groundbreaking achievements,

revolutionizing various aspects of the field. Some of the key achievements include:

- High-Accuracy Diagnostics: DL models have achieved remarkable accuracy in
diagnosing diseases from medical images, often surpassing human experts. For in-
stance, DL algorithms can detect diabetic retinopathy from retinal images, classify
skin lesions from dermoscopic images, and identify pulmonary nodules from CT scans

with high precision [47].

- Automated Image Segmentation: DL techniques, such as U-Net and its variants,
have significantly advanced the accuracy and efficiency of image segmentation. These
models can delineate anatomical structures, tumors, and other regions of interest
in medical images with high fidelity, which is critical for treatment planning and

monitoring disease progression [47].

- Enhanced Image Generation and Reconstruction: Generative models like Generative
Adversarial Networks (GANs) have been used to generate high-quality synthetic med-
ical images, augmenting training datasets for other DL models. Additionally, DL has
improved image reconstruction in modalities such as MRI and CT, reducing noise and

artifacts to produce clearer images [47].

- Real-Time Image Analysis: The speed and efficiency of DL models allow for real-
time analysis of medical images. This capability is particularly valuable in settings like
emergency rooms or during surgical procedures, where immediate image interpretation

is essential [47].

- Transfer Learning and Pretrained Models: The use of transfer learning, where
models pretrained on large datasets like ImageNet are fine-tuned on medical imaging
datasets, has significantly reduced the need for extensive labeled medical data. This

approach has accelerated the deployment of DL solutions in clinical practice [47].

The advancements in DL have not only improved diagnostic accuracy and efficiency but

also contributed to personalized medicine by providing insights into patient-specific conditions
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and responses to treatment. As DL technologies continue to evolve, their impact on medical

imaging is expected to grow, further transforming the field and enhancing patient care.

2.3 Al Learning Strategies

In the field of Al include a variety of approaches and techniques used to enable computers to
learn from data and make decisions. These techniques can be broadly categorized into different
types based on the nature of the learning process and the type of feedback provided to the

model. Figure 2.4 illustrates an overview of these categories and techniques.

Supervised Learning
X Unsupervised Learning
Learning
Problems
Reinforcement Learning
Semi-Supervised Learning
Hybrid Self-Supervised Learning
Learning
Machine Problems )
Learning Multi-Instance Learning
Inductive Learning
Statistical .
Inference Deductive Learning
Transductive Learning
carningTech Multi-Task Learning
niques
Active Learning
Online Learning
Transfer Learning
Ensemble Learning

Figure 2.4: Overview of Machine Learning Categories and Techniques [48]

2.3.1 Swupervised Learning

Supervised learning is a type of ML where the model is trained on a labeled dataset, meaning
that each training example is paired with an output label. The goal is for the model to learn the
mapping from inputs to outputs so it can predict the labels for new, unseen data [49][50]. Com-
mon applications include classification tasks (e.g., diagnosing diseases from medical images)

and regression tasks (e.g., predicting patient outcomes based on clinical data) [49].
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2.3.2 Unsupervised Learning

Unsupervised learning involves training a model on data without labeled responses. The model
tries to learn the underlying structure of the data through techniques like clustering (grouping
similar data points together) and dimensionality reduction (reducing the number of variables
under consideration) [51]. In medical imaging, unsupervised learning can be used to iden-
tify patterns and anomalies in large datasets without prior knowledge of what the patterns

represent.

2.3.3 Reinforcement Learning

Reinforcement learning involves scenarios where an individual must adapt to a specific envi-
ronment using feedback. Similar to supervised learning, reinforcement learning uses feedback
that might be delayed. Additionally, due to the inherently noisy nature of the model, it only
provides limited responses for learning. This makes it difficult for both the entity and the

model to establish causal connections [52].

2.3.4 Hybrid Learning Problems

Hybrid learning problems combine elements of supervised and unsupervised learning to leverage

the strengths of both approaches.

A. Semi-Supervised Learning

SSL uses a small amount of labeled data along with a large amount of unlabeled data during
training. This method is particularly useful in medical imaging, where obtaining labeled data
is expensive and time-consuming. SSL can improve model performance by utilizing the vast

amounts of available unlabeled data [53].

B. Self-Supervised Learning

Self-supervised learning is a type of unsupervised learning where the data itself provides the
supervision. The model is trained on a pretext task where the labels are derived from the input
data, such as predicting the rotation angle of an image. This technique allows models to learn

useful representations from unlabeled data, which can then be fine-tuned for specific tasks [53].
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C. Multi-Instance Learning

Multi-instance learning involves training a model on labeled groups (bags) of instances, rather
than on individual instances. Each bag is labeled, but individual instances within the bag are
not. This approach is useful in scenarios where the relationship between instances and labels is
complex, such as in identifying pathological regions within medical images where the presence

of disease might only be indicated by a subset of instances [54].

2.3.5 Statistical Inference in Learning

Statistical inference methods are used to draw conclusions from data subject to random vari-

ation.

Inductive Learning

Inductive learning involves using specific instances to learn general principles or models. In
medical imaging, this means learning general diagnostic rules from a set of labeled images,

which can then be applied to new, unseen images [55].

A. Deductive Inference

Deductive inference uses general principles to make predictions about specific instances. This
approach is less common in ML but can be used to apply known medical knowledge to interpret

new imaging data [48].

B. Transductive Learning

Transductive learning aims to make predictions directly on the specific test instances without
developing a general model. This method is useful in medical imaging when the test data is
available at training time, allowing the model to tailor its predictions to the specific examples

it will encounter [56].

2.3.6 Learning Techniques

Various advanced learning techniques enhance the effectiveness and efficiency of Al models in

medical imaging.
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A. Multi-Task Learning

Multi-task learning involves training a single model on multiple related tasks simultaneously.
This approach can improve generalization by leveraging commonalities among tasks. For ex-
ample, a model could be trained to identify different types of diseases from medical images,

benefiting from shared features across tasks [57].

B. Active Learning

Active learning is a technique where the model can query a human annotator to label new data
points it finds most informative. This approach is valuable in medical imaging to maximize the

efficiency of the labeling process by focusing on the most uncertain or ambiguous cases [58].

C. Online Learning

Online learning involves continuously updating the model as new data becomes available, rather
than retraining it from scratch. This is particularly useful in medical settings where new
imaging data is constantly being generated, allowing the model to stay up-to-date with the

latest information [59].

D. Transfer Learning

Transfer learning involves taking a pretrained model on a large dataset and fine-tuning it for
a specific task with a smaller dataset. This technique is widely used in medical imaging to
leverage models trained on general image datasets and adapt them to medical-specific tasks,

significantly reducing the need for large labeled datasets [60].

E. Ensemble Learning

Ensemble learning combines the predictions of multiple models to improve overall performance.
Techniques such as bagging, boosting, and stacking are used to create a robust model that
reduces variance and bias, leading to more accurate and reliable predictions in medical imaging
tasks [61].

To tackle the earlier mentioned challenges related to labeled dataset availability. the focus

of the upcoming sections surrounds particularly Semi-supervised methods.
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2.4 Semi-Supervised approaches for Medical Imaging

SSL is emerging as a pivotal approach in the field of medical imaging, addressing the critical
challenge of limited labeled data. By harnessing both labeled and unlabeled datasets, SSL
techniques enable the development of more accurate and efficient models for medical image

analysis, offering significant potential to enhance diagnostic processes and patient outcomes|62].

2.4.1 Overview and Importance

SSL occupies a middle ground between supervised and unsupervised learning, utilizing both
labeled and unlabeled data for training. This approach is particularly significant in medical
imaging, where acquiring labeled data can be challenging and expensive due to the need for
expert annotations. SSL methods enable the development of robust models by leveraging the
abundant unlabeled data, thereby improving the performance of medical image analysis tasks

such as classification, segmentation, and anomaly detection [62].
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Figure 2.5: Semi-Supervised Learning Process[63]

As illustrated in Figure 2.5, the semi-supervised learning process begins with a small labeled
dataset and a large amount of unlabeled data. Initially, a model is trained on the small labeled

dataset. The trained model is then used to predict labels for the unlabeled data, resulting in
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a pseudo-labeled dataset. Finally, the model is retrained using both the original labeled data

and the pseudo-labeled data, enhancing its performance [63].

2.4.2 Challenges related to Labeled Data Acquisition

The acquisition of labeled medical images faces several challenges:

- Expertise Requirement: Labeling medical images requires specialized knowledge
from radiologists or medical professionals, making the process time-consuming and

costly [63].

- Data Privacy and Security: Patient data is sensitive and often subject to strict

privacy regulations, limiting the availability of publicly accessible labeled datasets[63].

- Class Imbalance: Certain medical conditions are rare, resulting in an imbalance
where the number of normal images far exceeds those depicting pathological cases,

complicating the training process [63].

2.4.3 Benefits of SSL for Medical Image Classification

SSL offers several benefits for medical image classification:

- Enhanced Model Performance: By utilizing both labeled and unlabeled data, SSL
methods can improve the accuracy and robustness of models, especially in scenarios

with limited labeled data [63].

- Cost Efficiency: Reducing the reliance on extensive labeled datasets lowers the costs

associated with data annotation and allows for faster model development[63].

- Better Generalization: SSL models can learn more generalized representations
from the combined data, leading to better performance on unseen cases and diverse

patient populations [63].
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2.5 Review of SSL-based methods

Various SSL methodologies have been developed to address the unique challenges of medical

image classification.

2.5.1 Consistency-Based Methods

Consistency-based methods encourage the model to produce similar outputs when presented
with slightly perturbed versions of the same input. This approach leverages data augmentation

to improve the robustness of the model [64].

A. Embarrassingly Simple Consistency Regularization (SCR) Method

This method introduces a straightforward consistency regularization strategy to enhance semi-
supervised medical image segmentation. It utilizes unlabeled data effectively, boosting the
performance of DL models with limited labeled data. The authors claim that this method

outperforms many leading SSL techniques while requiring fewer annotations [65].

B. Medical Image Classification with Relation-driven Self-ensembling Model

This approach employs a relation-driven self-ensembling model to improve classification accu-
racy by understanding the relationships between different classes. The model creates pseudo-
labels for unlabeled data, outperforming traditional methods in both single and multi-label

classification scenarios [66].

2.5.2 Graph-Based Methods

Graph-based SSL methods represent data as graphs, with nodes indicating samples and edges
representing relationships. These methods propagate labels from labeled to unlabeled samples

based on graph structure insights [67].

A. The GraphNet Zoo

The GraphNet Zoo integrates various graph-based SSL techniques into a unified framework,

demonstrating effective medical image classification with minimal labeled data. This approach
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matches the performance of fully supervised methods, highlighting its potential in resource-

constrained settings [68].

B. Graph-BAS3Net

Graph-BAS3Net uses bilateral graph convolution for boundary-aware semi-supervised segmen-
tation. This method enhances segmentation accuracy by generating pseudo-labels for unlabeled

data, showing superior performance in both labeled and unlabeled conditions [69].

2.5.3 Adversarial Methods

Adversarial SSL methods use adversarial training to improve model robustness. Two popular

approaches are Virtual Adversarial Training (VAT) and GANs [70][71].

A. Semi-Supervised Generative Adversarial Network and Pseudo-Labelling

This method combines GANs with pseudo-labeling for medical image classification. GANs
generate realistic images, and pseudo-labels classify unlabeled data effectively, enhancing clas-

sification accuracy in scenarios with limited labeled data [72].

B. Semi-Supervised Attention-Guided Generative Adversarial Network

Semi-Supervised Attention-Guided Generative Adversarial Network (SAG-GAN) employs semi-
supervised attention-guided GANs for data augmentation in medical imaging. This technique
generates synthetic images to improve the performance of models like ResNet18, particularly
on small datasets of tumor MRI images [73].

A summary of the above SSL-based approaches for medical image analysis is provided in
Table 2.1. Each reviewed work includes details about its category of semi-supervised methodol-
ogy, the datasets employed, and the key results. This table offers a quick reference to compare
various approaches and their performance, showcasing the advancements and effectiveness of
SSL-based approaches in different medical imaging contexts. By examining these studies, we
can understand the current trends and identify areas for further research and improvement in

medical image analysis.
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Table 2.1: Summary of the reviewed SSL-Based Methods

Categories

Ref

Objective

Methods

Dataset

Results

Consistency
Based
Methods

Cardiac
Images
Segmentation

Simple
Consistency
Regularization

ACDC2017,
MMWHS
datasets

ACDC2017:
DSC = 89.8%
HD = 4.47
MMWHS:
DSC = 79.83%
HD = 3.04

[66]

Thorax disease
classification

Relation-Driven
SSL

ChestX-ray,
ISIC 2018
datasets

ChestX-ray:
AUC=79.23%
ISIC 2018:
AUC= 93.58%
Sens= 71.47%
Spec= 92.72%
Acc= 92.54%
F1= 60.68%

Graph-Based
Methods

[68]

Medical Image
Classification

GraphNet Zoo
+ SSL

ChestX-ray,
Malaria Cells,
CBIS-DDSM,

datasets

ChestX-ray:
AUC= 81.5%
(20% labels)
Malaria Cells:
Ace= 92.7%
(20% labels)
CBIS-DDSM:
AUC= 73.5%
(20% labels)

[69]

Lungs
Segmentation

Graph-BAS3Net

LiTS,
COVID-19
datasets

LiTS:

DSC= 95.58%
(100% labeled)
DSC= 93.19%
(10% labeled)
COVID-19:
DSC= 82.09%
(100% labeled)
DSC= 74.22%
(10% labeled)

Adversarial
Methods

Data
Augmentation

SAG-GAN

BraTs,
BraTsSSs,
UNS,
datasets

BraTsS:

Acc= 95.03%
AUC= 96.97%
BraTSS:
Acc= 87.59%
AUC= 95.30%
UNS:

Acc= 76.50%
AUC= 82.97%

[72]

Medical Image
Classification

GAN with
pseudo-labeling

ChestX-ray,
BreakHis,
datasets

ChestX-ray:
Acc= 93.15%
BreakHis:

Acc= 96.87%
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2.5.4 Other Methods

In the realm of less common ML techniques, various innovative methods are briefly reviewed,
including pseudo labeling, which trains supervised models on labeled data before applying
them to unlabeled data to enhance training sets with high-confidence pseudo-labels. How-
ever, this approach can be biased towards dominant classes. To counteract these limitations,
it’s often combined with other methods like consistency-based or adversarial techniques. Ad-
ditionally, Also we have Federated Learning, which allows for decentralized training across
multiple institutions without sharing private data. Other methods discussed include Learning
by Association, which seeks to maximize correct associations between data embeddings, and
Contrastive Learning, which focuses on distinguishing between data augmentations to improve
generalization across varied datasets. MixMatch, another notable method, integrates multiple
loss functions to refine model training using augmented data, balancing consistency, entropy

minimization and generalization [74].

2.6 Case Study: Pneumonia Detection

Pneumonia detection has become a significant focus in medical imaging research due to its po-
tential to improve diagnostic accuracy and patient outcomes. By leveraging advanced imaging
techniques and Al, researchers aim to enhance the detection and classification of pneumonia,

particularly in early stages[23].

2.6.1 Overview of Medical Imaging for Pneumonia Diagnosis

Pneumonia is a severe respiratory condition characterized by inflammation of the air sacs in
one or both lungs, which can fill with fluid or pus. Diagnosing pneumonia typically involves
analyzing chest X-ray images to identify signs of infection such as lung opacities. Early and
accurate detection is crucial for effective treatment and management [23]. Traditional diag-
nostic methods rely heavily on radiologists’ expertise, but the integration of AI, particularly
through DL, has significantly enhanced the accuracy and speed of pneumonia detection and

classification.
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2.6.2 Recent Work and Advancements

Recent advancements in Al have led to the development of various DL models and techniques
for pneumonia detection and classification, leveraging large datasets of chest X-ray images.
These advancements highlight the potential of Al to surpass traditional diagnostic methods in

both accuracy and efficiency.

A. Pneumonia Detection: An Efficient Approach Using Deep Learning

This study developed an Al network to identify pneumonia from chest X-ray images using an
ensemble of two DL models, ResNet-34 based U-Net (a type of convolutional neural network)
(U-Net) and EfficientNet-B4 based U-Net. The ensemble approach effectively handled class
imbalance and improved diagnostic precision. Trained on a Kaggle dataset, the model achieved
an accuracy of 90%, precision of 87%, recall of 99%, and an Fl-score of 92%. This robust
performance across various metrics indicates the model’s reliability in clinical settings [75].
Limitation: Challenges in handling class imbalance effectively, despite the ensemble model’s

high accuracy.

B. Pneumonia Classification using Deep Learning in Healthcare

This study aimed to classify pneumonia from chest X-ray images using a DL model, specifically
a convolutional neural network (CNN) built from scratch. The CNN was developed with
layers for convolving images to extract features, applying activation functions, and classifying
the images. Using a Kaggle dataset and various data augmentation techniques, the model
achieved an accuracy of 94.36%, underscoring its potential to improve diagnostic accuracy over
traditional methods [76].

Limitation: Potential overfitting issues due to building models from scratch without lever-

aging pre-trained networks.

C. Detection of Pneumonia from Chest X-ray Images Utilizing MobileNet Model

This study explored the use of MobileNet and other pre-trained models to differentiate between
normal and severe cases of pneumonia. The researchers applied eight pre-trained models on

datasets, including the Kaggle dataset and the ChestX-ray14 dataset. The MobileNet model
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achieved an accuracy of 93.75%, demonstrating a balance between computational efficiency
and accuracy, suitable for real-time clinical applications. However, the reliance on pre-trained
models may limit customization for specific diagnostic needs [77].

Limitation: Reliance on pre-trained models may limit customization for specific diagnostic

needs.

D. GANs 'N Lungs: Improving Pneumonia Prediction

This research addressed the challenge of class imbalance in medical imaging datasets using
CycleGAN for data augmentation. The study enhanced the training of a binary classifier based
on the DenseNet-121 architecture by oversampling the minority class. The model achieved
Receiver Operating Characteristic Area Under the Curve (ROC AUC) scores increasing from
0.9745 to 0.9929 and Precision-Recall Area Under the Curve (PR AUC) scores from 0.9580
to 0.9865. The use of GANs for data augmentation proved effective in balancing the dataset,
thereby improving model performance. However, GAN-generated data may introduce artifacts,
requiring careful evaluation to ensure clinical reliability [78].

Limitation: Potential introduction of artifacts in GAN-generated data, requiring careful

evaluation.

E. A Deep Learning Based Approach towards the Automatic Diagnosis of Pneu-

monia from Chest Radiographs

This study proposed an automatic detection system for pneumonia from chest radiography
images using a deep Siamese-based neural network. The focus was on distinguishing between
viral and bacterial pneumonia infections by analyzing the spread of white substance in chest
X-ray images. Utilizing a Kaggle dataset, the Deep Siamese Network achieved an accuracy of
89.67%. This approach of comparing symmetric structures in chest X-ray to quantify infection
spread demonstrated the model’s innovative potential in differentiating types of pneumonia
[79].

Limitation: The focus on symmetry may not capture all relevant features for distinguishing

pneumonia types.
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F. Pneumonia Detection on Chest X-ray Images Using Ensemble of Deep Convo-

lutional Neural Networks

This study enhanced the accuracy of pneumonia detection using an ensemble learning method
combining pre-trained CNN models. The approach employed a combination of DenseNet169,
MobileNetV2, and Vision Transformers (ViT) models pre-trained on the ImageNet database,
fine-tuned on chest X-ray datasets, and integrated using ensemble learning. The model achieved
an accuracy of 93.91% and an Fl-score of 93.88%. This demonstrates the effectiveness of
ensemble methods in leveraging the strengths of multiple models to improve diagnostic accuracy
[80].

Limitation: Complexity in integrating and fine-tuning multiple pre-trained models may

pose practical challenges.

2.6.3 Summary of Recent Studies

Following Table 2.2 provides a concise summary of recent studies on pneumonia detection using
deep learning. It highlights the authors, publication years, datasets used, and key results,
offering a quick reference for comparing different approaches and their effectiveness.

Table 2.2: Summary of deep learning approaches for pneumonia detection from chest X-ray images.

Paper | Authors Methods Data Sets Results

[75] Ayush et al. ResNet-34 + U-Net Pneumonia Accuracy: 0.90
dataset

[76] Garima et al. CNN Pneumonia Accuracy: 0.9436
dataset

[77] Mana et al. MobileNet Pneumonia Accuracy: 93.75%
dataset

[78] Tatiana et al. CycleGAN CheXnext ROC AUC: 0.9929
dataset

[79] Anuja et al. Siamese-based CNN Pneumonia Accuracy: 89.67%
dataset

[80] Alhassan et al. DCNN + ViT Pneumonia Accuracy: 93.91%
dataset

Addressing these limitations, this work aims to overcome these issues by combining the

strengths of DDPM for data generation and ConvNeXt for robust pseudo-labeling and clas-
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sification. This approach mitigates class imbalance, reduces overfitting, allows for greater
customization, and ensures high reliability without introducing significant artifacts, thereby

enhancing the overall performance and applicability of pneumonia detection models.

2.7 Technical Background

In the rapidly evolving field of Al selecting the appropriate technological approaches is crucial
for achieving optimal results in various applications. This section delves into the rationale
behind choosing specific models and architectures for image generation and classification tasks,

focusing on the advancements that have significantly impacted the field.

2.7.1 Diffusion Models for Image Generation

Why Diffusion Models for Image Generation?

DDPM represent a groundbreaking shift in the landscape of image synthesis, providing a com-
pelling alternative to the well-established GANs. The seminal work, ’Diffusion Models Beat
GANSs on Image Synthesis,” documents the superior performance of DDPM, particularly in their
ability to generate high-fidelity images. Unlike GANs, which can suffer from instability and
the notorious issue of mode collapse—where the model overlooks significant variations within
the input data—DDPM excel in capturing the rich diversity inherent in complex datasets.
They achieve this through a gradual denoising process, as illustrated in Figure 2.6, which me-
thodically reconstructs the data distribution in a controlled manner, leading to remarkably
consistent and diverse outputs. Moreover, DDPM provide a clearer and more interpretable
training dynamic, as each step of the diffusion process is a simple Gaussian transformation,
making the model’s behavior during training easier to monitor and adjust. This inherent
stability, combined with their capacity for high-quality generation without requiring adversar-
ial training dynamics, positions DDPM as a powerful tool for image synthesis, pushing the

boundaries of what is possible in creating realistic and varied synthetic imagery [81][82].
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Figure 2.6: Detailed Illustration of the Denoising Diffusion Probabilistic Model (DDPM) Process [81]

Understanding Diffusion Models

Diffusion models are generative models that learn to create data samples resembling the original
dataset by reversing a diffusion process. This process incrementally corrupts the input data
by gradually adding Gaussian noise over a series of steps. These models are formulated as

parameterized Markov chains and are trained using the principles of variational inference [83].

Training Methodology The training of diffusion models is based on minimizing the varia-
tional lower bound of the negative log-likelihood of the data. Specifically, the model learns to
denoise by estimating the parameters of the reverse Markov chain [83]. This process involves

a series of Gaussian transitions, as illustrated in Figure 2.7, defined as shown in Equation 2.1.

po(zi—1|xe) = N (z-1; po(ae, ), So(24, 1)) (2.1)

where z; represents the data at timestep ¢, uy and >y are functions modeled by the neural

network that predict the mean and variance of the Gaussian distribution at each step.

U-Net Architecture in DDPM A U-Net architecture is employed to parameterize py and
Y9. This architecture effectively captures both local features and broader context, which are

crucial for reconstructing high-quality images from heavily noised data (see Equation 2.2).

po(xe, ), Xg(zs,t) = U-Net (x4, t) (2.2)
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The Forward Process The forward process of a diffusion model is a predefined or learned

noise-adding procedure, expressed as a Markov chain (see Equation 2.3).

q(w]wi1) = N (26 /1 = Bew—1, Bel) (2.3)

where (; are the variance schedules determining the amount of noise added at each step. This

process gradually transitions the data distribution towards a standard Gaussian distribution.

The Reverse Process The reverse process is where the model learns to reconstruct the

original data by iteratively denoising (see Equation 2.4).

Po(@i—1|we) = N (2415 po(e, 1), Lo (¢, 1)) (2.4)

During training, the model optimizes the parameters 6 to minimize the difference between the

noisy data z; and the predictions from the reverse process, effectively learning to denoise the

data [83].
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Figure 2.7: Denoising Diffusion Probabilistic Model (DDPM) Training Process [83]

Application in Medical Imaging

The profound impact of Diffusion Probabilistic Models (DPM) extends significantly into the

realm of medical imaging, as demonstrated by the research findings in "Diffusion Probabilistic
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Models Beat GANs on Medical 2D Images.” This study, which has been approved by the local
ethical committee (Ethical Committee (EK) 22-319), underscores the capability of DPMs to
outperform GANs in generating more accurate and detailed 2D medical images. Importantly,
all experiments were conducted in strict accordance with the Declaration of Helsinki and the
International Ethical Guidelines for Biomedical Research Involving Human Subjects by the
Council for International Organizations of Medical Sciences (CIOMS). The precision and
reliability of DPMs are especially valuable in medical settings, where the clarity and detail of
images directly influence diagnostic accuracy and treatment decisions. Unlike GANs, which can
sometimes produce artifacts or obscure critical information, DPMs systematically reconstruct
images through a noise reduction process that preserves essential features and details. This
attribute, coupled with their stability during training, makes DPMs exceptionally reliable and
reproducible, which is crucial in medical applications where consistency and ethical compliance

are paramount [82].

2.7.2 ConvNext for Pseudo-Labeling and Classification

Understanding ConvNext?

ConvNeXt is a state-of-the-art CNNs architecture that was developed as a modern reinter-
pretation of the traditional CNNs to meet the demands of contemporary visual recognition
tasks. Inspired by the advances in ViT, ConvNeXt integrates Transformer-like elements into
the CNNs framework to enhance learning efficacy and adaptability. This architecture revisits
the design choices of standard CNNs, optimizing layer configurations, scaling strategies, and
normalization techniques, as illustrated in Figure 2.8. The adjustments made in ConvNeXt aim
to capitalize on the strengths of both CNNs and Transformers, resulting in improved perfor-
mance on a variety of computer vision benchmarks. By refining the building blocks of CNNs,
ConvNeXt sets a new standard for convolutional networks, making it highly effective for tasks

involving complex image recognition and processing [84].

Training ConvNeXt Models ConvNeXt models are trained using a series of strategic
architectural transformations, each contributing to incremental performance improvements|84].

The learning process is encapsulated by optimizing a loss function that typically involves a
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Figure 2.8: Architecture of the ConvNeXt Network [84]

softmax output over the model’s predictions to ensure class probabilities(see Equation 2.5).

L=— Z y; log(p;) (2.5)
where y; are the target labels and p; are the predicted probabilities by the model.

Network Design Evolution Starting from a baseline ResNet, the ConvNeXt model under-

goes various modifications, enhancing its macro and micro design elements (as illustrated in

Figure 2.9):

- Stem Cell Design: Changing from a complex to a simple ”patchify” layer, which
uses a 4x4 convolution with stride 4, processing input images similarly to Transformers

but retaining the essence of ConvNets.

- Macro Design Adjustments: Adapting the compute ratio across different network
stages, changing the block distribution from (3, 4, 6, 3) to (3, 3, 9, 3) to better allocate

processing power.

- Depthwise Convolution: Integrating larger kernel sizes (5x5, 7x7, 9x9, 11x11)
and depthwise separable convolutions to decrease parameter count and computation

overhead, while increasing network width to maintain high performance.

- Inverted Bottlenecks: Implementing an inverted bottleneck design where the hid-
den dimension of the Multilayer Perceptron (MLP) block is four times wider than the

input dimension.
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- Normalization and Activation: Replacing BatchNorm with LayerNorm and ReLU

with Gaussian Error Linear Unit (GELU) for better performance and training stabil-

ity.

Forward and Backward Passes In training ConvNeXt models, both the forward and back-
ward propagation phases are crucial. During the forward pass, input data is transformed

through layers (see Equation 2.5).

Tout = f(W * Lip + b) (26)

where W and b represent weights and biases of the convolutional layers, and f denotes an
activation function such as GELU. During the backward pass, gradients are computed to

update these parameters, minimizing the loss function [84].
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Figure 2.9: Comparison of Swin Transformer, ResNet, and ConvNeXt Blocks [84]

Why ConvNext for Pseudo-Labeling and Classification?

ConvNeXt is particularly well-suited for pseudo-labeling and classification tasks, especially
when faced with the challenge of using both labeled and unlabeled data effectively. This

architecture leverages the strengths of DL, minimizing the limitations often encountered with
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traditional models. ConvNeXt’s advanced convolutional encoder is designed to excel in complex
classification scenarios, providing robust feature extraction capabilities that are essential for
high accuracy in semi-supervised settings. The use of ConvNeXt enables enhanced handling
of sparse and varied data, a critical feature in environments where data labeling is exhaustive
and inconsistent. Its capacity to adapt to SSL conditions and optimize the use of unlabeled
data sets ConvNeXt apart, allowing for superior classification performance even when labeled
datasets are limited. Extensive testing on multiple public datasets has demonstrated that
ConvNeXt consistently surpasses other state-of-the-art DL models, showcasing its effectiveness
in tasks demanding high precision and adaptability without the reliance on extensive labeled

data [85].

Application in Medical Imaging

The ConvNeXt architecture marks a significant advancement in the field of medical imaging,
effectively addressing the challenge of limited annotated datasets. This architecture integrates
elements from Transformer blocks to modernize traditional convolutional networks. Designed
for environments with scarce data, ConvNeXt employs residual blocks that adeptly manage
upscaling and downscaling, maintaining semantic detail at varying scales. Additionally, it fea-
tures a novel approach to incrementally increase kernel sizes, thereby overcoming performance
limitations typical in medical imaging due to dataset constraints. The architecture also uses
compound scaling across depth, width, and kernel size to enhance performance in various imag-
ing tasks. With its high precision and reliability, ConvNeXt sets a new benchmark in medical

imaging technology [86].

2.7.3 Approaches for Image Synthesis and Classification

Following Table 2.3 provides a concise summary of recent studies on image synthesis and classi-
fication using deep learning. It details the authors, publication years, datasets utilized, and key
results achieved in each study. This summary offers a quick comparison of various methodolo-
gies and their effectiveness, highlighting the advancements in generating and classifying images
through deep learning techniques. By reviewing these studies, we can gain insights into the
current state of research and identify potential directions for future work in image synthesis

and classification.
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Table 2.3: Summary of deep learning approaches for image synthesis and classification.

Paper| Authors Methods Data Sets Results

[81] Prafulla et al. | Diffusion models | ImageNet Achieved a record-low FID score
Dataset

[82] Gustav et al. | DDPM CheXpert Medfusion achieved significantly
Dataset lower FID scores

[84] Zhuang et al. | modernized Con- | ImageNet-1K | ConvNeXt models achieved up

vNet Dataset to 87.8%
[85] Farouq et al. | ConvNeXt + | 4-Weeds the model outperformed other
SSL Dataset state-of-the-art models

2.8 Conclusion

This chapter provides a detailed examination of AI’s role in medical imaging, focusing on ML,
DL, and various learning paradigms. It has highlighted the significance of SSL in medical image
analysis, particularly in scenarios with limited labeled data. The introduction of advanced
technological choices, such as diffusion models and ConvNeXt architectures, underscores the
potential for enhanced accuracy and efficiency in medical image classification and generation.
This foundational understanding sets the stage for further exploration and application of these
techniques in addressing specific medical imaging challenges. Based on the current state of
the art, the following chapter will be devoted to experiment with a personalized SSL-based

approach toward accurate pneumonia classification using X-ray images.
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Chapter 3

Methodology and Implementation

3.1 Introduction

The increasing prevalence of pneumonia, a critical respiratory condition, necessitates advance-
ments in diagnostic techniques to enhance early detection and treatment outcomes. This
chapter describes the innovative architecture developed for the classification of pneumonia us-
ing SSL, combining data generation through DDPM and classification via ConvNext. We will
explore the detailed design of the architecture, the implementation process, and the evaluation
of its performance, highlighting how these components synergistically contribute to addressing
the challenges associated with limited labeled data in medical imaging. The overview of the
system architecture is illustrated in Figure 3.1, which shows the process from feeding the chest

X-ray image to the ConvNext classifier to obtaining the classification result.

ConvNext Classifier

Feed To Model
Get Result

& Classification
Result

Chest Xray Image

Figure 3.1: System Architecture Overview
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3.2 Dataset Description

The dataset used in this research was sourced from Kaggle and consists of a total of 5856

images categorized into two classes.

3.2.1 Data Splitting and Usage

The dataset was split into training, validation, and test sets with the following proportions:
- Test Set: 15% (labeled)
- Validation Set: 15% (labeled)
- Training Set: 70%

- 10% labeled

- 60% unlabeled

Additionally, 1800 images were generated for use in training.

3.2.2 Dataset Configuration for DDPM Models

For training DDPM the entire 70% training set was used. The preprocessing steps applied
to the images included resizing them to 256x256 pixels, applying random horizontal flips,
converting the images to tensors, and normalizing them with a mean of 0.5 and a standard

deviation of 0.5.

3.2.3 Dataset Configuration for ConvNext Models

For the ConvNext models, the data was split similarly:
- Test Set: 15% (labeled)
- Validation Set: 15% (labeled)
- Training Set: 70%
- 10% labeled
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- 60% unlabeled

The transformation configuration for the ConvNext models involved resizing the images to
224x224 pixels, converting them to tensors, and normalizing them using mean and standard

deviation values commonly used in image classification tasks.

3.2.4 Models and Configurations

Three ConvNext models were used in this research, each with different configurations:
- Model 1: Trained without using generated images.
- Model 2: Trained using generated images.
- Model 3: Pre-trained and fine-tuned with generated images.

The dataset played a crucial role in training these models, with specific attention to semi-
supervised learning methods for the ConvNext models. The semi-supervised learning approach
involved using a combination of labeled and unlabeled data to improve the classification per-

formance.

3.3 Detailed System Architecture

Our system architecture is designed to maximize the utility of both labeled and unlabeled data
in the training process. Figure 3.2 illustrates a high-level diagram of our system, consisting
of three main components: data generation using DDPM, classification using ConvNext, and

integration of SSL techniques for enhancing training with pseudo-labeled data.
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Figure 3.2: Detailed System Architecture

3.4 Detailed Design and Implementation

This section delves into the detailed design and implementation of the main two primary
components: DDPM for image generation and the ConvNext model for image classification.
The integration of these components forms the core of the proposed approach to enhancing

medical image analysis through semi-supervised learning.
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3.4.1 DDPM Generation

DDPM are chosen for their ability to generate realistic and diverse images from noise by
modeling the data distribution of existing medical images. This capability is crucial for aug-
menting dataset, where labeled examples are scarce but critical for training robust models. As
illustrated in Figure 3.3, the DDPM model follows a detailed training process to achieve this

generation capability.
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DDPM Model
Save Model
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Figure 3.3: Detailed Design of DDPM Model Training
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A. Development Path:

- Initial Model (128x128): The initial DDPM model was developed with a reso-
lution of 128x128 pixels. However, the generated images did not meet our quality

expectations.

- Improved Model (256x256 with One Attention Layer): The resolution is in-
creased to 256x256 pixels and added one attention layer in the UNet architecture.

Despite these improvements, the generated images still lacked the desired quality.

- Final Model (256x256 with Two Attention Layers): After consulting with
medical experts, who demanded higher quality images, a second attention layer is
incorporated to the model. This adjustment significantly enhanced the image quality,
and the generated images were finally approved by the doctors for use as synthetic

chest X-ray, as shown in Figures : 3.4 and 3.5.

B. Model Configuration:
- Batch size: 8
- Learning rate: le-4
- Epochs: 40
- Noise schedule: DDPMScheduler

C. Training Process:

The DDPM training involves processing a dataset of 4977 chest X-ray ( 4099 for training
and 878 for validation). The model learns to reverse the process of adding Gaussian noise to
clean images, gradually generating clean images from noisy inputs. This process enables the

model to create high-quality medical images from noise by the end of training.
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Confirmation of Generated Chest X-ray Images
Student Information

Thesis Title: Semi Supervised Learning for Medical Images
Student’s Name: Lahcene Mamen

Supervisor’s : Pr.Laid Kahloul, Dr.Asma Ammari
University: University of Mohamed Khider Biskra

Date: 24/05/2024

Introduction: This document is to inform about the use of Diffusion Probabilistic
Models (DDPM) in generating synthetic chest X-ray images as part of my thesis
work. The goal of this work is to augment the existing dataset to enhance the training
process of a ConvNext classifier for improved diagnostic performance.

Method and Results: We used DDPM to generate synthetic chest X-ray images.
These images were created to increase the diversity of our training dataset. The
augmented data was then used to train a ConvNext classifier, resulting in improved
model accuracy.

Sample Results: Below are some results from the DDPM-generated images:

Figure 3.4: Medical Approval: Part 1

62



Chapter 3 : Methodology and Implementation

Doctor's Acknowledgement The undersigned doctors, specialists in their respective
fields, have reviewed the generated images. By signing below, they confirm that the
generated images appear realistic and can be used as part of the augmented dataset in
the thesis.

Doctor's Information

N

adhouans
i:l'cdcc"“ -

BOC‘ cuft cn

Figure 3.5: Medical Approval: Part 2
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3.4.2 ConvNext for Classification

ConvNext, a modern CNNs architecture, is utilized for its efficiency and effectiveness in image
classification tasks. The model is trained on labeled data to establish a baseline ability to

identify and classify pneumonia from chest X-ray.

3.4.3 Integration of Semi-Supervised Learning

To leverage unlabeled data, the generated data is integrated with the unlabeled pool during
the training loop, as illustrated in Figure 3.6. This allows pseudo-labeling to occur dynamically
as part of the training process. The model’s predictions on the unlabeled data are treated as
pseudo-labels and used to continuously refine and improve the model’s performance, effectively
expanding the labeled dataset without additional expert annotation.

A. Model Setup:

- Batch size: 16
- Learning rate: 5e-5

- Epochs: 100
B. Development Path:

- Initial Approach (7% Labeled, 63% Unlabeled): A first step correspond to
training the ConvNext model using 7% of the dataset as labeled data (409 images)
and 63% as unlabeled data (3690 images). The validation dataset consisted of 15%
of the images (878 images), and the test dataset also consisted of 15% of the images
(879 images).

- Enhanced Approach (7% Labeled, 63% Unlabeled with DDPM Images):
The DDPM-generated images (1800 images) is then included into the unlabeled
dataset. This integration improved the model’s performance significantly. The to-
tal unlabeled dataset size became 5490 images. The validation dataset consisted of
15% of the images (878 images), and the test dataset also consisted of 15% of the

images (879 images).
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- Best Approach (Pretrained Model with 7% Labeled, 63% Unlabeled with
DDPM Images): Finally, a pretrained ConvNext-tiny-224 model is used, adopting
the same configuration as before, with 7% labeled data (350 images) and 63% un-
labeled data (5490 images), including our DDPM-generated images (1800 images).
This approach yielded the best results. The validation dataset consisted of 15% of
the images (879 images), and the test dataset also consisted of 15% of the images
(879 images).
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Figure 3.6: Detailed Design of ConvNext Model Training
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3.5 Data Flow and Processing

Data flow through the current approach is meticulously designed to ensure seamless integration
and processing. Initially, all available data is split into training, validation, and test datasets.
The training set is further divided into labeled and unlabeled pools. Post DDPM training,
the generated data is combined with the unlabeled pool, and the enhanced dataset re-enters
the training cycle, allowing the ConvNext model to be exposed to varied data scenarios, as

illustrated in Figure 3.7, improving its diagnostic accuracy.

DY
H “ Split Into : Labled e

and Unlabeled
\__Initial data

/ \ DDPM Model

§ : Generate Data

Unlabeled Data

Train DDPM >

s i
r |

Labeled Data

Generated Data

Feed To Model

Train Model

ConvNext Model

Feed Test Set Test And Save

Final ConvNext Model

Figure 3.7: Data Flow Design
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3.6 Design Challenges and Considerations

Several challenges were encountered in the design phase, including the stability of DDPM
during training and ensuring the quality of generated images. Furthermore, integrating pseudo-
labeled data without introducing significant noise into the training process was critical. These
challenges were addressed through iterative testing and refinement of model parameters and

thresholds for pseudo-labeling.

3.7 Implementation and Evaluation

The implementation and system testing phase focused on validating the entire pipeline, ensur-
ing seamless interaction between components, and optimizing the performance of the system.
This phase was crucial in identifying and resolving any integration issues that could impact

the stability and efficiency of the training and inference processes.

3.7.1 Hardware and Software Requirements

The Training of this system divided into:
A. Hardware For DDPM:

- Platform: Google Colab Pro+
- Graphics Processing Unit (GPU): NVIDIA A100 with 40 GB memory
- Random Access Memory (RAM): 64 GB
- Storage: 2TB Solid State Drive (SSD)
B. Hardware For ConvNext:
- GPU: NVIDIA RTX 4070
- Central Processing Unit (CPU): Intel Core i7 13th Gen
- RAM: 64 GB

- Storage: 2TB SSD
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3.7.2 Configuration Settings

- Operating System: Linux-based distribution
- Programming Language: Python 3.8

- DL Framework: PyTorch 1.7

- Key Libraries:

- torch: The core library of PyTorch, providing tensors and dynamic neural

networks in Python with strong GPU acceleration.

- torchvision: Provides datasets, model architectures, and image transfor-
mations for computer vision tasks. It’s widely used for preprocessing images

and loading popular vision datasets.

- numpy: A fundamental library for numerical computations in Python. It
supports large, multi-dimensional arrays and matrices, along with a collec-

tion of mathematical functions to operate on these arrays.

- scikit-learn: A ML library that provides simple and efficient tools for data
mining and data analysis. It’s built on NumPy, SciPy, and matplotlib and

is used for implementing standard ML algorithms.

- diffusers: A library for diffusion probabilistic models, useful for generat-
ing high-quality images from noise. It includes tools for training and using

diffusion models in various applications, including image generation.

- transformers: Developed by Hugging Face, this library provides state-
of-the-art general-purpose architectures for natural language understanding

and generation. It includes models like BERT, GPT, and many others.

- datasets: Also developed by Hugging Face, this library offers a simple way
to share and load datasets. It provides access to a wide variety of datasets

and makes it easy to prepare data for ML tasks.

- accelerate: Another Hugging Face library, designed to streamline and op-

timize the training of DL models across different hardware configurations,
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such as CPU, GPU, and TPUs. It allows for easier scaling and distributed

training.

3.7.3 Integration Testing

Comprehensive testing was conducted to ensure data flowed correctly through all approach
steps, from data generation to classification. Integration points were rigorously tested to handle

discrepancies in data formats or quality.

3.8 Results and Analysis

In this section, we delve into the results and analysis of the investigated study, focusing on the
performance metrics and insights gained from the integration of DDPM and SSL techniques.
The aim is to evaluate the effectiveness of these advanced methodologies in enhancing the
accuracy and generalization of the ConvNext model for pneumonia classification. Detailed
results, including training and validation metrics, are presented to highlight the significant

improvements achieved through our approach.

3.8.1 Presentation of Results

The system achieved an accuracy of 97% along with a precison equal to 98.6% on both validation
set and testing set, marking a significant improvement over traditional methods with using
just 7% labeled data from whole dataset. Therefore, integrating DDPM-generated data and
utilizing SSL significantly improved model generalization on unseen data. In the remaining

Sub-sections more details about the achieved results are discussed.

3.8.2 Training and Validation Metrics

A. DDPM:

- Training Loss: The average loss during the training phase of DDPM demonstrates
rapid convergence, with a steep initial decline and stabilization at low levels, indicating

effective training, as illustrated in Figure 3.8.
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- Validation Loss: The average loss during the validation phase closely follows the
training loss, suggesting minimal overfitting and good generalization of the DDPM

model, as illustrated in Figure 3.8
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Figure 3.8: Training and Validation Loss for DDPM

B. ConvNext:

- Training Loss: The average loss during the training phase of ConvNext, showing a

decline over time indicative of learning.

- Validation Loss: The average loss during the validation phase for ConvNext, which
tends to be higher than when combined with DDPM, indicating potential model

limitations when standalone (refer to the right graph in Figure 3.9).

- Training Accuracy: The accuracy on the training dataset for ConvNext increases over

epochs, reflecting the model’s ability to learn from the training data.

- Validation Accuracy: The accuracy on the validation dataset for ConvNext, which
is lower compared to when enhanced with DDPM, suggesting improved performance

with the integration of DDPM (see the left graph in Figure 3.9).
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Figure 3.9: Validation Loss and Accuracy for Different Methods

3.8.3 Empirical Result

To assess the performance of the current study, we utilized several key metrics, each quanti-

fying different aspects of model performance. Below are the used metrics and their respective

mathematical formulations:

Metrics For DDPM:

- Frechet Inception Distance (FID): Measures the similarity between two datasets of

images.

- Learned Perceptual Image Patch Similarity (LPIPS): Measures perceptual similarity

between images.

- Peak Signal-to-Noise Ratio (PSNR): Measures the ratio between the maximum pos-

sible power of a signal and the power of corrupting noise (see Equation 3.1 ).

(3.1)

PSNR = 20 - log, < MAX, >

VvVMSE

where MAX; is the maximum possible pixel value of the image and MSE is the mean

squared error.
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- Structural Similarity Index (SSIM): As shown in Equation 3.2 measures the similarity

between two images.

(2%6:“3/ + Cl)(Zny + Cy)

IM =
SSIM(z, y) (u320+uz+01)(0925+02+02)

(3.2)

Result Of Generated Image Using DDPM:

The performance scores for the generated chest X-ray images using the DDPM are presented
in the Table 3.1. It summarizes the performance of generated images at different resolutions
and configurations, including the use of attention mechanisms.

Table 3.1: Performance Scores for Generated Images

Image Type FID LPIPS PSNR SSIM
DDPM 128x128 111.85  0.4211  9.304  0.4326
DDPM 256x256 With 1 Attention 50.376  0.3434  10.405 0.4252
DDPM 256x256 With 2 Attention 21.579 0.3178 12.869 0.4365

As illustrated in Table 3.1, the performance metrics include the Fréchet Inception Dis-
tance (FID), Learned Perceptual Image Patch Similarity (LPIPS), Peak Signal-to-Noise Ratio
(PSNR), and Structural Similarity Index Measure (SSIM). The results indicate that higher
resolution images (256x256) with attention mechanisms significantly improve the quality of
generated images, as reflected by lower FID and LPIPS scores, and higher PSNR and SSIM
values. Notably, the DDPM model with two attention mechanisms achieves the best perfor-
mance across all metrics.

Metrics For ConvNext:
- Accuracy: The proportion of total predictions that were correct (see Equation 3.3).

Accuracy = P+ TN (3.3)
YT TP+TN+FP+FN '

where T'P is True Positives, T'N is True Negatives, F'P is False Positives, and F'N is

False Negatives.
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- Precision: The ratio of correctly predicted positive observations to the total predicted

positives (see Equation 3.4).

Precision — —— 1 (3.4)
reclision = TP+FP .

- Recall (Sensitivity): The ratio of correctly predicted positive observations to all ob-

servations in the actual class (see Equation 3.5).

TP
l=—-—— .
Reca TPLFN (3.5)

- F1-Score: The weighted average of Precision and Recall, useful in cases of uneven

class distribution (see Equation 3.6).

(3.6)

F1-Score = 2 x (Premsmn X Reczﬂl)

Precision + Recall

- Specificity: The ratio of correctly predicted negative observations to all actual nega-

tives (see Equation 3.7).
TN

TN+ FP (8.7)

Specificity =

- False Positive Rate (FPR): The ratio of incorrectly predicted positive observations to

all actual negatives(see Equation 3.8).

FP

FPR = FPLTN (3.8)
Result Of Classification Using ConvNext: The ConvNext model, trained with both
real and pseudo-labeled images generated by DDPM, showed significant improvement in clas-

sification metrics compared to the baseline model trained only with real labeled data.
Confusion Matrices: The performance improvement is clearly illustrated in the con-
fusion matrices shown in Figure 3.10. The ConvNext model alone demonstrates a balanced
performance, but when enhanced with DDPM-generated pseudo-labeled data, the ConvNext

+ DDPM model exhibits a marked reduction in false positives and false negatives. Specifically,

the true positives increased from 620 to 659, and the true negatives from 131 to 154. Further-
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more, the Pre-Trained ConvNext + DDPM model shows the best performance among the three
configurations, with the highest true positive (669) and true negative (186) counts, and the
lowest false positive (8) and false negative (16) counts. These results underscore the efficacy

of incorporating DDPM-generated data and pre-training in improving classification accuracy.

Confusion matrix Confusion matrix Confusion matrix

True label
True label
True label

N ~ N > N
Predicted label Predicted label Predicted label

ConvNext Model ConvNext + DDPM Pre-Trained ConvNext + DDPM

Figure 3.10: Confusion matrices for the three model configurations: ConvNext Model, ConvNext + DDPM, and Pre-Trained
ConvNext + DDPM.

Performance Metrics

- Accuracy: Improved from 85.4% in the baseline to 92% and up to 97% with Pre-
Trained ConvNext + DDPM.

- Precision: Increased from 90.8% to 88%, and further to 98.6% with Pre-Trained
ConvNext + DDPM.

- Recall: Rose from 90.5% to 90%, and further to 97.6% with Pre-Trained ConvNext
+ DDPM.

- F1-Score: Enhanced from 90.6% to 89%, and up to 98.1% with Pre-Trained Con-
vNext + DDPM.

- Specificity: Reached 90.5%, consistent with Pre-Trained ConvNext + DDPM re-

sults.

- False Positive Rate (FPR): Reduced from 32.5% in the baseline to 20.6%, and
further to 4.02% with Pre-Trained ConvNext + DDPM.
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3.9 Performance Comparison

In this section, the effectiveness of the proposed approach is evaluated and discussed based on
various metrics. Accordingly, Table 3.2 presents the performance comparison of different model
configurations, specifically ConvNext, ConvNext+DDPM, and Pre-Trained ConvNext+DDPM
(PT-ConvNext+DDPM). The evaluation metrics include Accuracy, Precision, Recall, F1 Score,
Specificity, and False Positive Rate (FPR). The results demonstrate a significant improvement
in performance when using the DDPM enhancement, with the PT-ConvNext+DDPM config-
uration achieving the highest scores across all metrics.

Table 3.2: Performance Comparison of Model Configurations

Metric ConvNext ConvNext+DDPM PT-ConvNext+DDPM

Accuracy 0.8544 0.9249 0.9716
Precision 0.9078 0.9428 0.9861
Recall 0.9051 0.9620 0.9756
F1 Score 0.9064 0.9523 0.9808
Specificity 0.9051 0.9620 0.9756
FPR 0.3247 0.2062 0.0402

3.10 Comparison with Existing Research

The current investigated approach extends existing research in several key ways. The study
”Pneumonia Detection: An Efficient Approach Using Deep Learning” by Ayush Pant et
al. (2020) achieved an accuracy of 90% using an ensemble of ResNet-34 based U-Net and
EfficientNet-B4 based U-Net. While effective, this method faced challenges in handling class
imbalance. In contrast, our use of DDPM for data augmentation addresses class imbalance
more effectively, leading to a higher accuracy.

Similarly, Garima Verma et al. (2020) reported an accuracy of 94.36% using a CNN built
from scratch. While impressive, this approach may suffer from potential overfitting due to the
lack of pre-trained models. Our method, by leveraging ConvNext and SSL, achieves better
generalization with less risk of overfitting.

Mana Saleh Al Reshan et al. (2023) utilized MobileNet, achieving an accuracy of 93.75%,
balancing computational efficiency and accuracy. However, their reliance on pre-trained models

limits customization. Our approach, combining DDPM and ConvNext, provides flexibility and
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customization while maintaining high accuracy.

Tatiana Malygina et al. (2019) employed GANSs for data augmentation, improving ROC AUC
scores from 0.9745 to 0.9929. While effective, GAN-generated data can introduce artifacts. Our
use of DDPM mitigates this risk by generating high-quality images approved by medical ex-
perts.

Finally, the ensemble learning approach by Alhassan Mabrouk et al. (2023) achieved an ac-
curacy of 93.91% using a combination of DenseNet169, MobileNetV2, and Vision Transformer
models. While effective, the complexity of integrating multiple models poses practical chal-
lenges. The proposed approach experimented in this study simplifies the architecture while
achieving higher accuracy.

Table 3.3 provides a comparative summary of these deep learning approaches for pneumo-
nia detection from chest X-ray images, comparing previous works with the current proposed

method.

Table 3.3: Summary of deep learning approaches for pneumonia detection from chest X-ray images.

Paper Year Results

[75] 2020 Accuracy: 90.00%
[76] 2020 Accuracy: 94.36%
[77] 2023 Accuracy: 93.75%
[79] 2020 Accuracy: 89.67%
[80] 2023 Accuracy: 93.91%
Proposed approach 2024 Accuracy: 97.16%

3.11 Conclusion

This chapter presents an architecture for pneumonia classification using SSL.. The approach
combines DDPM for data generation and ConvNext for classification, effectively using both
labeled and unlabeled data. Iterative DDPM development improved image quality, and SSL
with pseudo-labels enhanced performance. Challenges like DDPM stability and integrating
pseudo-labeled data are also addressed through testing and refinement. The proposed method
achieved 97% accuracy, and 98.6% precision on validation and testing sets. The discussed

results has proven to overcome the existing research.
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This thesis presents an innovative architecture for pneumonia classification using semi-
supervised SSL techniques, combining DDPM for data generation and ConvNext for classifica-
tion. The architecture effectively utilized both labeled and unlabeled data, achieving a 98.6%
as a precision on validation and testing sets. Key contributions from this study include the
iterative development of the DDPM, involving increased resolution and added attention layers,
which successfully produced high-quality synthetic chest X-ray images [83][72]. These images
were validated by medical experts, ensuring their utility in augmenting the training dataset.
The ConvNext model, when integrated with SSL, demonstrated significant improvements in
pneumonia classification accuracy compared to traditional methods. The model’s performance
was notably enhanced by the inclusion of DDPM-generated images. Furthermore, the incor-
poration of pseudo-labeled data into the training process allowed the model to leverage a large
amount of unlabeled data, significantly improving its generalization and robustness [53].

The corresponding results have several important implications for the field of medical imag-
ing. The significant improvement in classification accuracy suggests that SSL, combined with
synthetic data generation [73], can effectively address the challenge of limited labeled data
in medical imaging [53]. This can lead to more accurate and early diagnosis of pneumonia,
ultimately improving patient outcomes [3]. Additionally, the ability to generate high-quality
synthetic images reduces the dependency on extensive labeled datasets, which are often expen-
sive and time-consuming to produce [63]. This approach can democratize access to advanced
diagnostic tools, particularly in resource-constrained settings. While this study focused on
pneumonia classification, the underlying principles of combining DDPM and ConvNext with
SSL can be applied to other medical imaging tasks, such as tumor detection, organ segmenta-

tion, and more.
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Despite the promising results, this study has several limitations. The synthetic images
generated by the DDPM, although validated by medical experts, may not capture the full
diversity of real-world medical images. This limitation could affect the generalizability of the
model. Furthermore, the training and generation processes for both DDPM and ConvNext
require significant computational resources, which may limit the practical deployment of the
system in low-resource settings. Moreover, the methods and models were specifically optimized
for pneumonia classification. Adapting the architecture to other medical conditions may require
additional modifications and validations.

Building on the results of this study, several avenues for future research can be explored.
Investigating the applicability of the combined DDPM and ConvNext architecture to other
medical imaging tasks, such as cancer detection, cardiovascular imaging, and neurological
imaging, could extend the impact of this work. Developing more efficient algorithms and
architectures to reduce the computational complexity and resource requirements of the system
would make it more accessible for broader clinical use. Evaluating the effectiveness of other
SSL techniques, such as self-training, co-training, and multi-view learning, in improving model
performance could further enhance the methodology. Conducting longitudinal studies to assess
the long-term impact and reliability of using synthetic data in clinical settings is crucial for
ensuring that these methods remain robust over time and across diverse patient populations.
Collaborating with healthcare institutions to implement and test the proposed architecture in
real-world clinical environments, gathering feedback, and data to further refine and optimize
the system, is also an important step forward.

In conclusion, this research has demonstrated the potential of combining DDPM and Con-
vNext within a SSL framework to significantly enhance pneumonia classification accuracy. The
successful integration of synthetic data generation and SSL addresses key challenges in med-
ical imaging, particularly the scarcity of labeled data. The obtained results underscore the
importance of leveraging advanced Al techniques to improve diagnostic accuracy and patient
outcomes. Future research should continue to explore and refine these methods, ensuring their
broader applicability and deployment in diverse clinical settings. The contributions of this
study mark a significant step forward in the field of medical imaging, paving the way for more

accessible and accurate diagnostic tools.
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