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Abstract

KNEE is one of the most complex joint structures in the human body, which is particu-
larly prone to various injuries. Osteoarthritis is a progressive degenerative joint disease
and one of the leading causes of disability worldwide, making early and accurate sever-
ity assessment crucial for OA progression monitoring, prediction of disease progression,
and timely interventions to prevent irreversible damage. Magnetic Resonance Imaging
has been widely used in the diagnosis of knee diseases due to its comprehensive imag-
ing effect on bone, cartilage and ligament. However, automated OA analysis from knee
MRI remains challenging due to anatomical complexity, inter-patient variability, and the
presence of heterogeneous structural changes. In this work, we propose a cascaded deep
learning framework integrating hierarchical segmentation and severity classification. Ini-
tially, a coarse binary segmentation model was employed to identify and isolate the knee
region of interest from volumetric MRI scans, reducing irrelevant background information
and improving anatomical localization. These cropped volumes were then used as inputs
for a second fine-grained segmentation stage to extract clinically relevant knee anatomical
structures. To investigate segmentation efficiency, both 3D U-Net and 3D Swin-UNETR
architectures were explored, where the transformer-based 3D Swin-UNETR demonstrated
superior performance due to its enhanced ability to capture long-range spatial dependen-
cies and multiscale contextual information. The refined segmented regions were then used
as the foundation for downstream classification tasks, including binary OA severity clas-
sification and multi-class classification of different osteoarthritis progression stages. Ex-
perimental results showed that the cascaded segmentation strategy significantly improved
region localization and enhanced classification reliability by focusing on structurally rel-
evant quantitative biomarkers.

Keywords: Knee, Osteoarthritis, MRI, Cascade-segmentation, Severity-classification,
Deep learning, Machine learning.



Résumé

L’arthrose du genou est une maladie articulaire dégénérative progressive et l’une des prin-
cipales causes d’incapacité dans le monde. Une évaluation précoce et précise de sa sévérité
est essentielle pour le suivi de la progression de la maladie, la prédiction de son évolution
et la mise en œuvre d’interventions thérapeutiques adaptées. L’Imagerie par Résonance
Magnétique (IRM) est largement utilisée pour le diagnostic des pathologies du genou grâce
à sa capacité à visualiser simultanément les structures osseuses, cartilagineuses et liga-
mentaires. Cependant, l’analyse automatique de l’arthrose à partir des images IRM reste
difficile en raison de la complexité anatomique du genou, de la variabilité interindividuelle
et de l’hétérogénéité des modifications structurelles associées à la maladie.

Dans ce travail, nous proposons un cadre d’apprentissage profond en cascade intégrant
la segmentation hiérarchique et la classification de la sévérité de l’arthrose. Le cadre
proposé démontre l’efficacité de la combinaison d’une segmentation 3D coarse-to-fine et
d’une classification guidée par la segmentation pour l’évaluation automatique de la sévérité
de l’arthrose du genou à partir des images IRM.

Mots-clés : Genou, Arthrose, IRM, Segmentation en cascade, Classification de la sévérité,
Apprentissage profond, Apprentissage automatique.
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General Introduction

Osteoarthritis (OA) is considered one of the most common degenerative joint diseases
worldwide and represents an important health problem, particularly among older adults.
The disease mainly affects synovial joints, especially the knee joint, and is commonly
associated with pain, stiffness, and progressive reduction in mobility. These symptoms
may significantly affect daily activities and overall quality of life. Although OA is more
frequently observed with aging, additional factors such as obesity, repetitive mechani-
cal stress, joint injuries, and lifestyle-related conditions may also contribute to disease
progression [8, 9].

One of the major difficulties related to osteoarthritis is that the disease usually develops
progressively over time. In many situations, structural changes inside the joint begin
before severe symptoms become clearly noticeable. As degeneration advances, cartilage
tissues gradually lose part of their elasticity and mechanical strength, reducing their
ability to absorb pressure and support normal movement. Consequently, patients may
experience long-term structural damage and movement limitations if the disease is not
detected during its early stages [8, 10].

Early detection of osteoarthritis is therefore highly important in clinical practice. Iden-
tifying pathological changes during the initial stages of degeneration may help clinicians
apply preventive interventions before severe structural damage occurs. In contrast, de-
layed diagnosis may considerably limit therapeutic options and eventually lead to irre-
versible joint deterioration or total knee replacement procedures [9].

The knee joint is particularly vulnerable to osteoarthritis because it continuously sup-
ports body weight and plays an essential role in movement and stability. Several im-
portant anatomical structures may be affected, including cartilage, menisci, ligaments,
femoral regions, and tibial regions. Degeneration affecting these structures can alter joint
biomechanics and negatively influence movement efficiency and stability [8].

In routine clinical practice, X-ray imaging remains one of the most commonly used
techniques for osteoarthritis diagnosis because of its simplicity and accessibility. However,
conventional radiographic imaging mainly provides information about bone structures
and remains limited when evaluating soft tissues such as cartilage and menisci. This
limitation becomes more critical during the early stages of osteoarthritis, where structural
abnormalities may still be subtle and difficult to observe using standard radiographic
methods [8, 10].

For this reason, Magnetic Resonance Imaging (MRI) has become increasingly impor-
tant in musculoskeletal imaging and knee osteoarthritis analysis. Unlike conventional
radiography, MRI provides detailed visualization of both hard and soft tissues. It allows
clinicians to evaluate cartilage condition, meniscal integrity, ligament structures, and bone
abnormalities with much higher anatomical detail. Such information is particularly valu-
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able for detecting early pathological changes before severe degeneration becomes visible
in radiographic images [8, 10, 9].

Despite these advantages, knee MRI analysis remains relatively complex in practice.
MRI volumes usually contain large amounts of anatomical information distributed across
multiple slices, which can make manual interpretation difficult and time-consuming. In
some situations, clinicians may focus on a particular anatomical region while subtle abnor-
malities in surrounding tissues become more difficult to identify because of the complexity
of the MRI data itself. This complexity may increase interpretation time and contribute to
inter-observer variability or missed subtle abnormalities during routine clinical assessment
[9].

Additional challenges arise from the variability between MRI scans and patient anatomy.
Differences related to age, gender, body structure, disease severity, acquisition protocols,
and scanner settings may produce considerable variations in image appearance and quality.
MRI volumes may also contain noise, contrast inconsistencies, and intensity variations,
which can complicate both visual interpretation and automated image analysis systems
[11].

MRI data may also provide quantitative imaging biomarkers useful for disease char-
acterization and progression monitoring. Parameters such as cartilage thickness, tissue
morphology, texture variations, and structural asymmetry can provide valuable informa-
tion about the condition of knee anatomical structures [12]. Another important challenge
is related to MRI image quality itself. Medical images may contain noise, low contrast,
intensity variations, and acquisition-related artifacts. In some situations, noise patterns
may appear similar to anatomical structures, which can complicate both manual inter-
pretation and automated segmentation tasks. Since even small structural changes inside
cartilage or bone regions may have clinical importance, poor image quality can negatively
affect the reliability of diagnosis and analysis [13, 14, 11].

Because of these challenges, artificial intelligence techniques have attracted increasing
attention in medical imaging research. In recent years, computer-aided diagnosis (CAD)
systems based on deep learning approaches have shown promising performance in several
medical applications. These systems are capable of processing large imaging datasets and
extracting meaningful patterns that may not always be easily observable during manual
examination [15, 9].

Deep learning models are now widely investigated for tasks such as medical image
segmentation, feature extraction, and disease classification. In osteoarthritis analysis, AI-
based systems can help improve diagnostic consistency, reduce inter-observer variability,
and accelerate MRI interpretation. Consequently, combining MRI imaging with artificial
intelligence represents a promising direction for improving osteoarthritis assessment and
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supporting earlier clinical decision-making [15, 16, 6].

Based on the above discussion, there is a clear need for an integrated and robust
framework capable of improving MRI quality, stabilizing anatomical segmentation, and
extracting discriminative multimodal representations from knee MRI volumes. Such a
framework may contribute to more reliable osteoarthritis analysis, improve anatomical
interpretation, and enhance early disease prediction performance [6, 16, 17, 9]. This
work investigates an integrated framework for knee MRI analysis combining advanced
preprocessing techniques, coarse-to-fine segmentation strategies, multimodal feature ex-
traction, and osteoarthritis classification approaches. The proposed framework aims to
improve MRI interpretation, enhance segmentation robustness, and support more reliable
osteoarthritis assessment [6, 16, 17].

We noticed that Within artificial intelligence systems, segmentation models are par-
ticularly sensitive to image quality variations. When MRI volumes are unclear or poorly
enhanced, models may struggle to detect accurate anatomical boundaries, especially in
small and complex regions such as meniscal tissues. In some cases, background regions
may also be confused with real anatomical structures, leading to unstable segmentation
outputs and inaccurate feature extraction results [15, 3]. Furthermore, in direct multi-
class segmentation approaches the large background of regions surrounding the knee joint
influence the segmentation process. Processing the entire MRI volume may reduce seg-
mentation stability and increase the difficulty of accurately localizing fine anatomical
structures. Therefore, coarse-to-fine segmentation strategy based on preliminary knee
localization and ROI extraction has been applied for improving segmentation robustness
and reducing irrelevant background interference [6, 17]

A preprocessing has been applied to knee MRI. The objective of preprocessing is not
limited to improving visual quality only, but also includes reducing noise, enhancing con-
trast, and clarifying anatomical boundaries in order to facilitate more stable and reliable
learning. Indeed, appropriate preprocessing techniques can also reduce analysis difficulty
and improve the efficiency of AI-based medical systems [13, 14, 11].

Traditional handcrafted features alone may fail to fully represent the complex struc-
tural information contained in three-dimensional MRI volumes, particularly within small
anatomical regions. On the other hand, deep features learned automatically by neural net-
works, despite their strong representation capability, may not always capture all structural
variations related to age, gender, or patient-specific anatomical characteristics [12, 15]. In
this sens, the proposed framework relies on a single imaging modality (MRI) combining
multiple complementary feature representations, including intensity-based, texture-based,
morphological, and deep features, providing a richer and more discriminative description
of osteoarthritic degeneration patterns. This thesis is organized into three main chapters

11



General Introduction

in addition to a general introduction and a general conclusion.

Chapter I: presents the theoretical background and literature review related to os-
teoarthritis, MRI biomarkers, medical image preprocessing techniques, deep learning-
based segmentation models, transformer architectures, and multimodal feature extraction
methods. The chapter also discusses recent advances in artificial intelligence for knee MRI
analysis and highlights the main research gaps addressed in this work.

Chapter II: describes the proposed methodology adopted for knee MRI analysis. It
presents the preprocessing pipeline, the proposed coarse-to-fine transformer-based seg-
mentation framework, multimodal feature extraction strategies, feature fusion, and os-
teoarthritis classification models.

Chapter III: presents the experimental results and performance evaluation of the
proposed framework. It includes preprocessing analysis, segmentation evaluation using
Dice and IoU metrics, classification results, comparative experiments, and discussion of
the obtained findings.

Finally, the thesis concludes with a general conclusion summarizing the main con-
tributions and results of this work, while also presenting several limitations and future
research directions for improving automated osteoarthritis analysis systems.
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chapter I Literature Review on MRI-Based Osteoarthritis Analysis and Research Gaps

1.1 Introduction

This chapter presents the theoretical background and literature review related to knee
osteoarthritis analysis using Magnetic Resonance Imaging (MRI) and artificial intelligence
techniques. We first introduce osteoarthritis pathology, cartilage degeneration, and MRI
biomarkers used for evaluating structural joint abnormalities and disease progression.

Subsequently, Computer-Aided Diagnosis (CAD) systems and their role in automated
medical image analysis are discussed, particularly in the context of knee MRI interpreta-
tion and osteoarthritis assessment.

We then review medical image preprocessing techniques employed to improve MRI
quality before deep learning analysis, including wavelet-based denoising, transformer-
based image restoration, intensity normalization, gamma correction, and CLAHE-based
contrast enhancement.

In addition, different deep learning approaches for medical image segmentation are
presented, starting from convolutional neural networks and U-Net architectures to more
advanced transformer-based segmentation models such as Vision Transformers, UNETR,
and Swin-UNETR.

We also discuss feature extraction strategies used for osteoarthritis prediction, includ-
ing intensity-based features, texture descriptors, morphological biomarkers, handcrafted
radiomics features, and deep feature embeddings.

Furthermore, recent state-of-the-art approaches are analyzed through a research gap
study in order to highlight the limitations of existing osteoarthritis analysis systems and
motivate the development of the proposed framework.

Finally, we expose the main research problems and open challenges associated with
knee MRI analysis, segmentation stability, multimodal feature extraction, and osteoarthri-
tis classification.

1.2 Osteoarthritis and MRI Biomarkers

Osteoarthritis (OA) is one of the most prevalent degenerative musculoskeletal diseases
worldwide and represents a major cause of pain, disability, and reduced mobility, partic-
ularly among elderly populations [9]. Recent epidemiological studies estimate that more
than 500 million individuals are affected by osteoarthritis globally, making it a significant
public health and socioeconomic challenge.

Among individuals older than 60 years, symptomatic knee osteoarthritis affects ap-
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proximately 10% of men and 13% of women worldwide [9]. In addition, osteoarthritis
is considered one of the leading causes of long-term disability because of chronic pain,
reduced mobility, and progressive joint dysfunction.

The knee joint is particularly vulnerable to osteoarthritis progression because it con-
tinuously supports body weight and undergoes repetitive biomechanical loading during
daily activities. The disease progressively affects several anatomical structures including
articular cartilage, subchondral bone, menisci, ligaments, and synovial tissues [8, 10].

1.2.1 Cartilage Degeneration in Osteoarthritis

Articular cartilage degeneration represents one of the principal pathological characteris-
tics of osteoarthritis. Under normal physiological conditions, cartilage acts as a smooth
elastic tissue responsible for reducing friction and absorbing mechanical stress during joint
movement. However, progressive biochemical and structural degeneration gradually re-
duces cartilage integrity and mechanical resistance, leading to tissue deterioration and
joint instability.

As osteoarthritis progresses, several structural abnormalities may appear, including
cartilage thinning, osteophyte formation, synovial inflammation, subchondral bone re-
modeling, meniscal degeneration, and joint space narrowing [9, 8]. These degenerative
alterations progressively impair joint biomechanics and negatively affect patient mobility
and quality of life.

In addition to osteoarthritis-related degeneration, several other knee abnormalities
may affect joint structures and contribute to pain, instability, and functional limitation.
Common abnormalities include meniscal tears, cartilage defects, anterior cruciate liga-
ment (ACL) injuries, posterior cruciate ligament (PCL) lesions, medial collateral ligament
(MCL) injuries, lateral collateral ligament (LCL) injuries, infrapatellar fat pad (IFP) ab-
normalities, synovial plica, and cyst formation [18].

These pathological conditions frequently coexist because traumatic and degenerative
processes within the knee joint often overlap during disease progression. In many sit-
uations, pre-existing structural abnormalities may accelerate cartilage degeneration and
increase the risk of developing osteoarthritis, thereby generating substantial clinical and
socioeconomic burden [9].

Recent clinical studies estimated that knee abnormalities and osteoarthritis may gen-
erate annual medical costs ranging approximately between 700 and 15,600 USD per pa-
tient depending on disease severity and therapeutic management strategies. Furthermore,
within the first five years following osteoarthritis diagnosis, each patient may require an
average excess of approximately 16.8 medical visits, 0.7 hospitalization days, and nearly
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420 prescription doses [18].

Osteoarthritis progression is also highly heterogeneous and compartment-specific. De-
generation patterns may differ considerably between medial and lateral compartments
as well as between femoral, tibial, and meniscal regions. Consequently, localized struc-
tural degeneration may not always be accurately represented using global knee analysis
approaches [12, 9].

Furthermore, osteoarthritis frequently remains asymptomatic during its early stages,
which complicates early diagnosis and therapeutic intervention. Delayed detection may
considerably increase the risk of irreversible joint degeneration and severe structural dam-
age requiring surgical procedures such as total knee arthroplasty (TKA) [10].

Consequently, there is an urgent need to improve early osteoarthritis diagnosis and
progression prediction through reliable imaging biomarkers and automated medical image
analysis systems. For this reason, large-scale clinical initiatives such as the Osteoarthritis
Initiative (OAI) consortium were established to collect multimodal datasets including
Magnetic Resonance Imaging (MRI), Computed Tomography (CT), clinical information,
and genetic data for osteoarthritis research and biomarker discovery [8].

1.2.2 Structural MRI Biomarkers

Magnetic Resonance Imaging (MRI) is considered one of the most important imaging
modalities for osteoarthritis assessment because of its ability to provide detailed visual-
ization of both hard and soft knee anatomical structures. Unlike conventional radiography,
which mainly evaluates visible bone alterations and joint space narrowing, MRI enables
detailed analysis of cartilage, menisci, ligaments, synovial tissues, and subchondral bone
structures [8, 10].

MRI has become the preferred non-invasive imaging modality for evaluating knee ab-
normalities because of its superior soft-tissue contrast and high anatomical visualization
capability. In clinical practice, Proton Density-weighted Fat Suppression (PDwFS) MRI
sequences are commonly employed for knee analysis because they provide improved visu-
alization of cartilage, menisci, ligaments, and surrounding tissues [8].

This capability is particularly important because many early osteoarthritic abnormal-
ities remain difficult or impossible to visualize using standard X-ray imaging. MRI allows
earlier detection of cartilage degeneration, meniscal lesions, bone marrow abnormalities,
inflammatory changes, and structural tissue alterations before severe degeneration be-
comes radiographically visible [8].

Traditional two-dimensional MRI acquisitions may suffer from limited spatial reso-
lution, partial volume artifacts, and restricted anatomical visualization. Consequently,
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modern three-dimensional MRI sequences have become increasingly important for os-
teoarthritis analysis because they provide improved spatial resolution and enable arbitrary
plane reconstruction for more accurate anatomical assessment [10, 8].

A single knee MRI examination may contain more than 100 slices, generating large
volumes of anatomical information that require detailed interpretation by radiologists and
clinicians. This complexity considerably increases clinical workload and interpretation
difficulty, particularly during the analysis of subtle osteoarthritic abnormalities [3].

In addition to qualitative structural abnormalities, MRI also provides quantitative
biomarkers that can support automated osteoarthritis analysis systems. Parameters such
as cartilage thickness, joint space narrowing, osteophyte formation, bone marrow lesions,
meniscal degeneration, subchondral bone remodeling, tissue morphology, texture het-
erogeneity, volumetric measurements, and structural asymmetry may provide detailed
information regarding disease progression and anatomical degeneration [12] [9, 8].

To evaluate osteoarthritis severity, the Kellgren–Lawrence (KL) grading system re-
mains one of the most widely used clinical grading approaches. The KL system classifies
osteoarthritis progression from Grade 0, representing a healthy knee joint, to Grade 4,
corresponding to severe osteoarthritis associated with major structural degeneration, os-
teophyte formation, and substantial loss of joint functionality [8, 9].

1.3 Computer-Aided Diagnosis (CAD) Systems

The increasing complexity of medical imaging data has accelerated the development of
Computer-Aided Diagnosis (CAD) systems for automated medical image analysis. These
systems are designed to support clinicians during diagnostic interpretation and improve
the reliability, efficiency, and consistency of medical decision-making [15].

CAD systems are particularly important in knee MRI analysis because MRI vol-
umes contain large amounts of fine anatomical information distributed across multiple
three-dimensional slices. Manual interpretation of these datasets is often time-consuming
and cognitively demanding, especially in osteoarthritis analysis where early pathological
changes may appear subtle and difficult to identify.

In some clinical situations, manual segmentation of a complete three-dimensional knee
MRI series may require up to 6 h for a trained clinical expert depending on anatomical
complexity and segmentation precision requirements [3].

Several radiological studies additionally reported lesion miss rates ranging approx-
imately between 10% and 45% depending on workload conditions, image complexity,
and observer experience [3]. Consequently, automated CAD systems may contribute to
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reducing interpretation variability and improving early disease detection.

Another important limitation concerns MRI image quality itself. Medical images may
contain noise, low contrast, intensity inhomogeneity, and acquisition-related artifacts that
complicate both manual interpretation and automated segmentation tasks. In some cases,
noise patterns may appear similar to real anatomical structures, increasing the difficulty
of accurately identifying pathological regions [13, 14, 11].

Modern CAD systems are capable of performing multiple medical image analysis tasks
including anatomical segmentation, ROI localization, feature extraction, and disease clas-
sification. These systems help reduce analysis time, minimize observer-dependent vari-
ability, and facilitate earlier detection of osteoarthritic degeneration patterns [16, 15].

Early CAD systems for knee analysis mainly relied on conventional image process-
ing and machine learning techniques for segmentation and abnormality detection tasks.
However, recent advances in deep learning have significantly improved automated seg-
mentation, feature extraction, and disease classification performance in complex knee
MRI analysis applications [17].

Convolutional Neural Networks (CNNs) demonstrated strong capability for local fea-
ture extraction and anatomical segmentation, whereas Transformer-based architectures
introduced self-attention mechanisms capable of modeling long-range spatial relationships
within complex MRI volumes [6, 16].

Transformer-based frameworks such as Swin-UNETR have recently shown promising
performance in medical image segmentation tasks because of their ability to simulta-
neously capture local anatomical details and global contextual information. However,
these architectures frequently require high computational resources and large annotated
datasets for stable training [6, 17].

Despite the remarkable progress achieved by modern CAD systems, several challenges
still remain unresolved, including segmentation instability, anatomical variability, class
imbalance, computational complexity, and the difficulty of accurately capturing subtle
osteoarthritic degeneration patterns across heterogeneous knee anatomical compartments.

1.4 Image Preprocessing in Medical Imaging

Image preprocessing is considered one of the most important stages in medical image
analysis, especially when working with Magnetic Resonance Imaging (MRI) data. Al-
though MRI provides highly detailed anatomical information, these images often suffer
from several limitations that affect the visibility of anatomical structures and reduce the
reliability of both clinical interpretation and automated analysis systems [15, 10].

18



chapter I Literature Review on MRI-Based Osteoarthritis Analysis and Research Gaps

One of the most common issues in MRI images is the presence of noise. This noise
may appear because of acquisition conditions, scanner limitations, or environmental in-
terference during the imaging process. In many cases, noise appears as random intensity
variations that may resemble real anatomical details, making tissue differentiation more
difficult.

This issue becomes particularly critical in osteoarthritis analysis because subtle patho-
logical changes may occur in very small anatomical regions such as cartilage surfaces and
meniscal boundaries. Consequently, even minor image degradation may negatively affect
segmentation precision and feature extraction reliability. Moreover, structures such as
cartilage, menisci, and ligaments often have very similar intensity distributions. As a
result, the boundaries between these tissues are not always clearly visible. Indeed, the
three-dimensional nature of MRI data increases the complexity of analysis because each
slice may contain subtle anatomical details that require careful interpretation.

MRI images may also suffer from low contrast and non-uniform intensity distribution,
commonly referred to as intensity inhomogeneity. In such cases, the same tissue may ap-
pear with different intensity values in different regions of the image, which can negatively
affect both segmentation accuracy and model stability during training.

Another challenge comes from differences between imaging devices and acquisition
protocols. Variations in scanner settings and patient positioning may lead to inconsisten-
cies in image appearance and intensity scaling across datasets, making it difficult to build
models that generalize effectively.

MRI images may additionally suffer from partial volume effects and through-plane
blurring, particularly near thin anatomical structures such as cartilage surfaces and menis-
cal boundaries. These phenomena reduce boundary precision and complicate both manual
interpretation and automated segmentation tasks [3].

For these reasons, preprocessing has become an essential step before applying deep
learning models to MRI data. The objective of preprocessing is not only to improve image
appearance, but also to preserve important anatomical structures, reduce unwanted noise,
and simplify the learning process for segmentation and classification models [13, 14].

In deep learning applications, preprocessing also contributes to stabilizing data dis-
tribution, reducing irrelevant variations, and facilitating more reliable model convergence
during training.

In this work, a multi-stage preprocessing pipeline is adopted by combining several
complementary techniques, including wavelet-based denoising, transformer-based image
restoration using Restormer, gamma correction, and CLAHE-based contrast enhance-
ment. This integrated strategy aims to improve MRI image quality while preserving
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meaningful anatomical information instead of focusing only on visual enhancement [19,
13, 14, 20, 11].

1.4.1 Noise in MRI

MRI images are frequently affected by different forms of noise that may reduce image
clarity and make anatomical structures more difficult to identify. In medical imaging,
noise does not only affect visual quality, but may also interfere with tissue boundaries
and hide fine structural details required for accurate diagnosis.

Unlike natural images, MRI data contains complex anatomical information with subtle
intensity differences between tissues. Consequently, even a small amount of noise may sig-
nificantly affect the visibility of structures such as cartilage, menisci, and ligaments. This
issue becomes more critical in osteoarthritis analysis, where many pathological changes
appear in very small and sensitive regions.

Figure 1.1 illustrates an example of MRI degradation caused by noise and low contrast.

Figure 1.1: Example of noise and low contrast effects in knee MRI images.

1.4.2 Wavelet-Based Denoising

Wavelet-based denoising is used as the first stage of the preprocessing pipeline because
of its ability to reduce noise while preserving important anatomical details. Unlike tradi-
tional smoothing filters that may blur edges and fine structures, wavelet-based methods
analyze the image in the frequency domain [13].

Wavelet methods are particularly suitable for MRI preprocessing because they preserve
fine anatomical structures while suppressing high-frequency noise components that may
interfere with tissue boundary detection.

The approach relies on the Discrete Wavelet Transform (DWT), which decomposes
the image into several frequency components:
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I = LL+ LH +HL+HH (1.1)

The LL component contains the main low-frequency structural information, while the LH,
HL, and HH components represent high-frequency details that usually contain edges and
noise.

Since MRI noise is mainly concentrated in the high-frequency components, noise re-
duction is performed by attenuating these coefficients:

C ′ = αC (1.2)

where α is a scaling factor smaller than 1 used to suppress noise while preserving
meaningful edge information.

This method helps clean MRI images without removing important structures such as
cartilage boundaries and ligament edges, making it more suitable for medical imaging
applications than conventional smoothing approaches.

In knee MRI analysis, preserving anatomical edges is particularly important because
osteoarthritic degeneration frequently affects thin cartilage surfaces and meniscal bound-
aries that may become difficult to identify after excessive smoothing.

Wavelet-based denoising additionally contributes to improving segmentation stability
and reducing noise-related artifacts during subsequent feature extraction and osteoarthri-
tis analysis stages.

Figure 1.2 presents the effect of wavelet denoising on MRI image quality.

Figure 1.2: Wavelet-based denoising applied to knee MRI images.
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1.4.3 Transformer-Based Image Restoration

After reducing noise, the Restormer model is applied to further improve image quality and
recover fine anatomical details that may not be clearly visible in MRI images. The model
is based on transformer architecture and uses self-attention mechanisms to understand re-
lationships between distant image regions instead of focusing only on local neighborhoods
like conventional convolutional neural networks (CNNs) [19, 16].

The self-attention mechanism can be expressed as:

Attention(Q,K, V ) = Softmax

(
QKT

√
dk

)
V (1.3)

where Q, K, and V represent the query, key, and value matrices, while d represents
the normalization dimension.

This mechanism allows the model to capture long-range dependencies and better un-
derstand complex anatomical structures within MRI images.

This global contextual understanding is particularly important in MRI analysis be-
cause anatomically related structures may appear across distant image regions within the
three-dimensional volume.

Restormer improves structural clarity and helps recover fine details that may become
less visible after denoising. This is particularly important in knee MRI analysis, where
subtle structures such as cartilage surfaces and meniscus boundaries play a major role in
segmentation quality.

Compared to CNN-based restoration methods, transformer-based approaches provide
a more global understanding of the image and are more effective in handling complex
structural relationships.

Figure 1.3 illustrates the Restormer architecture used for MRI restoration.
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Figure 1.3: Transformer-based image restoration using Restormer.

1.4.4 Intensity Normalization and Gamma Correction

After restoration, intensity normalization is applied to ensure that pixel values remain
within a stable range. This step helps reduce intensity inconsistencies and improves the
stability of subsequent processing stages.

Gamma correction is then applied as a nonlinear intensity transformation defined by:

Iout = Iγin (1.4)

where γ controls intensity transformation [20].

Although the visual impact may sometimes appear limited, gamma correction con-
tributes to stabilizing intensity distribution and preparing the image for contrast en-
hancement.

This step becomes useful in osteoarthritis analysis because some pathological regions
may appear with weak intensity variations that are difficult to distinguish without inten-
sity stabilization. Figure 1.4 demonstrates un example of Gamma correction applied to
MRI images.
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Figure 1.4: Gamma correction applied to MRI images for intensity stabilization.

1.4.5 Contrast Enhancement using CLAHE

The final stage of the preprocessing pipeline involves contrast enhancement using Contrast
Limited Adaptive Histogram Equalization (CLAHE). This step plays an important role
in improving the visibility of anatomical structures, particularly in MRI images where the
contrast between tissues is often limited [14].

Unlike traditional histogram equalization methods that process the image globally,
CLAHE divides the image into smaller local regions and enhances each region indepen-
dently.

Local contrast enhancement is particularly important in knee MRI analysis because
different anatomical regions may exhibit different intensity distributions and visibility
conditions inside the same image.

This technique improves the visibility of subtle anatomical structures that are difficult
to observe in low-contrast MRI images, particularly cartilage, ligaments, and menisci.
In addition, CLAHE reduces excessive noise amplification that may occur with standard
contrast enhancement approaches.

Figure 1.5 shows the effect of CLAHE on MRI contrast enhancement.
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Figure 1.5: CLAHE-based contrast enhancement applied to knee MRI images.

1.4.6 Integrated Preprocessing Pipeline

The proposed preprocessing pipeline integrates all previously described techniques into a
unified and sequential framework. Each stage is designed to address a specific limitation
of MRI data, including noise reduction, structural enhancement, intensity stabilization,
and contrast improvement.

Wavelet-based denoising is initially applied to suppress high-frequency MRI noise while
preserving important anatomical edges. Restormer-based restoration is subsequently em-
ployed to recover fine structural details and improve global contextual consistency across
anatomical regions. Gamma correction is then used to stabilize intensity distribution and
reduce intensity variability before applying CLAHE-based local contrast enhancement.
Finally, CLAHE improves tissue visibility and local contrast without excessively amplify-
ing residual noise. This sequential organization helps preserve structural integrity while
progressively improving MRI quality throughout the preprocessing pipeline.

Improving MRI quality before segmentation is particularly important because unclear
anatomical boundaries and intensity inconsistencies may negatively affect coarse-to-fine
segmentation stability, ROI localization accuracy, and multimodal feature extraction re-
liability.

Overall, this integrated preprocessing strategy produces MRI images with improved
clarity and more consistent structural information, which directly supports more stable
coarse-to-fine segmentation, improved anatomical localization, and more reliable multi-
modal feature extraction performance during subsequent analysis stages [15, 3, 6, 17].
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1.5 Deep Learning for Medical Image Segmentation

Deep learning has significantly transformed the field of medical image analysis by im-
proving the accuracy and efficiency of segmentation and classification systems compared
to conventional image processing approaches. Unlike traditional techniques that rely on
manually designed features, deep learning models are capable of automatically learning
patterns and representations directly from data, allowing a more comprehensive under-
standing of anatomical structures in medical images [15, 3, 9].

Traditional image processing and handcrafted feature engineering approaches fre-
quently struggle to handle the complexity and variability of three-dimensional knee MRI
data. Consequently, deep learning models became increasingly important because of their
capability to automatically learn hierarchical and discriminative representations directly
from raw medical images.

This capability becomes particularly important in osteoarthritis analysis because knee
MRI volumes contain highly complex anatomical information distributed across multiple
slices and compartments, making manual feature engineering increasingly insufficient for
robust analysis.

Medical image segmentation aims to identify and separate anatomical structures from
surrounding tissues. This task is particularly important in Magnetic Resonance Imaging
(MRI), where accurate delineation of cartilage, ligaments, and menisci is essential for
disease analysis and prediction. However, segmentation remains challenging because MRI
images often contain noise, low contrast, and highly complex anatomical details.

The difficulty becomes more pronounced when analyzing small anatomical structures
such as cartilage surfaces and meniscal tissues, where even minor segmentation inaccura-
cies may significantly affect subsequent feature extraction and disease prediction stages.

1.5.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are among the most widely used models in medi-
cal image analysis because they are specifically designed for image processing tasks. CNNs
automatically learn image patterns and extract meaningful features from raw data, which
makes them highly effective for MRI analysis.

These networks rely on convolution operations to extract local features such as edges,
textures, and structural patterns inside the image. After each convolution operation, the
model generates feature maps that contain the important information learned from the
input image.
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However, convolution operations mainly focus on neighboring regions and local re-
ceptive fields. Consequently, CNNs are generally more effective at capturing local spa-
tial patterns than modeling long-range contextual relationships distributed across distant
anatomical regions.

CNNs also utilize pooling layers to reduce spatial dimensions and improve computa-
tional efficiency. This process enables the model to build hierarchical feature represen-
tations, starting from low-level details and progressively learning more complex semantic
information.

CNN-based models achieved strong performance in medical imaging because they pre-
serve important image structures while extracting meaningful local information, particu-
larly in MRI images where tissue boundaries and textures play an important role [3].

Figure 1.6: Basic CNN workflow for MRI medical image analysis showing convolution,
pooling, and classification stages reproduced from [1].

1.5.2 U-Net Architecture

Although CNNs achieved promising results in image analysis, medical segmentation tasks
require higher precision in detecting boundaries and small anatomical structures. For this
reason, the U-Net architecture was specifically developed for biomedical image segmenta-
tion [3].

U-Net follows an encoder–decoder architecture. The encoder progressively extracts
contextual information while reducing the spatial resolution of the image. In contrast,
the decoder reconstructs the segmentation map and restores fine anatomical details.

Although encoder–decoder architectures achieved remarkable success in medical image
segmentation, determining the optimal network depth remains highly task-dependent and
varies according to anatomical complexity, dataset size, and segmentation objectives. In
addition, the design of skip connections remains largely empirical and lacks strong the-
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oretical foundations regarding the optimal integration of low-level and high-level feature
representations [3].

This structure allows the model to capture global image information while preserving
precise local structures such as cartilage, ligaments, and menisci.

This characteristic makes U-Net particularly suitable for medical image segmenta-
tion tasks involving complex anatomical boundaries and fine tissue structures commonly
observed in MRI data.

One of the key components of U-Net is the use of skip connections. These connections
transfer feature information directly from the encoder to the decoder, helping preserve
spatial details that may otherwise be lost during pooling operations.

As a result, U-Net became one of the most successful architectures in medical im-
age segmentation due to its ability to balance contextual understanding and accurate
localization.

Figure 1.7: 3D U-Net architecture reproduced from the GitHub repository [2, 3].

1.5.3 Limitations of CNN-Based Models

Despite the strong performance of CNN-based models such as U-Net, they still suffer from
several limitations, particularly when dealing with three-dimensional MRI data.

CNNs mainly rely on local understanding of the image, where the receptive field
remains relatively limited. This makes capturing long-range relationships between distant
anatomical regions more difficult.

In addition, pooling operations may lead to the loss of fine structural details, negatively
affecting segmentation quality, especially in small and sensitive anatomical regions inside
the knee joint.

These limitations become more significant in MRI analysis because medical images
contain highly complex anatomical structures distributed across multiple slices. Conse-
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quently, conventional CNN models may struggle to fully understand global contextual
relationships compared to more advanced transformer-based architectures [21, 16, 6, 17].

In deep learning-based cartilage segmentation, segmentation performance frequently
decreases near peripheral cartilage regions because of partial volume effects and through-
plane blurring. These phenomena reduce boundary precision and make maintaining con-
sistent segmentation performance across the entire three-dimensional MRI volume con-
siderably more difficult [3].

Furthermore, processing complete three-dimensional MRI volumes often requires high
computational resources and GPU memory consumption, particularly when dealing with
high-resolution medical images and multi-region segmentation tasks.

Most existing CNN-based approaches mainly focus on isolated single-task objectives
such as segmentation or classification independently. However, knee MRI analysis involves
highly interconnected anatomical structures and pathological relationships, making inte-
grated multi-stage analysis frameworks increasingly important for clinical applications.

Because of these limitations, recent research has increasingly focused on transformer-
based architectures capable of modeling long-range dependencies and capturing global
contextual information more effectively than conventional CNN-based approaches. These
models have demonstrated promising performance in complex medical image segmentation
tasks, particularly in three-dimensional MRI analysis [16, 6, 17].

1.6 Transformer-Based medical image Segmentation Mod-

els

Transformer-based architectures have recently attracted significant attention in medical
image analysis because of their strong capability to model complex spatial relationships
and capture global contextual information. These models were introduced to overcome
several limitations associated with conventional convolutional neural networks (CNNs),
particularly in medical imaging tasks involving highly detailed anatomical structures and
three-dimensional MRI data [16, 6, 17].

Unlike CNN-based approaches that mainly focus on local image neighborhoods, trans-
former architectures provide a broader understanding of image content by modeling rela-
tionships between distant regions. This capability is particularly important in knee MRI
analysis because anatomical structures such as cartilage, menisci, and surrounding tissues
are spatially interconnected across multiple slices and compartments.

Transformer-based architectures additionally demonstrated improved capability in
handling volumetric MRI analysis tasks where contextual information distributed across
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the complete three-dimensional volume plays an important role in accurate anatomical
segmentation and structural understanding.

1.6.1 Vision Transformers

Vision Transformers (ViT) represent one of the earliest transformer-based approaches
adapted for computer vision tasks. Instead of processing the image as a continuous
spatial grid, the image is divided into smaller patches. Each patch is transformed into
a numerical representation called a token, which is then processed by the transformer
architecture [16].

By learning relationships between tokens, the model can analyze interactions between
different image regions and build a more global representation of anatomical structures.
This differs from conventional CNNs, which mainly focus on extracting local spatial pat-
terns through convolution operations.

The use of Vision Transformers becomes particularly useful in MRI analysis because
pathological changes associated with osteoarthritis may appear across multiple regions in-
side the knee joint. Consequently, capturing long-range dependencies between anatomical
structures can improve segmentation robustness and structural understanding.

However, standard Vision Transformers frequently require very large training datasets
and high computational resources in order to achieve stable performance. These limi-
tations become more challenging in medical imaging applications where annotated MRI
datasets are often limited and expensive to obtain.

1.6.2 Self-Attention Mechanisms in Medical Imaging

The main component responsible for the effectiveness of transformer architectures is the
self-attention mechanism. Self-attention enables the model to evaluate relationships be-
tween different image regions and determine which features are more relevant during the
analysis process.

In medical imaging, this mechanism is highly important because anatomical structures
inside MRI volumes are strongly interconnected. Structural changes occurring in one
region may influence neighboring tissues or reflect broader pathological patterns associated
with osteoarthritis progression.

The self-attention mechanism is mathematically expressed as:

Attention(Q,K, V ) = Softmax

(
QKT

√
dk

)
V (1.5)
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where Q, K, and V represent the query, key, and value matrices, while d represents the
normalization dimension [4].

This mechanism allows transformer models to preserve important contextual informa-
tion across multiple layers and improves their ability to capture fine anatomical structures
and long-range spatial dependencies within MRI images.

Compared with conventional convolution operations, self-attention mechanisms pro-
vide a more flexible strategy for modeling global contextual relationships distributed
across complex three-dimensional anatomical regions.

Figure 1.8: Scaled dot-product attention and multi-head attention mechanisms repro-
duced from [4].

1.6.3 UNETR

UNETR is among the first medical image segmentation architectures that successfully in-
tegrated transformer-based encoding with the U-Net framework. In this architecture, the
transformer encoder is responsible for learning global contextual representations from the
input image, while the decoder reconstructs fine anatomical details required for accurate
segmentation [16].

This hybrid architecture combines the advantages of transformers and CNN-based
decoders. The transformer component improves global contextual understanding, whereas
the decoder preserves precise local anatomical structures. Consequently, UNETR became
particularly suitable for MRI segmentation tasks involving complex anatomical boundaries
and detailed tissue structures.

Unlike conventional CNN-based architectures, UNETR processes volumetric MRI data
using transformer-based token representations capable of modeling long-range anatomical
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dependencies across the complete three-dimensional volume.

However, UNETR architectures may still require high computational resources and
GPU memory consumption, particularly when processing high-resolution MRI volumes
and large patch embeddings.

1.6.4 Swin-UNETR

Although Vision Transformers and UNETR demonstrated promising segmentation perfor-
mance, they may require high computational resources and large memory consumption,
especially when processing three-dimensional medical images. To address these limita-
tions, the Swin Transformer architecture was proposed as a more computationally efficient
transformer-based approach [6].

Instead of processing the entire image globally, Swin Transformer analyzes the image
using smaller local windows. This strategy significantly reduces computational complexity
while still preserving the capability to capture long-range contextual information. In
addition, shifted window mechanisms facilitate information exchange between neighboring
image regions and improve contextual continuity.

By integrating Swin Transformer with the U-Net architecture, the Swin-UNETR
model was developed for advanced medical image segmentation tasks. This architec-
ture combines efficient contextual understanding with accurate local feature preservation,
making it highly suitable for complex MRI anatomical structures and three-dimensional
segmentation problems.

Compared with conventional CNN-based models, Swin-UNETR demonstrates im-
proved capability in modeling long-range spatial dependencies and preserving fine anatom-
ical structures, particularly in challenging MRI segmentation tasks involving cartilage and
meniscal tissues [6, 17].

In addition, Swin-UNETR provides improved balance between segmentation accuracy
and computational efficiency compared with conventional transformer architectures that
process complete global image representations simultaneously.

Because osteoarthritis progression frequently affects heterogeneous anatomical com-
partments with subtle structural variations, the capability of Swin-UNETR to capture
both local anatomical details and global contextual relationships becomes particularly
advantageous for knee MRI analysis.
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Figure 1.9: Swin-UNETR architecture reproduced from the MONAI GitHub repository
[5, 6].

Overall, transformer-based segmentation architectures provide stronger contextual un-
derstanding and more robust representation of complex anatomical structures compared
with conventional CNN-based approaches. These characteristics make transformer models
increasingly suitable for challenging MRI segmentation tasks and osteoarthritis analysis
applications involving highly detailed three-dimensional medical data [16, 6, 17].

1.7 Feature Extraction for Disease Prediction

Feature extraction is considered one of the fundamental stages in medical image analysis
systems. Its objective is to transform MRI images into numerical representations that
can be used to understand anatomical structures and predict disease severity [12, 15].

In osteoarthritis analysis, feature extraction becomes more challenging because degen-
eration patterns do not affect all anatomical regions uniformly. Structural changes may
appear differently across cartilage, meniscus, femoral, and tibial regions, motivating the
need for region-wise feature extraction strategies.

Osteoarthritis is considered a heterogeneous and compartment-specific disease because
degeneration patterns may differ considerably between medial and lateral compartments
as well as between femoral, tibial, and meniscal structures. Consequently, extracting
global features from the complete knee joint may reduce sensitivity to localized patho-
logical alterations associated with disease progression [9, 12]. Furthermore, osteoarthritis
progression frequently exhibits structural asymmetry between knee compartments. Medial
degeneration may differ significantly from lateral degeneration depending on biomechan-
ical loading conditions and tissue-specific pathological evolution. Therefore, independent
analysis of each anatomical region becomes important for preserving compartment-specific
degeneration patterns.

33



chapter I Literature Review on MRI-Based Osteoarthritis Analysis and Research Gaps

MRI images contain a large amount of information related to bones, cartilage, and
surrounding tissues. Therefore, relying only on raw image data is often insufficient for
disease prediction, making feature extraction essential for identifying meaningful patterns
associated with osteoarthritis progression.

MRI volumes contain highly complex multidimensional anatomical information dis-
tributed across multiple slices and tissues. Consequently, direct analysis of raw MRI
images without quantitative feature representation may limit the capability of automated
systems to identify subtle structural abnormalities associated with early osteoarthritis
progression.

Small anatomical structures such as thin cartilage regions and meniscal tissues remain
particularly challenging because subtle pathological changes may occur within very limited
spatial regions.

1.7.1 Intensity-Based Features

One important category of features is intensity-based features. These features analyze
pixel intensity values and study variations in brightness distribution across different tis-
sues. Such information is important because MRI images vary between patients depending
on age, gender, and anatomical structure. In addition, pathological changes may alter
intensity distribution inside the joint.

These variations become particularly important in MRI analysis because osteoarthritic
degeneration may produce subtle intensity differences that are difficult to detect through
visual inspection alone.

Intensity variations may additionally reflect tissue degeneration, cartilage hydration
changes, inflammatory processes, and alterations in subchondral bone structure associated
with osteoarthritis progression.

1.7.2 Texture-Based Features (GLCM, Haralick, and LBP)

Texture-based features are also widely used to analyze internal tissue patterns. These
features focus on relationships between neighboring pixels and study characteristics such
as smoothness, roughness, and intensity transitions inside anatomical structures.

Methods such as Gray Level Co-occurrence Matrix (GLCM) and Haralick features are
commonly used for texture analysis because they allow statistical evaluation of relation-
ships between pixels and provide detailed information about internal tissue organization
[12].

Texture analysis is particularly important in osteoarthritis because the disease pro-

34



chapter I Literature Review on MRI-Based Osteoarthritis Analysis and Research Gaps

gressively modifies cartilage structure and bone tissue organization, resulting in significant
texture variations during disease progression.

Texture descriptors are particularly valuable because they capture microstructural
tissue organization and spatial heterogeneity that may not always be visually observable
during conventional MRI interpretation.

Local Binary Pattern (LBP) descriptors are additionally employed to characterize local
micro-texture variations and structural irregularities within cartilage and meniscal tissues.
LBP features are particularly effective for representing local spatial texture patterns and
subtle tissue heterogeneity associated with osteoarthritic degeneration.

1.7.3 Shape and morphological features

Shape-based features are employed to analyze structural changes occurring inside the knee
joint. Osteoarthritis may cause cartilage thinning, joint space narrowing, and deformation
in bone structures. These morphological changes can be represented numerically and used
for disease prediction.

Morphological analysis is particularly important because each anatomical compart-
ment possesses specific volumetric and structural characteristics that may evolve differ-
ently during osteoarthritis progression.

Morphological features may also serve as imaging biomarkers reflecting osteoarthritis
severity and structural joint degeneration.

Quantitative biomarkers such as cartilage thickness, meniscal volume, joint space mea-
surements, and structural deformation indices may provide clinically relevant information
regarding osteoarthritis severity and disease progression monitoring.

1.7.4 Deep Feature Embeddings

In addition to handcrafted features, deep feature embeddings have recently become im-
portant in medical image analysis. Unlike handcrafted approaches based on predefined
rules, deep learning models automatically learn complex feature representations during
training [15, 16].

Deep features are capable of capturing hidden relationships and complex patterns that
may not be easily observed manually. However, relying exclusively on deep features may
not always be sufficient in complex medical imaging tasks because some anatomical details
remain difficult to interpret or may not be adequately represented.

In addition, deep learning models may sometimes learn highly abstract representations
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that are difficult to interpret clinically. Consequently, relying exclusively on deep embed-
dings may reduce explainability and limit the interpretability of osteoarthritis biomarkers.

Deep embeddings may additionally become sensitive to dataset bias and acquisition
variability, which may reduce generalization capability across heterogeneous MRI datasets
and clinical environments.

Transformer-based deep learning models are particularly effective in this context be-
cause they can model long-range spatial dependencies and capture contextual anatomical
relationships across MRI volumes.

Handcrafted descriptors provide interpretable quantitative biomarkers describing tis-
sue morphology, texture organization, and structural degeneration, whereas deep embed-
dings capture hidden contextual and semantic MRI representations learned automatically
from data.

For this reason, combining handcrafted features with deep features has become an
important strategy in medical image analysis. Handcrafted features provide interpretable
information related to intensity, texture, and shape, while deep features contribute by
learning hidden and complex representations directly from MRI data.

Due to the complexity and richness of MRI images, this multimodal feature fusion
strategy provides a more comprehensive representation of anatomical structures, which
can improve disease prediction and classification performance in osteoarthritis analysis
systems.

Although all extracted information originates from a single imaging modality (MRI),
combining complementary feature representations including intensity, texture, morphol-
ogy, and deep embeddings creates a multimodal analytical representation of knee anatom-
ical structures.

Region-wise analysis additionally facilitates the extraction of inter-compartmental re-
lationships and structural ratios between anatomical regions, which may provide impor-
tant information regarding osteoarthritis progression and compartment-specific degener-
ation patterns.

These inter-regional descriptors may additionally quantify medial-lateral imbalance
and compartment-specific degeneration asymmetry associated with osteoarthritis progres-
sion.

Overall, integrating handcrafted descriptors with deep feature embeddings provides
complementary and heterogeneous representations of knee MRI data. This multimodal
fusion strategy improves osteoarthritis prediction robustness, enhances sensitivity to local-
ized pathological alterations, preserves compartment-specific degeneration patterns, and
supports more reliable classification performance across different osteoarthritis severity
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levels [12, 15, 9].

The extracted multimodal biomarkers may additionally support longitudinal osteoarthri-
tis progression monitoring and facilitate more reliable disease severity assessment.

1.8 State of the Art Review and Research Gap Analysis

in MRI-Based Osteoarthritis Assessment

Recent studies demonstrated significant progress in applying deep learning techniques for
osteoarthritis analysis, particularly in segmentation, classification, and prediction tasks.
These approaches improved medical image analysis performance and reduced human in-
tervention compared with conventional image processing methods [9, 15].

The article entitled Attention U-Net: Learning Where to Look for the Pancreas intro-
duced the Attention U-Net (AU-Net) architecture, which integrated attention mechanisms
into the classical U-Net framework in order to improve segmentation accuracy and focus
on relevant anatomical regions inside medical images [22]. However, the model still relied
mainly on convolutional neural networks, which limited its ability to capture long-range
contextual relationships in complex imaging data.

In addition, encoder–decoder architectures still suffer from unresolved challenges re-
lated to optimal network depth selection and skip connection design, which remain largely
empirical and task-dependent [3].

The study Automatic Knee Osteoarthritis Grading Using Deep Neural Networks pro-
posed the KOA-DNN framework based on ResNet convolutional neural networks for au-
tomatic five-class osteoarthritis grading using the Kellgren–Lawrence (KL) system [23].
Despite achieving improved classification accuracy, the framework remained sensitive to
class imbalance problems and inherited the limitations of CNN-based local feature extrac-
tion.

Transformer-based architectures such as the Swin-UNETR model proposed in Swin
UNETR: Swin Transformers for Semantic Segmentation of Brain Tumors in MRI Im-
ages attempted to overcome CNN limitations through shifted window mechanisms and
global contextual learning [6, 6]. Nevertheless, the architecture required high computa-
tional resources, increased memory consumption, and computationally expensive training
procedures.

The SDMT-Net framework introduced a multi-task transformer-based architecture for
simultaneous segmentation and anatomical localization in three-dimensional MRI data
[17]. Although the framework improved contextual feature learning and localization ca-
pability, the model remained computationally complex and required sophisticated opti-
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mization strategies during training.

The paper Deep Siamese Convolutional Neural Network for Osteoarthritis Classifica-
tion introduced the DS-CNN framework for osteoarthritis analysis under a binary classi-
fication setting [24]. Although the model produced high AUC classification performance,
the framework required large annotated datasets and computationally demanding training
procedures to achieve stable generalization performance.

Many earlier osteoarthritis analysis systems mainly relied on two-dimensional image
representations, which may fail to preserve complete volumetric anatomical relationships
distributed across three-dimensional MRI data.

Other studies explored multimodal learning strategies such as the MM-OA framework,
which combined MRI and X-ray images in order to exploit complementary anatomical in-
formation from different imaging modalities [25]. Although multimodal learning improved
prediction capability, it also introduced challenges related to modality alignment, prepro-
cessing complexity, imaging variability, and feature fusion difficulties.

Radiomics-based approaches such as the RF-LASSO framework relied on handcrafted
feature extraction methods including texture, intensity, and shape descriptors combined
with LASSO feature selection [12]. However, handcrafted features remained highly sensi-
tive to segmentation quality, image variability, and anatomical differences, which reduced
feature stability and generalization capability.

Segmentation performance may additionally decrease near peripheral cartilage regions
because of partial volume effects and through-plane blurring, which complicate accurate
boundary delineation across MRI slices [3].

Recent foundation models such as the Segment Anything Model (SAM) introduced
strong zero-shot generalization capability for segmentation tasks across various visual
domains [26]. Despite their effectiveness, these models still require medical fine-tuning
and domain-specific adaptation before being reliably applied to MRI-based osteoarthritis
analysis systems.

Recent semi-supervised learning approaches such as SEN-MTKD further improved
cartilage segmentation performance by combining mean teacher learning and knowledge
distillation strategies, allowing better utilization of limited annotated MRI datasets [27].
The framework achieved improved Dice segmentation performance while reducing depen-
dency on fully annotated training data. However, the training process remained compu-
tationally complex and sensitive to optimization stability.

More recently, multi-task deep learning systems such as the MTDL-System demon-
strated promising performance for simultaneous classification of multiple knee abnormali-
ties from MRI data [28]. The framework achieved strong diagnostic performance through
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multi-task representation learning and improved automated abnormality detection capa-
bility. Nevertheless, the architecture increased model complexity and required extensive
computational resources and large-scale annotated datasets.

Table 1.1 summarizes recent deep learning approaches proposed for osteoarthritis anal-
ysis, including segmentation, classification, multimodal learning, and radiomics-based
frameworks.

Table 1.1: Summary of Recent Deep Learning Approaches for Osteoarthritis Analysis
Method Year Approach Modality Task Performance Limitation
AU-Net [22] 2018 Att. U-Net MRI Segmentation Dice ≈ 0.84 Weak global context
Swin-
UNETR
[6]

2022 Transformer 3D MRI 3D segmentation Dice ≈ 0.91 High GPU cost

SDMT-Net
[17]

2023 MT Trans-
former

3D MRI Seg. + localiza-
tion

Dice = 0.839 Complex training

KOA-DNN
[23]

2021 ResNet
CNN

X-ray 5-class KL grad-
ing

Acc = 69.7% Class imbalance

DS-CNN [24] 2018 Siamese
CNN

X-ray Binary classifica-
tion

AUC = 0.98 Large dataset required

MM-OA [25] 2023 Multimodal
DL

MRI + X-
ray

Multi-class pre-
diction

F1 = 0.84 Fusion complexity

RF-LASSO
[12]

2012 Radiomics MRI Binary classifica-
tion

AUC = 0.82 Feature instability

SAM [26] 2023 Foundation
model

General
images

Segmentation Strong zero-
shot

Needs fine-tuning

SEN-MTKD
[27]

2025 Semi-
supervised
DL

MRI Cartilage seg-
mentation

Dice = 83.51% Training complexity

MTDL-
System [28]

2025 Multi-task
DL

MRI Knee abnormal-
ity classifica-
tion(binary)

AUC = 0.902 Complex architecture

1.8.1 Research Gap Analysis

Overall, previous studies mainly focused on isolated tasks such as segmentation or clas-
sification independently [9, 27, 28]. Therefore, there remains a need for integrated MRI-
based frameworks that combine preprocessing, segmentation, handcrafted feature extrac-
tion, deep feature learning, and multimodal feature fusion within a unified osteoarthritis
analysis pipeline.

Preserving inter-compartmental relationships and medial-lateral anatomical asymme-
try additionally represents an important challenge in osteoarthritis analysis because de-
generation patterns frequently evolve differently across knee compartments [9, 27].

Furthermore, deep learning models may sometimes generate highly abstract feature
representations that are difficult to interpret clinically, limiting explainability and direct
biomarker interpretation [28, 16].

In addition, most previous studies focused either on binary classification or limited
grading strategies, which may not fully capture the progressive nature of osteoarthritis
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severity. Therefore, the proposed work investigates both three-class and five-class classi-
fication settings in order to better analyze disease progression and evaluate the capability
of deep learning models to distinguish subtle KL grade variations [9, 28].

Another important challenge concerns balancing segmentation accuracy and com-
putational efficiency, particularly for transformer-based architectures processing high-
resolution three-dimensional MRI volumes [6, 16, 27].

Differences between MRI scanners, acquisition protocols, and patient populations may
additionally reduce model generalization capability across heterogeneous clinical datasets
[9, 28].

1.9 Research Problem Formulation and Open Chal-

lenges in MRI-Based Osteoarthritis Analysis

An urgent need remains for developing robust and efficient deep learning frameworks
capable of improving knee MRI analysis, anatomical segmentation, and osteoarthritis
prediction while maintaining both high accuracy and computational efficiency [15, 9].

Although Magnetic Resonance Imaging (MRI) provides highly detailed visualization
of knee anatomical structures and surrounding tissues, analyzing three-dimensional MRI
volumes remains a challenging task because of image complexity, anatomical variability,
segmentation instability, and the heterogeneous nature of osteoarthritis progression [8, 10].

1.9.1 MRI Complexity and Clinical Interpretation Challenges

MRI volumes contain large amounts of anatomical information distributed across multiple
slices and complex three-dimensional structures. This complexity increases the difficulty
of image interpretation, particularly in osteoarthritis analysis where pathological changes
may appear subtle during the early stages of disease progression [8, 10].

In addition, osteoarthritis does not affect all patients uniformly. Structural degenera-
tion patterns may vary considerably between individuals depending on anatomical char-
acteristics, disease severity, and biomechanical loading conditions. Consequently, manual
MRI interpretation often requires extensive concentration and long examination time,
especially when clinicians must analyze large numbers of patient scans [9].

Conventional diagnostic approaches still rely heavily on visual interpretation per-
formed by specialists according to their clinical experience. However, this process may
lead to variability between observers, particularly when anatomical boundaries are unclear
or MRI structures become highly complex [8].
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1.9.2 MRI Image Quality and Anatomical Boundary Challenges

Another important challenge is related to MRI image quality itself. Medical images may
contain noise, low contrast, intensity variations, and acquisition-related artifacts. In some
cases, noise patterns may appear similar to anatomical structures, which complicates both
manual interpretation and automated segmentation tasks [13, 14, 11].

Anatomical boundary ambiguity also represents a major difficulty in knee MRI
analysis. Cartilage and meniscal tissues frequently present blurry and poorly defined
boundaries, particularly in regions affected by osteoarthritic degeneration. This ambiguity
increases segmentation difficulty and may reduce anatomical localization accuracy [3, 16].

MRI volumes may additionally suffer from partial volume effects and through-plane
blurring, particularly near thin cartilage surfaces and peripheral meniscal regions. These
phenomena reduce boundary precision and complicate both manual interpretation and
automated segmentation consistency across MRI slices [3].

The thin and irregular three-dimensional structure of cartilage, combined with patient-
specific anatomical variability and osteoarthritis severity differences, further increases the
complexity of accurate MRI segmentation and anatomical analysis [9, 8].

MRI data may additionally present significant variability between acquisition pro-
tocols, scanners, hospitals, and patient populations. Such variability introduces domain-
shift problems that may reduce the robustness and generalization capability of deep learn-
ing models across different clinical environments [16, 6].

1.9.3 Computational and Segmentation Challenges

Another important challenge in knee MRI analysis is the high computational complexity
associated with processing large three-dimensional MRI volumes. Medical image segmen-
tation and feature extraction tasks often require extensive computational resources and
long training times, particularly when using transformer-based deep learning architectures
[6, 17].

Another limitation concerns the availability of large annotated medical datasets. Ac-
curate MRI segmentation requires expert manual annotations, which is a time-consuming
and expensive process. Consequently, many medical imaging datasets remain relatively
limited compared to natural image datasets, which may affect model generalization capa-
bility [3, 15].

Within artificial intelligence systems, segmentation models are particularly sensitive
to image quality variations. When MRI volumes are unclear or poorly enhanced, models
may struggle to detect accurate anatomical boundaries, especially in small and complex
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regions such as meniscal tissues. In some cases, background regions may also be confused
with real anatomical structures, leading to unstable segmentation outputs and inaccurate
feature extraction results [15, 3]

Direct multi-class segmentation approaches may also suffer from the influence
of large background regions surrounding the knee joint. Processing the entire MRI vol-
ume may reduce segmentation stability and increase the difficulty of accurately localizing
fine anatomical structures. Therefore, coarse-to-fine segmentation strategies based on
preliminary knee localization and ROI extraction have become increasingly important
for improving segmentation robustness and reducing irrelevant background interference
[6, 17, 16].

1.9.4 Feature Extraction and Classification Challenges

Feature extraction represents another major challenge in MRI-based osteoarthritis analy-
sis. Traditional handcrafted features alone may fail to fully represent the complex struc-
tural information contained in three-dimensional MRI volumes, particularly within small
anatomical regions. On the other hand, deep features learned automatically by neu-
ral networks, despite their strong representation capability, may not always capture all
structural variations related to age, gender, or patient-specific anatomical characteristics
[12, 15].

Furthermore, deep feature representations may sometimes lack direct clinical inter-
pretability because learned embeddings are often highly abstract and difficult to associate
with explicit anatomical biomarkers.

In addition, osteoarthritis progression does not affect all knee anatomical structures
uniformly. Degeneration patterns may differ between medial and lateral compartments as
well as between cartilage and meniscus tissues. Consequently, extracting global features
from the entire knee region may reduce sensitivity to localized pathological changes and
anatomical asymmetries associated with disease progression [9, 12].

In addition, inter-compartmental relationships and medial-lateral anatomical asym-
metry may provide important biomarkers associated with osteoarthritis progression and
disease severity assessment.

Therefore, combining handcrafted features, deep embeddings, intensity de-
scriptors, texture features, and morphological characteristics has become an
important strategy for obtaining more comprehensive and discriminative MRI represen-
tations [12, 16].

Texture descriptors including GLCM, Haralick features, and Local Binary Pattern
(LBP) representations are frequently employed to characterize tissue heterogeneity and
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local microstructural degeneration patterns.

Another open challenge concerns osteoarthritis classification itself. Most previous
studies focused either on binary classification or simplified grading strategies, whereas
the full five-class Kellgren–Lawrence grading system remains considerably more difficult
because adjacent OA grades frequently exhibit highly similar structural characteristics.
Distinguishing subtle anatomical differences between neighboring grades therefore remains
a challenging problem for automated prediction systems [9, 15].

1.9.5 Need for an Integrated Framework

Many previous studies focused on isolated tasks such as preprocessing, segmentation,
or classification independently without fully integrating all analysis stages within a uni-
fied MRI analysis framework. Consequently, there remains a need for robust integrated
frameworks capable of combining preprocessing, coarse-to-fine segmentation, region-wise
feature extraction, multimodal feature fusion, and osteoarthritis prediction within a single
interconnected pipeline [16, 6, 17].

Developing clinically applicable osteoarthritis analysis systems additionally requires
balancing segmentation accuracy, computational efficiency, robustness, and interpretabil-
ity in order to facilitate reliable deployment in real-world medical environments.

Based on these challenges, this work investigates the development of an integrated and
robust framework capable of improving MRI quality, stabilizing anatomical segmentation,
and extracting discriminative multimodal representations from knee MRI volumes in order
to improve osteoarthritis analysis and disease prediction performance [9, 15].

1.10 motivation of the proposed framework

To overcome the limitations of existing state-of-the-art approaches, this work proposes an
integrated MRI-based osteoarthritis analysis framework that combines preprocessing, seg-
mentation, handcrafted feature extraction, deep feature learning, and classification within
a unified pipeline. The proposed framework also investigates coarse-to-fine segmentation
strategies in order to reduce background interference, improve anatomical localization
stability, and facilitate more reliable feature extraction from localized knee regions.

The proposed approach also explores cascade-based analysis strategies in order to
improve anatomical localization and disease prediction performance while handling the
complexity of knee MRI data [6, 17, 16, 27].
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1.11 Conclusion

We have presented the theoretical background and literature review related to knee os-
teoarthritis analysis using MRI images. The discussion covered the main concepts as-
sociated with osteoarthritis progression, MRI biomarkers, medical image preprocessing
techniques, deep learning-based segmentation methods, transformer architectures, feature
extraction strategies, and osteoarthritis classification approaches.

Particular attention was given to the challenges associated with MRI analysis, in-
cluding image noise, low contrast, anatomical complexity, and the difficulty of accurately
segmenting small anatomical structures such as cartilage and meniscal tissues. Different
preprocessing techniques including wavelet denoising, transformer-based image restora-
tion, gamma correction, and CLAHE enhancement were reviewed in order to highlight
their importance in improving MRI image quality and facilitating more reliable deep
learning analysis.

We have also reviewed the evolution of deep learning models for medical image seg-
mentation, starting from convolutional neural networks and U-Net architectures to more
advanced transformer-based models such as UNETR and Swin-UNETR. The limitations
of CNN-based local feature learning and the advantages of transformer architectures in
capturing long-range spatial dependencies were also discussed.

In addition, we have explored different feature extraction techniques used for os-
teoarthritis prediction, including handcrafted radiomics features, texture analysis, morphology-
based descriptors, and deep feature embeddings. The importance of combining hand-
crafted and deep features within a multimodal analytical framework was also emphasized.

Several recent related works were analyzed in order to identify the strengths and
limitations of existing osteoarthritis analysis systems. The literature review revealed
that most previous studies focused mainly on isolated tasks such as segmentation or
classification independently, while limited attention was given to integrated MRI-based
frameworks capable of combining preprocessing, region-wise segmentation, multimodal
feature extraction, feature fusion, and classification within a unified analysis pipeline.

Based on these observations, the next chapter introduces the proposed methodology
through presenting the complete framework adopted for knee MRI analysis, including pre-
processing techniques, the proposed coarse-to-fine two-stage segmentation strategy, ROI
extraction, multimodal feature extraction, feature fusion, and osteoarthritis classification
under both three-class and five-class grading settings.
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2.1 Introduction

After presenting the theoretical background and reviewing the main related works in the
previous chapter, this chapter introduces the proposed methodology adopted for knee
MRI analysis and osteoarthritis prediction.

The proposed framework was designed to address several challenges associated with
MRI data, including image quality degradation, anatomical complexity, segmentation
instability, and the difficulty of extracting reliable representations from three-dimensional
medical images.

To overcome these limitations, this work proposes an integrated pipeline that combines
preprocessing, two-stage segmentation, multimodal feature extraction, feature fusion, and
classification within a unified framework.

In this chapter, we describe the dataset, preprocessing pipeline, segmentation models,
feature extraction strategy, classification approach, evaluation metrics, and implementa-
tion details adopted during the experiments.

2.2 Overview of the Proposed Framework

Based on the limitations and research gaps discussed in Chapter 1, we propose an inte-
grated MRI-based framework for knee osteoarthritis analysis. The proposed methodology
combines preprocessing, two-stage segmentation, handcrafted and deep feature extraction,
feature fusion, and classification within a unified pipeline.

The framework was specifically designed to address several practical limitations ob-
served in previous studies, including low MRI visibility, unstable segmentation caused by
large background regions, computational limitations of 3D MRI analysis, and the difficulty
of distinguishing subtle KL grade variations.

The ultimate aim is to support osteoarthritis (OA) classification and progression as-
sessment. Since knee MRI volumes are complex and often suffer from low contrast, noise,
and illumination variations, several processing stages were designed to improve image
quality and facilitate the analysis process.

The proposed methodology combines preprocessing, two-stage segmentation, multi-
modal handcrafted feature extraction, feature fusion, and classification within a unified
pipeline.

Initially, MRI volumes undergo preprocessing operations including slice extraction,
normalization, and region preparation. The preprocessed images are then passed through
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a two-stage segmentation framework. In the first stage, a binary segmentation model
identifies cartilage and meniscus regions from surrounding tissues. In the second stage,
a multiclass segmentation model separates the detected structures into five anatomical
compartments: femoral cartilage (Femoral), medial tibial cartilage (TibMed), lateral tibial
cartilage (TibLat), medial meniscus (MedMen), and lateral meniscus (LatMen).

Following segmentation, multimodal handcrafted feature extraction is performed in-
dependently for each segmented anatomical region. The extracted descriptors include
intensity-based statistics, GLCM texture features, shape and morphological characteris-
tics, thickness measurements, frequency-based features obtained from FFT and wavelet
analysis, as well as clinical variables [12, 8].

Region-wise feature computation helps preserve local anatomical information and im-
proves the representation of osteoarthritic changes occurring across different knee com-
partments.

Because osteoarthritis progression involves structural, textural, morphological, and
clinical variations, multiple complementary feature categories were combined in order to
obtain a comprehensive representation of knee MRI characteristics before classification.

The extracted feature vectors consisted of intensity, texture, morphological, thickness,
FFT, wavelet, and clinical descriptors obtained from the segmented anatomical regions.
These features were subsequently fused and used as input for machine learning classifiers
to perform osteoarthritis severity prediction according to the Kellgren–Lawrence grading
system.

A schematic overview of the complete framework is illustrated in Figure 2.1.
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Figure 2.1: The proposed multi-stage framework for knee MRI analysis and osteoarthritis
classification.

The workflow begins with a preprocessing stage designed to improve MRI image quality
before model training. Multiple enhancement techniques are applied, including wavelet-
based denoising, Restormer-based image restoration, gamma correction, and CLAHE con-
trast enhancement [13, 19, 20, 14]. These methods help reduce noise, improve structural
visibility, and normalize image intensity.

After preprocessing, a binary segmentation model is first employed to identify the
approximate knee region within the MRI volume. This step was introduced because
preliminary experiments showed that large background regions negatively affected the
training process and reduced segmentation efficiency.

Based on the detected knee location, a cropping stage is performed to isolate the knee
joint and remove unnecessary background information [29]. The cropped MRI volumes
are then used as input for the second segmentation stage. Focusing only on the knee
region allows the model to better capture anatomical structures and improves region
segmentation.

For the segmentation stage, two deep learning architectures are considered within
the proposed framework: UNet3D and Swin-UNETR [3, 6]. Both models follow the same
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preprocessing and training pipeline, allowing a consistent comparison between CNN-based
and transformer-based segmentation approaches.

UNet3D is included due to its effectiveness in volumetric medical image segmentation
and its ability to capture local spatial information. In contrast, the Swin-UNETR model
incorporates transformer-based self-attention mechanisms to capture both local structural
details and global contextual information within MRI volumes [16, 6].

Following segmentation, multimodal feature extraction is performed independently for
each segmented region. The extracted features include intensity-based statistics, texture
descriptors such as GLCM and LBP, morphological characteristics, and deep feature em-
beddings derived from the trained model [12, 15]. Region-wise feature computation helps
preserve spatial variations between anatomical structures and improves representation of
osteoarthritic changes.

Relying on a single feature representation was considered insufficient because os-
teoarthritis progression involves both structural and textural variations distributed across
different anatomical regions. Therefore, the proposed framework combines handcrafted
descriptors and deep feature embeddings in order to obtain a more comprehensive repre-
sentation of knee MRI characteristics.

Finally, the extracted features are combined through a feature fusion stage before
being used for osteoarthritis classification.

In addition to conventional binary analysis, the proposed framework investigates both
three-class and five-class osteoarthritis classification scenarios based on the KL grading
system. This strategy was adopted to better analyze disease progression and evaluate the
capability of deep learning models to distinguish subtle differences between neighboring
OA severity levels.

The three-class configuration provides a simplified representation that may improve
classification stability and support rapid clinical assessment, whereas the five-class setting
represents a more challenging and clinically detailed evaluation scenario.

The proposed framework integrates all processing stages into a unified pipeline for
knee MRI analysis.

2.3 MRI Dataset Description

The proposed framework was developed using the OAIZIB-CM dataset obtained from the
HuggingFace platform [30, 31]. The dataset is derived from the Osteoarthritis Initiative
(OAI) database and consists of 507 three-dimensional knee MRI volumes corresponding
to approximately 81,120 MRI slices acquired using the Dual-Echo Steady-State (DESS)
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MRI sequence.

The MRI data cover different osteoarthritis severity levels according to the Kellgren–
Lawrence (KL) grading system, with a strong tendency toward moderate and severe
osteoarthritis cases. In addition, the dataset contains manually refined anatomical seg-
mentation masks generated by experienced annotators, making it particularly suitable for
segmentation and osteoarthritis prediction tasks [30].

Each MRI volume is stored in NIfTI (.nii) format and represents a complete volumetric
knee scan. Since the dataset is three-dimensional, the MRI volumes can be visualized
using different orthogonal anatomical planes, including axial, coronal, and sagittal views.
These complementary views provide detailed spatial information about cartilage, bones,
and surrounding anatomical structures. Most MRI volumes have approximate dimensions
of 160× 384× 384 [30].
Figure 2.2 illustrates the three orthogonal anatomical planes extracted from a 3D MRI
volume. These complementary views provide detailed visualization of knee anatomical
structures and highlight the volumetric complexity of MRI data used for segmentation
and osteoarthritis analysis.

Figure 2.2: Visualization of a 3D knee MRI volume through axial, coronal, and sagittal
anatomical planes extracted from the OAIZIB-CM dataset.

The dataset is organized into multiple directories containing MRI volumes, segmenta-
tion masks, and metadata files:

• imagesTr: training MRI volumes.

• imagesTs: testing MRI volumes.

• labelsTr: segmentation masks corresponding to training images.

• labelsTs: segmentation masks corresponding to testing images.

• info: metadata files and clinical annotations including KL grades.
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The initial training set contained 404 MRI volumes, while the testing set contained 103
MRI volumes. However, several samples were excluded because corresponding KL grade
annotations were missing from the metadata files. After the cleaning stage, 22 training
samples and 5 testing samples were removed.

Each MRI volume is associated with a corresponding segmentation mask having iden-
tical spatial dimensions. The segmentation labels include several anatomical regions such
as femoral cartilage, tibial cartilage, and meniscal structures used throughout the seg-
mentation and feature extraction stages.

The remaining MRI volumes and segmentation masks were subsequently used for pre-
processing, segmentation, feature extraction, and osteoarthritis classification experiments
within the proposed framework.

The OAIZIB-CM dataset was selected because it provides volumetric MRI information,
detailed anatomical segmentation masks, and clinically relevant osteoarthritis grading
labels. These characteristics make the dataset suitable for region-wise segmentation,
multimodal feature extraction, and osteoarthritis prediction tasks within the proposed
framework.

2.4 Knee Anatomical Complexity and Segmentation Chal-

lenges

The knee joint is composed of several anatomical structures that appear differently in MRI
images and perform different biomechanical functions inside the joint. In this work, the
analyzed regions include the femoral cartilage (Femoral), medial tibial region (TibMed),
lateral tibial region (TibLat), medial meniscus (MedMen), and lateral meniscus (LatMen)
[8, 3].

These structures do not share identical anatomical characteristics. Some regions oc-
cupy relatively large areas inside the MRI volume, whereas others are smaller and contain
fine structural details. Consequently, segmentation difficulty varies considerably between
anatomical regions.

The femoral and tibial regions are generally easier to identify because they occupy
larger spatial areas and their anatomical boundaries are more visible across neighboring
MRI slices. Their structures also remain relatively stable through adjacent slices, allowing
segmentation models to learn their representations more effectively.

In contrast, meniscal regions, particularly MedMen and LatMen, are considerably
more difficult to segment. These structures are thinner, smaller, and often exhibit weak
or partially unclear anatomical boundaries. As a result, separating meniscal tissues from
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surrounding anatomical structures becomes more challenging.
Figure 2.3 presents an example of multi-planar knee MRI segmentation illustrating the
major anatomical structures.

Figure 2.3: Example of multi-planar knee MRI segmentation illustrating major anatomical
structures. The red regions represent femoral structures, the blue regions correspond
to tibial structures, while the green regions indicate cartilage and meniscal anatomical
components.

Another challenge arises from natural anatomical variability between patients. Knee
structures may vary in shape, size, thickness, and visibility depending on factors such as
age, gender, body morphology, and osteoarthritis severity. Therefore, the same anatomical
region may present significantly different appearances across MRI volumes.

Osteoarthritis progression itself further increases segmentation complexity because car-
tilage degeneration and meniscal deterioration may progressively alter tissue appearance
and reduce anatomical boundary visibility.

MRI quality also plays an important role in segmentation difficulty. Some MRI slices
contain noise, low contrast, illumination inconsistencies, or intensity variations that reduce
the visibility of small anatomical details, particularly within meniscal tissues [3].

2.5 Two-Stage Transformer-Based Knee MRI Segmen-

tation

Due to the high complexity of knee MRI volumes, direct multi-class segmentation was
not sufficiently stable during the early stages of experimentation. Initially, a multi-class
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segmentation model was trained to directly segment the six anatomical regions from the
complete MRI volume. Although the model achieved relatively acceptable Dice scores,
several important issues were observed during visual inspection of the predictions. The
model occasionally confused background regions with anatomical structures as exposed
in figure 2.4 , and smaller regions such as the menisci were not segmented consistently,
particularly near thin boundaries and peripheral areas.

Figure 2.4: Example of direct multi-class segmentation failure on full MRI volumes before
applying the proposed two-stage framework. The model occasionally confused background
regions with anatomical structures, resulting in noisy predictions and unstable segmenta-
tion outputs.

Another issue appeared during the cropping stage. Since the predicted masks occa-
sionally included irrelevant background regions, the generated cropped volumes were not
always anatomically stable. In some cases, parts of the background were interpreted as
part of the knee region, which negatively affected the quality of the cropped ROI. As a
consequence, the second-stage model sometimes learned from noisy or partially corrupted
regions.

To address these limitations, the segmentation pipeline was redesigned into a two-stage
framework as illustrated in figure 2.5. Instead of directly performing detailed anatomical
segmentation on the full MRI volume, the first stage was dedicated to knee localiza-
tion using binary segmentation, while the second stage focused on detailed multi-class
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anatomical segmentation after removing irrelevant background information.

Figure 2.5: Overview of the proposed two-stage segmentation framework for knee MRI
analysis. The first stage performs binary knee localization and ROI extraction, while the
second stage performs detailed multi-class segmentation of anatomical structures.

2.5.1 Stage 1: Binary Knee Localization

In the first stage, a Swin-UNETR architecture was employed for binary segmentation.
The model was trained to distinguish only between the knee region and the surrounding
background. This formulation simplified the segmentation problem and allowed the net-
work to learn the global structure of the knee more efficiently compared to direct six-class
segmentation.

Swin-UNETR was selected because Transformer-based self-attention mechanisms are
capable of modeling long-range spatial relationships inside 3D MRI volumes [6, 16]. This
capability is particularly important in knee MRI analysis, where anatomical structures
may vary in shape, orientation, intensity distribution, and spatial appearance across sub-
jects. In addition, self-attention allows the model to simultaneously capture both global
contextual information and fine local details, which is beneficial for small and difficult
structures such as the menisci.

Pretrained weights were also utilized during some training stages in order to improve
convergence stability and reduce the time required for optimization.
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Instead of directly performing multi-class segmentation on the complete MRI volume,
all anatomical labels were first merged into a single foreground class representing the knee
region. The binary mask generation process can be formulated as:

Mbinary(x) =

1, if M(x) > 0

0, otherwise
(2.1)

where M(x) represents the original segmentation mask and Mbinary(x) denotes the
generated binary mask.
Figure 2.6 shows the conversion process of an original multi-class segmentation mask into
a binary mask.

Figure 2.6: Conversion of the original multi-class segmentation mask into a binary mask
used for knee localization.

After binary prediction, the generated masks occasionally contained isolated noisy re-
gions and internal holes caused by prediction uncertainty. Since the masks were generated
automatically by the model rather than obtained directly from the ground truth labels,
a post-processing stage was introduced before ROI extraction.

2.5.2 Stage 2: Fine Multi-Class Anatomical Segmentation

In the second stage, a multi-class segmentation model was trained on the cleaned and
cropped knee region. The segmentation task focused on the following anatomical classes:

• Background

• Femoral

• Tibia Med
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• Tibia Lat

• Med Meniscus

• Lat Meniscus

Figure 2.7 illustrates the segmentation masks (ground truth) of the anatomical regions,
used for training the model of multi-class anatomical segmentation.

Figure 2.7: Example of mask showing different anatomical structures in Sagittal, Coronal,
and Axial views.

Figure 2.8 shows the same masks with a highlight of the anatomical structures.

Figure 2.8: Example of multi-class anatomical segmentation masks showing different
anatomical structures in Sagittal, Coronal, and Axial views.

The proposed framework focuses on the segmentation and analysis of the principal
anatomical structures involved in knee osteoarthritis. These structures include the femur,
tibia, femoral cartilage, tibial cartilage, medial meniscus, and lateral meniscus. Figure 2.9
presents a three-dimensional (3D) anatomical reconstruction of these structures, illustrat-
ing the regions considered throughout the segmentation and feature extraction stages.
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Figure 2.9: Three-dimensional visualization of the anatomical structures segmented in
this study, including the femur, tibia, femoral cartilage, tibial cartilage, medial meniscus,
and lateral meniscus. Adapted from [7].

Training on localized knee regions improved anatomical consistency and allowed the
model to better learn fine structural boundaries compared to the initial direct segmenta-
tion experiments.

The binary mask was also reused during the second stage itself in order to suppress
residual noisy regions before training. Only regions located inside the detected knee area
were preserved, which improved training stability and reduced the influence of irrelevant
background voxels on small anatomical structures.

In addition to Swin-UNETR, the same pipeline was later applied to UNet3D in order
to compare Transformer-based segmentation with convolution-based segmentation while
preserving identical preprocessing, cropping, and training procedures.

2.5.3 Training Strategy

Because of the large spatial dimensions of 3D knee MRI volumes, full-volume training
was computationally expensive and exceeded the available GPU memory limits in Kaggle
and Google Colab environments, especially for Transformer-based architectures.

Initially, larger patch sizes such as 128 × 128 × 128 were tested in order to preserve
larger anatomical context. However, memory consumption became excessively high, train-
ing speed decreased significantly, and training sessions became unstable because of GPU
memory limitations. Therefore, a patch size of 96 × 96 × 96 was selected as a compro-
mise between preserving anatomical information and maintaining stable GPU memory
utilization.

A patch-based training strategy was therefore adopted instead of processing the com-
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plete MRI volume at once. This approach enabled stable training of 3D segmentation
models with lower computational cost.

Rather than extracting patches completely randomly, the training process preferen-
tially sampled patches containing foreground anatomical regions in order to reduce the
proportion of empty background regions and increase the probability of learning mean-
ingful anatomical structures.

A dedicated smart sampling strategy was also introduced for meniscus regions. Com-
pared to larger bone structures, menisci were considerably more difficult to segment be-
cause of their smaller size, weak boundaries, and similarity to surrounding tissues. Conse-
quently, part of the extracted patches was intentionally centered around meniscus regions
in order to expose the model to more difficult anatomical examples during training.

Mixed precision training was employed to reduce GPU memory usage and accelerate
optimization, particularly for large Transformer-based 3D models.

The training process used the AdamW optimizer together with the CosineAnnealingLR
scheduler in order to improve convergence stability and reduce optimization oscillations
during training [32].
Table 2.1 illustrates the main training parameters used for segmentation experiments.

Table 2.1: Main training parameters used for segmentation experiments.
Parameter Value

Patch Size 96× 96× 96

Batch Size 1

Optimizer AdamW

Scheduler CosineAnnealingLR

Training Precision Mixed Precision

Inference Strategy Sliding Window Inference

Loss Functions DiceCELoss / DiceFocalLoss

Augmentation Online Augmentation ( 32,300 virtual augmented samples)

Several augmentation techniques were dynamically applied during training as illus-
trated in the table 2.2
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Table 2.2: Online data augmentation techniques and parameters used during training.
Augmentation
Technique

Probability Parameters / Configuration

Random Flip 0.5 Applied independently along
sagittal, coronal, and axial axes

Random Rotation 90° 0.5 Random 90-degree rotation
across spatial dimensions

Random Rotation
(3D)

0.3 Rotation range: x, y, z ∈
[−0.15, 0.15] radians

Random Zoom 0.2 Zoom factor between 0.95 and
1.05

Gaussian Noise 0.2 Standard deviation = 0.01

Gaussian Smoothing 0.15 σx ∈ [0.3, 0.7]

Intensity Scaling 0.3 Scaling factor = ±15%

Intensity Shifting 0.3 Offset = ±0.1

Contrast Adjustment 0.3 Gamma range = [0.85, 1.15]

Figure 2.10 shows an example of the applied process of online data augmentation.

Figure 2.10: Example of online data augmentation applied during training. Different
spatial and intensity transformations are dynamically generated to improve data diversity
and reduce overfitting while preserving anatomical consistency.

Online augmentation was preferred over offline augmentation because 3D MRI volumes
require large storage capacity. Generating and storing additional augmented datasets
offline would considerably increase storage requirements and computational overhead.
Therefore, augmentations were generated dynamically during each training iteration, al-
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lowing the model to observe different variations of the same MRI volume across epochs
without increasing disk usage [33].

During early experiments, stronger augmentation settings were tested. However, exces-
sive transformations occasionally distorted anatomical structures and negatively affected
the learning of fine segmentation boundaries. Consequently, lighter augmentations were
selected in order to preserve realistic anatomical characteristics while still improving data
diversity.

After obtaining stable initial results, fine-tuning strategies were introduced instead of
restarting training entirely from scratch. Previously saved checkpoints were loaded and
training continued using modified settings such as adjusted learning rates or different loss
configurations. This strategy accelerated optimization and preserved previously learned
anatomical representations.

Checkpoint saving was also integrated because Kaggle and Google Colab sessions are
time-limited. This allowed interrupted training sessions to resume from the last saved
epoch without losing previous optimization progress.

During inference, sliding-window inference was employed to process complete MRI
volumes while maintaining stable GPU memory consumption and preserving spatial con-
sistency across the 3D volume.

2.5.4 Loss Functions

Several loss functions were investigated during the project in order to improve segmenta-
tion stability and enhance the learning of difficult anatomical structures.

Initially, DiceCELoss was employed because it provides a balance between overlap
optimization and voxel-wise classification stability [34].

Later, DiceFocalLoss was evaluated in an attempt to improve the segmentation of
small structures such as the menisci. Although DiceFocalLoss occasionally improved
some small anatomical regions, training stability was not always superior to DiceCELoss.
Consequently, multiple configurations continued to be explored in order to identify the
best compromise between segmentation quality and optimization stability.

Class weights were also introduced to assign higher importance to small anatomical
structures compared to background regions and large bones. This strategy helped reduce
the impact of class imbalance during training.

During experimentation, it was observed that the loss value occasionally remained
relatively high even when Dice and IoU scores improved considerably. This behavior was
mainly related to the nature of medical multi-class segmentation, particularly for small
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structures such as the menisci.

Small anatomical regions are highly sensitive to minor boundary errors, and the use
of class weights further increased the contribution of these regions to the overall loss
computation. Consequently, even small segmentation inaccuracies produced noticeable
increases in loss values while Dice scores remained relatively high because of improved
global overlap.

In addition, Dice-based loss functions such as DiceCELoss and DiceFocalLoss do not
necessarily decrease in the same manner as conventional classification losses. Therefore,
model evaluation did not rely exclusively on loss values, and Dice as well as IoU metrics
were continuously monitored to better reflect segmentation quality.

2.5.5 Evaluation Metrics

The segmentation models were evaluated using Dice Score and Intersection over Union
(IoU), which are among the most widely used metrics in medical image segmentation
tasks.

Dice-based metrics are particularly important in medical image segmentation because
they directly evaluate overlap quality between predicted and ground-truth anatomical
regions, especially in highly imbalanced segmentation problems.

The Dice coefficient is defined as:

Dice =
2|P ∩G|
|P |+ |G|

(2.2)

The Intersection over Union (IoU) metric is defined as:

IoU =
|P ∩G|
|P ∪G|

(2.3)

The Precision metric is defined as:

Precision =
TP

TP + FP
(2.4)

The Recall metric is defined as:

Recall =
TP

TP + FN
(2.5)

where P represents the predicted segmentation mask, G represents the ground-truth
segmentation mask, TP represents true positives, FP represents false positives, and FN
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represents false negatives.

Dice and IoU scores were computed independently for each anatomical structure be-
cause large regions such as Femoral and Tibia are generally easier to segment compared to
small meniscus regions. This per-class evaluation provided a more detailed understanding
of model behavior instead of relying only on global average scores.

In addition to Dice and IoU, Precision and Recall metrics were also monitored dur-
ing experimentation in order to evaluate false positive and false negative segmentation
behavior across different anatomical regions.

Loss values were continuously monitored throughout training in order to evaluate
optimization stability and progressively refine the training configuration during experi-
mentation.

After obtaining anatomically consistent segmentation masks, the segmented anatom-
ical regions were subsequently used for multimodal feature extraction and osteoarthritis
analysis. The extracted regions preserve localized structural information and provide
the basis for quantitative characterization of osteoarthritic degeneration patterns across
different knee compartments.

2.6 Region-Wise Feature Extraction Strategy

Following the segmentation stage, handcrafted features were extracted independently
from each anatomical region in order to characterize tissue properties associated with
knee osteoarthritis. Feature extraction was performed separately for the femoral carti-
lage (Femoral), medial tibial cartilage (TibMed), lateral tibial cartilage (TibLat), medial
meniscus (MedMen), and lateral meniscus (LatMen).

Feature extraction represents an important stage in MRI analysis because raw im-
age intensities alone may not adequately describe structural alterations associated with
osteoarthritis. Therefore, segmented MRI regions were transformed into quantitative de-
scriptors that facilitate machine learning-based analysis and improve the characterization
of anatomical changes associated with disease progression [12, 15].

The proposed framework adopts a region-wise feature extraction strategy in which
imaging descriptors are computed independently for each segmented anatomical com-
partment. This approach preserves local anatomical information and allows each region
to contribute individually to the final classification process.

Multiple complementary feature categories were extracted from each anatomical re-
gion, including intensity, texture, shape, thickness, frequency-based, and clinical descrip-
tors. These heterogeneous representations provide information regarding tissue composi-
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tion, structural organization, anatomical morphology, and patient-specific characteristics.

The extracted descriptors were subsequently combined into a unified feature represen-
tation used for osteoarthritis classification [8, 12].

2.6.1 Intensity Features

Intensity-based descriptors were extracted from each segmented anatomical region in order
to characterize the distribution of MRI signal values within the region of interest. These
descriptors provide quantitative information regarding tissue brightness, signal variability,
and intensity heterogeneity.

Several first-order statistical measurements were computed independently for each
anatomical compartment, including mean intensity, standard deviation, minimum value,
maximum value, median, percentile values, skewness, kurtosis, and interquartile range
(IQR). These features summarize the intensity characteristics of the analyzed tissues and
provide complementary information regarding local signal distribution [12].

The mean intensity is defined as:

µ =
1

N

N∑
i=1

xi (2.6)

where xi represents the intensity value of voxel i and N denotes the total number of
voxels inside the analyzed region.

The standard deviation is computed as:

σ =

√√√√ 1

N

N∑
i=1

(xi − µ)2 (2.7)

where µ denotes the mean intensity value.

Skewness was additionally computed to evaluate the asymmetry of the intensity dis-
tribution:

Skewness =
1

Nσ3

N∑
i=1

(xi − µ)3 (2.8)

Kurtosis was extracted to quantify the peakedness of the intensity distribution:

Kurtosis =
1

Nσ4

N∑
i=1

(xi − µ)4 (2.9)
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In addition, percentile-based measurements were extracted in order to provide robust
descriptors of the intensity distribution and reduce sensitivity to extreme intensity values.
Together, these first-order statistical descriptors provide a quantitative representation of
tissue appearance and signal characteristics within each anatomical structure.

2.6.2 Texture Features

Texture descriptors were extracted using the Gray-Level Co-occurrence Matrix (GLCM)
method. Unlike first-order intensity statistics, GLCM features characterize spatial rela-
tionships between neighboring intensity values and provide information regarding local
tissue organization and structural heterogeneity.

Texture analysis is particularly useful in medical image analysis because tissue degen-
eration may alter internal anatomical organization before substantial intensity changes
become visible. Therefore, texture descriptors provide complementary information that
cannot be captured by intensity statistics alone [35].

For each anatomical region, six GLCM descriptors were computed: contrast, homo-
geneity, energy, correlation, dissimilarity, and angular second moment (ASM).

The Gray-Level Co-occurrence Matrix is represented as:

P (i, j, d, θ) (2.10)

where i and j denote gray-level intensities, d represents the spatial distance between
neighboring pixels, and θ corresponds to the orientation angle.

Among the extracted descriptors, contrast measures local intensity variations and is
defined as:

Contrast =
∑
i,j

(i− j)2P (i, j) (2.11)

where P (i, j) denotes the normalized co-occurrence matrix.

The extracted GLCM features provide quantitative information regarding local image
organization, structural complexity, and tissue heterogeneity within the analyzed anatom-
ical compartments.
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2.6.3 Shape and Morphological Features

Shape-related descriptors were extracted from each segmented anatomical structure in
order to characterize anatomical geometry and spatial organization.

The extracted measurements included voxel count, voxel ratio, bounding-box dimen-
sions, dimension ratios, centroid coordinates, fill ratio, and compactness. These descrip-
tors provide quantitative information regarding the size, morphology, and spatial distri-
bution of the segmented structures.

Voxel count was used as a morphological descriptor representing the size of the seg-
mented anatomical structure:

Nv =
N∑
i=1

mi (2.12)

where mi represents the binary mask value of voxel i and Nv denotes the total number
of voxels belonging to the segmented structure.

Bounding-box dimensions were additionally extracted to characterize the spatial extent
of each anatomical compartment. Dimension ratios were computed to describe relative
geometric proportions, while centroid coordinates provided information regarding spatial
localization.

Compactness and fill ratio were also included to quantify structural organization and
occupancy characteristics of the segmented regions.

Morphological descriptors complement intensity and texture information by describing
geometric characteristics directly derived from the segmentation masks [12].

2.6.4 Thickness Features

Thickness-based descriptors were extracted in order to quantify structural characteristics
of the segmented anatomical regions.

For each anatomical structure, local thickness measurements were computed and sum-
marized using several statistical descriptors, including mean thickness, minimum thick-
ness, maximum thickness, standard deviation, and percentile-based thickness measure-
ments.

Thickness analysis is particularly relevant in osteoarthritis studies because cartilage
degeneration is frequently associated with progressive tissue thinning and structural de-
terioration. Consequently, thickness descriptors provide quantitative biomarkers related
to tissue preservation and disease progression [36].
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The mean thickness is defined as:

Tmean =
1

N

N∑
i=1

ti (2.13)

where ti denotes the local thickness value and N represents the total number of sampled
thickness measurements.

The extracted thickness descriptors complement intensity and morphological features
by providing direct measurements of anatomical structural integrity.

2.6.5 Frequency-Based Features

FFT Features

Frequency-domain descriptors were extracted using the Fast Fourier Transform (FFT)
in order to characterize structural patterns that may not be directly observable in the
spatial domain.

The Fourier transform decomposes image information into multiple frequency compo-
nents and provides a representation of spatial variations and structural complexity within
anatomical tissues. For each anatomical region, the FFT magnitude spectrum was com-
puted and several statistical descriptors were extracted, including spectral mean, spectral
standard deviation, maximum magnitude, and spectral energy.

These descriptors provide complementary information regarding tissue organization
and image heterogeneity and may capture structural characteristics that are not fully
represented by conventional intensity measurements [37].

The Fourier transform is defined as:

F (u, v) =
M−1∑
x=0

N−1∑
y=0

f(x, y)e−j2π(ux
M

+ vy
N ) (2.14)

where f(x, y) denotes the image intensity at spatial coordinates (x, y) and F (u, v)

represents the corresponding frequency-domain representation.

Wavelet Features

Wavelet-based descriptors were extracted using a single-level Haar wavelet decompo-
sition. Unlike conventional frequency analysis, wavelet transforms preserve both spatial
localization and frequency information, making them particularly suitable for medical
image characterization.
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For each analyzed anatomical region, four wavelet subbands (LL, LH, HL, and HH)
were generated. These subbands represent approximation and detail information at dif-
ferent frequency levels.

For every subband, four statistical measurements were computed: mean, standard de-
viation, energy, and entropy. These descriptors provide multi-scale information regarding
local image structures, tissue heterogeneity, and spatial intensity variations.

Wavelet descriptors complement FFT-based measurements by simultaneously captur-
ing frequency-related and spatial information, thereby providing a richer representation
of MRI tissue characteristics [38].

2.6.6 Clinical Features

In addition to imaging biomarkers extracted from segmented anatomical regions, several
clinical variables were incorporated into the classification framework. These variables
included patient age, body mass index (BMI), and gender.

Clinical factors are known to be associated with the onset and progression of knee
osteoarthritis. Age is considered one of the strongest risk factors for cartilage degenera-
tion, while increased BMI contributes to excessive mechanical loading of the knee joint.
Gender-related differences have also been reported in the prevalence and severity of os-
teoarthritis.

The integration of clinical variables with imaging-derived biomarkers provides com-
plementary patient-level information and enables a more comprehensive characterization
of disease severity [39].

2.6.7 Feature Fusion

The extracted feature categories provide complementary information regarding tissue
characteristics and osteoarthritic degeneration patterns. To exploit the complementary
nature of these descriptors, all extracted features were concatenated into a unified feature
representation:

Ffusion = [Fintensity, Ftexture, Fshape, Fthickness, FFFT, Fwavelet, Fclinical] (2.15)

where Fintensity, Ftexture, Fshape, Fthickness, FFFT, Fwavelet, and Fclinical represent the ex-
tracted intensity, texture, shape, thickness, frequency-based, wavelet, and clinical feature
vectors, respectively.

The resulting feature vector combines complementary imaging and clinical information
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extracted from the femoral cartilage, medial tibial cartilage, lateral tibial cartilage, medial
meniscus, and lateral meniscus. This unified representation was subsequently used as
input for the osteoarthritis classification models [12].

Figure 2.11: Complete framework of the proposed osteoarthritis classification system, in-
cluding multiclass segmentation, region-wise feature extraction, feature fusion, and clas-
sification tasks (binary, three-class, and five-class prediction).

This unified representation was subsequently used as input for the osteoarthritis clas-
sification models. Table 2.3 summarizes the extracted feature categories and their corre-
sponding descriptors.

Table 2.3: Summary of the extracted feature categories, anatomical regions, and descrip-
tors.
Feature Category Anatomical Regions and Extracted Descriptors
Intensity Femoral cartilage, tibial cartilage, and menisci: mean, standard deviation, minimum,

maximum, median, percentiles, skewness, kurtosis, and IQR.
Texture (GLCM) Femoral cartilage, tibial cartilage, and menisci: contrast, homogeneity, energy, correlation,

dissimilarity, and ASM.
Shape (Imaging Biomark-
ers)

All segmented anatomical structures: voxel count (cartilage volume), voxel ratio (tib-
ial cartilage coverage), bounding-box dimensions (dx, dy, dz — cartilage spatial extent),
dimension ratios, centroid coordinates, fill ratio, compactness, meniscal volume, mean car-
tilage thickness as a tissue preservation indicator, and joint space approximation derived
from the relative positions of segmented femoral and tibial structures.

Thickness Cartilage regions: mean thickness, minimum thickness, maximum thickness, standard
deviation, and thickness percentiles.

FFT All segmented regions: spectral mean, spectral standard deviation, maximum magnitude,
and spectral energy.

Wavelet All segmented regions: mean, standard deviation, energy, and entropy extracted from LL,
LH, HL, and HH subbands.

Clinical Patient-level information: age, BMI, and gender.
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2.7 Osteoarthritis Classification Strategy

After feature extraction and feature fusion, the resulting feature vectors were used for
osteoarthritis classification. The objective of this stage was to predict the severity of knee
osteoarthritis according to the Kellgren–Lawrence (KL) grading system.

The classification framework was designed to investigate different formulations of the
osteoarthritis grading problem. Instead of relying on a single prediction scenario, several
classification strategies were evaluated in order to analyze disease severity from different
clinical perspectives.

The extracted feature vectors consisted of intensity, texture, morphological, thickness,
FFT, wavelet, and clinical descriptors computed independently from the femoral cartilage,
medial tibial cartilage, lateral tibial cartilage, medial meniscus, and lateral meniscus re-
gions. These region-wise descriptors were subsequently concatenated into a unified feature
representation used as input for the classifier.

A CatBoost classifier was adopted as the final machine learning model [40]. CatBoost
is a gradient boosting algorithm based on decision trees and is particularly effective for
heterogeneous tabular data containing complex nonlinear relationships between features.
The algorithm iteratively constructs an ensemble of decision trees, where each new tree
attempts to correct the errors produced by previously learned trees.

The prediction function of CatBoost can be represented as:

F (x) =
M∑

m=1

γmhm(x) (2.16)

where hm(x) denotes the prediction of the m-th decision tree, γm represents its corre-
sponding weight, and M is the total number of trees in the ensemble.

CatBoost was selected because it can effectively model nonlinear interactions between
imaging biomarkers and clinical variables while maintaining strong generalization perfor-
mance on structured medical datasets.

2.7.1 Binary Classification Formulation

In addition to multi-class analysis, a binary classification strategy was investigated in
order to distinguish between non-severe and severe osteoarthritis cases.

The original KL grades were grouped into two categories as follows:
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Table 2.4: Binary osteoarthritis classification strategy.
KL Grade Classification Class

0–1 Non-Severe OA
3–4 Severe OA

In this formulation, KL grades 0 and 1 represent knees with absent or minimal os-
teoarthritic signs, whereas KL grades 3 and 4 correspond to advanced osteoarthritis char-
acterized by substantial structural degeneration. Grade KL2 was excluded from this
binary setting because it represents an intermediate stage that may introduce ambiguity
between healthy and severely affected cases.

This binary formulation allows the classifier to focus on clearly distinguishable disease
states and provides a simplified assessment of osteoarthritis severity.

2.7.2 Three-Class Classification Formulation

To investigate intermediate disease severity, a three-class classification strategy was adopted.
The original KL grades were grouped according to osteoarthritis severity as follows:

Table 2.5: Three-class osteoarthritis classification strategy.
KL Grade Classification Class

0–1 Mild OA
2 Moderate OA

3–4 Severe OA

This grouping strategy reduces the difficulty of distinguishing highly similar neighbor-
ing KL grades while preserving clinically meaningful severity categories. Grades KL0 and
KL1 were combined because both generally correspond to absent or minimal radiographic
signs of osteoarthritis, whereas grades KL3 and KL4 represent advanced disease stages
characterized by substantial structural degeneration and joint space narrowing. Grade
KL2 was maintained as an independent category because it represents the transition to-
ward definite osteoarthritic changes. Similar grouping strategies have been adopted in
previous osteoarthritis classification studies to reduce inter-class ambiguity and improve
classification stability [7].

2.7.3 Five-Class Classification Formulation

To evaluate the capability of the proposed framework to perform fine-grained osteoarthri-
tis assessment, a five-class classification formulation was also considered.
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In this setting, each KL grade was treated as an independent class:

Table 2.6: Five-class osteoarthritis classification strategy.
KL Grade Classification Class

0 No OA
1 Doubtful OA
2 Mild OA
3 Moderate OA
4 Severe OA

The five-class formulation directly follows the original Kellgren–Lawrence grading sys-
tem, where each disease severity level is treated as an independent class [41].

Unlike binary and three-class formulations, the five-class strategy preserves the com-
plete KL grading system and therefore represents the most challenging classification sce-
nario. The classifier must distinguish subtle structural differences between neighboring
disease stages, particularly between KL1, KL2, and KL3, where radiographic and anatom-
ical changes may overlap considerably.

The three classification formulations provide complementary perspectives for evaluat-
ing osteoarthritis severity and allow comprehensive analysis of the proposed framework
under different clinical classification settings.

2.8 Conclusion

This chapter presented the proposed framework developed for automated knee MRI anal-
ysis and osteoarthritis prediction. The proposed methodology integrates preprocessing,
two-stage segmentation, multimodal feature extraction, feature fusion, and classification
within a unified MRI analysis pipeline.

We first introduced the OAIZIB-CM dataset and described the preprocessing pipeline
adopted to improve MRI image quality. Multiple enhancement techniques including
wavelet-based denoising, Restormer restoration, gamma correction, and CLAHE enhance-
ment were sequentially combined in order to improve anatomical visibility while preserving
structural consistency.

We also presented the proposed two-stage segmentation framework. A binary Transformer-
based Swin-UNETR model was first employed for knee localization and ROI extraction,
followed by detailed multi-class anatomical segmentation using both Swin-UNETR and
UNet3D architectures.

In addition, the training strategy, augmentation procedures, loss functions, and evalu-
ation metrics adopted during the experiments were described in detail. Particular atten-
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tion was given to computational limitations associated with 3D MRI processing and the
segmentation difficulty of small anatomical structures such as the menisci.

Finally, the chapter introduced the proposed region-wise multimodal feature extraction
strategy, which combines intensity, texture, morphological, thickness, frequency-domain,
wavelet, and clinical descriptors in order to obtain comprehensive MRI representations
for osteoarthritis analysis and prediction.

The next chapter presents the experimental results and performance evaluation of the
proposed framework, including preprocessing analysis, segmentation performance, feature
analysis, and osteoarthritis classification results.
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3.1 Experimental Setup

In this chapter, we present the experimental results obtained using the proposed frame-
work for automated knee MRI analysis and osteoarthritis prediction. The evaluation
encompasses binary knee localization, ROI extraction, multi-class anatomical segmenta-
tion, feature extraction, and osteoarthritis classification. In addition, the obtained results
are compared with previously reported studies in order to assess the effectiveness of the
proposed methodology.

All experiments were conducted using the preprocessing pipeline, segmentation frame-
work, feature extraction strategy, and classification methodology described in Chapter 2.
Both quantitative and qualitative analyses were performed to evaluate the performance
of each stage of the proposed framework.

3.1.1 Hardware and Software Environment

This section describes the experimental environment and configuration used to train and
evaluate the proposed deep learning models. It includes details regarding the hardware
resources, software frameworks, and implementation settings adopted throughout this
work.

The experiments were conducted using Google Colab and Kaggle cloud platforms with
GPU acceleration in order to ensure efficient training and inference of the proposed deep
learning models. NVIDIA Tesla T4 GPUs with CUDA acceleration were utilized for
all experiments involving 3D MRI preprocessing, segmentation, feature extraction, and
classification tasks.

The proposed framework was implemented using Python programming language with
PyTorch and MONAI libraries [42, 43]. Additional libraries including NumPy, OpenCV,
Scikit-learn, Matplotlib, and SimpleITK were also employed for preprocessing, visualiza-
tion, feature extraction, and evaluation purposes.

Table 3.1 presents the main hardware resources, software frameworks, and computa-
tional tools adopted throughout the experimental study.
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Table 3.1: Hardware and software environment used in the experiments.
Component Specification
Programming Language Python 3.12
Deep Learning Framework PyTorch
Medical Imaging Framework MONAI
GPU NVIDIA Tesla T4
Platform Google Colab / Kaggle
CUDA Support Enabled

3.1.2 Binary Segmentation Hyperparameter Configuration

Several experiments and parameter tuning procedures were conducted in order to de-
termine the most suitable configuration for training the proposed binary segmentation
models. The final hyperparameter settings were selected according to validation perfor-
mance, convergence stability, and computational efficiency.

In addition to the transformer-based Swin-UNETR architecture [44], a conventional
3D U-Net model [45] was also implemented in order to perform comparative evaluation
under identical experimental conditions.

Table 3.2 summarizes the final hyperparameter configuration adopted for training the
proposed binary segmentation models.

Table 3.2: Final hyperparameter configuration used for binary segmentation models.
Parameter Swin-UNETR 3D U-Net
Input Size 96× 96× 96 96× 96× 96
Input Channels 1 1
Output Channels 1 1
Initial Feature Dimension 24 N/A
Batch Size 1 1
Learning Rate 1× 10−4 1× 10−4

Minimum Learning Rate 1× 10−6 1× 10−6

Optimizer AdamW AdamW
Weight Decay 1× 10−5 1× 10−5

Scheduler Cosine Annealing LR Cosine Annealing LR
Loss Function Dice + Cross-Entropy Dice + Cross-Entropy
Epochs 60 100
Validation Split 80% / 20% 80% / 20%
Mixed Precision Training Enabled Enabled
GPU NVIDIA Tesla T4 NVIDIA Tesla T4

Although the original MRI volumes had dimensions of approximately 160 × 384 ×
384, patch-based training was employed during optimization. Consequently, cropped

75



chapter III Performance Assessment of the Proposed Framework

volumetric regions of size 96 × 96 × 96 were extracted and provided as input to both
segmentation models in order to reduce GPU memory consumption and focus training on
anatomically relevant regions.

A cosine annealing learning rate scheduler was employed during training in order to
progressively decrease the learning rate from 1×10−4 to 1×10−6. This strategy improves
convergence stability and enables finer optimization during later training stages.

Both models were trained using identical preprocessing, augmentation, optimization,
and validation settings in order to ensure a fair comparative evaluation. The primary
difference between the experiments was the network architecture itself.

Although the 3D U-Net model required a larger number of training epochs to achieve
stable convergence, the transformer-based Swin-UNETR architecture demonstrated faster
convergence and improved segmentation stability during training.

A batch size of one was adopted due to the high GPU memory requirements associated
with 3D MRI volumes and transformer-based architectures. In addition, mixed precision
training was enabled to reduce memory consumption and accelerate training.

3.1.3 Multi-Class Segmentation Hyperparameter Configuration

Several experiments and optimization strategies were conducted in order to improve the
performance of the proposed multi-class anatomical segmentation framework. The final
configuration was selected according to validation Dice score, convergence stability, and
anatomical segmentation quality.

Based on the comparative evaluation performed during the binary knee localization
stage, the transformer-based Swin-UNETR architecture was selected for the multi-class
segmentation experiments. The selection was motivated by its superior segmentation
accuracy, improved convergence behavior, and better training stability compared with
the conventional 3D U-Net architecture.

Table 3.3 summarizes the final hyperparameter configuration adopted for the multi-
class segmentation experiments.
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Table 3.3: Final hyperparameter configuration used for multi-class segmentation.
Parameter Value
Training Strategy Two-Stage ROI Segmentation
Input Data Cropped Knee MRI Volumes
Segmentation Type Multi-Class Segmentation
Number of Classes 6
Input Patch Size 96× 96× 96
Input Channels 1
Output Channels 6
Initial Feature Dimension 24
Batch Size 1
Learning Rate 1× 10−4

Minimum Learning Rate 1× 10−7

Optimizer AdamW
Weight Decay 1× 10−5

Loss Function Weighted DiceCE Loss
Scheduler Cosine Annealing LR
Mixed Precision Training Enabled
Validation Split 80% / 20%
Epochs 80
GPU NVIDIA Tesla T4

Although the original MRI volumes had dimensions of approximately 160×384×384,
a coarse-to-fine ROI extraction strategy was employed before multi-class segmentation.
First, the Stage 1 binary segmentation model automatically generated predicted knee
localization masks from the MRI volumes. These predicted masks were subsequently
refined using post-processing operations including connected component analysis and hole
filling in order to remove small artifacts and improve anatomical consistency.

The refined binary masks were then utilized to automatically crop anatomically rele-
vant knee regions from MRI volumes. Consequently, a new cropped ROI dataset focused
exclusively on knee anatomical structures was generated and used as input for Stage 2
multi-class segmentation training.

This model-guided ROI extraction strategy reduced irrelevant background informa-
tion, improved anatomical focus during training, and simulated more realistic inference
conditions without relying directly on manually cropped ground-truth regions.

In addition, patch-based training with volumetric regions of size 96 × 96 × 96 was
adopted in order to reduce GPU memory consumption and improve training efficiency.

To address severe class imbalance between anatomical structures, weighted Dice Cross-
Entropy loss was employed during training. Higher weights were assigned to meniscal
regions because of their smaller anatomical size and increased segmentation difficulty
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compared with femoral and tibial cartilage structures.

A cosine annealing learning rate scheduler was employed during training in order to
progressively decrease the learning rate from 1×10−4 to 1×10−7. This strategy improves
convergence stability and enables finer optimization during later training stages.

The multi-class segmentation experiments were therefore conducted exclusively using
the Swin-UNETR architecture. This decision reduced computational complexity and
allowed subsequent analyses to focus on the best-performing segmentation framework
identified during the preliminary evaluation stage.

A batch size of one was adopted due to the high GPU memory requirements associated
with 3D MRI volumes and transformer-based architectures. In addition, mixed precision
training was enabled to reduce memory consumption and accelerate training.

3.1.4 Online Data Augmentation Strategy

Online data augmentation was employed during training in order to increase data di-
versity, improve model generalization, and reduce overfitting. Since the available MRI
dataset was relatively limited and exhibited substantial anatomical variability between
subjects, several spatial and intensity-based transformations were dynamically applied
during training [46].

Unlike offline augmentation approaches that permanently generate additional samples
before training, the adopted strategy performed augmentation online during data load-
ing. Consequently, new image variations were generated at every training epoch without
increasing the physical size of the dataset.

The augmentation operations included random flipping along the three anatomical
axes, random 90-degree rotations, intensity scaling, intensity shifting, and contrast ad-
justment. Spatial transformations were applied simultaneously to MRI volumes and seg-
mentation masks in order to preserve anatomical correspondence, whereas intensity-based
augmentations were applied only to MRI images.

Table 3.4 summarizes the augmentation techniques and parameter values used during
multi-class segmentation training.
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Table 3.4: Online data augmentation strategy used during multi-class segmentation train-
ing.

Transformation Parameter Probability
Random Flip Axis = 0 (Depth) 0.4
Random Flip Axis = 1 (Height) 0.4
Random Flip Axis = 2 (Width) 0.4
Random Rotation (90◦) Random Orientation 0.4
Random Intensity Scaling Factor = 0.1 0.2
Random Intensity Shift Offset = 0.08 0.2
Random Contrast Adjustment Gamma = (0.9, 1.1) 0.2

Because the available MRI dataset remained relatively limited for training deep learn-
ing models, the online augmentation strategy exposed the network to thousands of dif-
ferent image variations throughout the learning process. This substantially improved ro-
bustness against anatomical variability, intensity inconsistencies, and acquisition-related
differences across MRI examinations.

Figure 3.1 presents examples of online data augmentation operations applied during
multi-class segmentation training.
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Figure 3.1: Examples of online data augmentation operations applied during multi-class
segmentation training. Spatial transformations include flipping and rotation, whereas
intensity-based transformations include intensity scaling, intensity shifting, and contrast
adjustment. The augmentations were dynamically generated during training without
permanently increasing the dataset size.

As illustrated in Figure 3.1, the proposed augmentation strategy generated diverse
anatomical orientations and intensity distributions while preserving the underlying anatom-
ical structures. These transformations enhanced model robustness and reduced the risk
of overfitting during training.

Furthermore, because the augmentations were applied dynamically during each train-
ing epoch, the model was exposed to continuously varying image appearances, enabling
improved generalization capability and greater resilience to inter-subject anatomical dif-
ferences. This strategy was expected to be particularly beneficial for small anatomical
structures such as the meniscal regions, which are generally more challenging to segment
accurately than larger anatomical components.

80



chapter III Performance Assessment of the Proposed Framework

3.2 Evaluation of Preprocessing process

3.2.1 Visual Assessment

The effectiveness of the proposed preprocessing pipeline was initially evaluated through
qualitative visual inspection of representative MRI slices.

The proposed preprocessing framework is illustrated in Figure 3.2. The pipeline com-
bines wavelet-based denoising, Restormer restoration, gamma correction, and CLAHE
enhancement in order to improve MRI quality while preserving anatomical structures.

In contrast, the preprocessed images demonstrate improved contrast, reduced noise
levels, and enhanced visibility of cartilage and surrounding knee tissues. Anatomical
boundaries become more distinguishable, facilitating subsequent localization and segmen-
tation tasks.

Figure 3.2: Illustration of the proposed MRI preprocessing pipeline. The framework
sequentially applies wavelet-based denoising, Restormer restoration, gamma correction,
and CLAHE enhancement in order to improve image quality while preserving anatomical
structures.

Visual inspection as depicted in the figure 3.3 indicates that the proposed prepro-
cessing pipeline successfully enhanced image quality while preserving relevant anatomical
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information. These improvements provide higher-quality inputs for the subsequent seg-
mentation and osteoarthritis analysis stages.

Original MRI Preprocessed MRI

Figure 3.3: Visual comparison between representative original MRI slices and their corre-
sponding preprocessed versions obtained using the proposed preprocessing pipeline. The
enhanced images exhibit improved contrast, reduced noise, and clearer visualization of
anatomical structures.

3.2.2 Impact on Segmentation Performance

The preprocessing stage played an important role in improving the quality of the MRI
volumes used for subsequent segmentation tasks. Noise reduction and contrast enhance-
ment improved the visibility of anatomical structures and facilitated the learning process
of the deep learning models.

By reducing image artifacts and increasing tissue contrast, the preprocessing pipeline
enabled more accurate knee localization during the binary segmentation stage and im-
proved the delineation of anatomical structures during multi-class segmentation. In ad-
dition, the enhanced image quality contributed to more stable model convergence and
reduced sensitivity to inter-subject intensity variations.

Overall, the preprocessing framework provided higher-quality input data for the pro-
posed segmentation pipeline and contributed to the robustness of the subsequent feature
extraction and osteoarthritis classification stages.
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3.3 Segmentation Results

3.3.1 Model Selection Strategy

Before conducting the final segmentation experiments, a comparative evaluation was per-
formed between the transformer-based Swin-UNETR architecture and the conventional
3D U-Net architecture. Both models were trained under identical preprocessing, augmen-
tation, optimization, and validation settings in order to ensure a fair comparison.

The objective of this preliminary experiment was to identify the most suitable segmen-
tation architecture for the subsequent stages of the proposed framework, including ROI
extraction, multi-class anatomical segmentation, features extraction, and osteoarthritis
classification.

Table 3.5 summarizes the quantitative results obtained during the binary knee local-
ization stage.

Table 3.5: Comparison between Swin-UNETR and 3D U-Net during binary knee local-
ization.

Metric Swin-UNETR 3D U-Net
Best Validation Dice 0.9752 0.9532
Best Validation Loss 0.1783 0.2329
Training Epochs 100 100
Selected for Subsequent Experiments Yes No

Figure 3.4 illustrates the comparative performance of both architectures during train-
ing.

Figure 3.4: Comparison between Swin-UNETR and 3D U-Net during binary knee local-
ization training.

The quantitative results presented in Table 3.5 and Figure 3.4 demonstrate that the
Swin-UNETR architecture outperformed the conventional 3D U-Net model during binary
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knee localization.The best validation Dice score reached 0.9752, confirming the effec-
tiveness of the proposed binary localization stage and its suitability for automatic ROI
extraction.

Furthermore, Swin-UNETR reached stable convergence using fewer training epochs,
whereas the 3D U-Net model required additional optimization while still producing inferior
performance. These observations suggest that the transformer-based architecture is more
effective at capturing complex anatomical relationships within knee MRI volumes.

The ability of Swin-UNETR to model both local anatomical details and global contex-
tual information through self-attention mechanisms contributes to improved localization
accuracy and more stable optimization behavior. Similar observations have been reported
in previous studies demonstrating the effectiveness of transformer-based architectures for
medical image segmentation [44].

Consequently, Swin-UNETR was selected as the primary segmentation architecture for
all subsequent experiments. Therefore, the remaining segmentation analyses presented in
this chapter are based exclusively on the Swin-UNETR framework.

3.3.2 Binary Knee Localization Results

The first stage of the proposed framework focused on binary knee localization, where the
objective was to distinguish the knee joint region from the surrounding background tissues.
Accurate localization is essential because it enables subsequent ROI extraction and reduces
the amount of irrelevant information processed during anatomical segmentation.

The selected Swin-UNETR model was trained using the hyperparameter configuration
described previously. Figure 3.5 illustrates the evolution of the training loss and validation
Dice score during optimization.

Figure 3.5: Training loss and validation Dice score obtained during binary knee localiza-
tion using the Swin-UNETR architecture.
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The training curves demonstrate stable convergence throughout the optimization pro-
cess. The training loss decreased progressively from approximately 0.90 during the initial
epochs to approximately 0.18 at the end of training. Simultaneously, the validation Dice
score increased rapidly during the early training stages and gradually stabilized around
0.97.

The obtained results indicate that the model successfully learned the spatial charac-
teristics of the knee joint and achieved highly accurate localization performance. Fur-
thermore, the relatively small fluctuations observed during the later epochs suggest good
generalization capability and stable optimization behavior.

The best validation Dice score reached 0.9752, while the lowest validation loss reached
0.1783, confirming the effectiveness of the proposed binary localization stage and its suit-
ability for automatic ROI extraction. Table 3.6 summarizes the obtained results.

Table 3.6: Binary knee localization performance using Swin-UNETR.
Metric Value
Best Validation Dice 0.9752
Best Validation Loss 0.1783
Training Epochs 100
Architecture Swin-UNETR

3.3.3 ROI Extraction Results

Following binary knee localization, the predicted masks were utilized to automatically
extract anatomically relevant knee regions from the original MRI volumes. The objective
of this stage was to remove irrelevant background information and generate compact
regions of interest (ROIs) suitable for subsequent multi-class anatomical segmentation.

Unlike conventional approaches that rely on manually generated masks, the proposed
framework performed ROI extraction using the binary masks predicted by the Swin-
UNETR localization model. Consequently, the cropping procedure reflects realistic infer-
ence conditions and enables a fully automated segmentation pipeline.

Figure 3.6 illustrates representative examples of the automatic ROI extraction process.
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Figure 3.6: Examples of automatic ROI extraction using binary masks predicted by the
Swin-UNETR localization model. The predicted masks were utilized to generate knee-
centered MRI volumes without relying on manual annotations.

Visual inspection confirms that the predicted binary masks accurately identified the
knee joint region and enabled successful extraction of anatomically relevant MRI volumes.
Despite minor differences between the predicted and ground-truth masks, the resulting
cropped regions preserved the essential anatomical structures required for subsequent
analysis.

The generated ROI volumes substantially reduced the amount of irrelevant background
information while maintaining the femoral, tibial, cartilaginous, and meniscal regions
of interest. This automatic cropping strategy improved anatomical focus and reduced
computational complexity during the subsequent multi-class segmentation stage.

Furthermore, because ROI extraction was performed using masks predicted by the
Swin-UNETR localization model rather than manually generated annotations, the pro-
posed framework maintained a fully automated workflow and simulated realistic deploy-
ment conditions.

3.3.4 Post-Processing Results

A post-processing stage was applied to the predicted binary masks in order to improve
anatomical consistency and remove small segmentation artifacts. The adopted refinement
strategy was described previously in Chapter 2.

Figure 3.7 illustrates the effect of the post-processing stage on representative binary
segmentation outputs.
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Figure 3.7: Effect of post-processing on binary knee localization results. The refinement
stage improved mask quality and reduced segmentation artifacts.

As illustrated in Figure 3.7, the post-processing stage successfully removed isolated
artifacts and corrected minor irregularities in the predicted masks. For the representative
example shown, the Dice score increased from 0.9328 before refinement to 0.9693 after
refinement, corresponding to an improvement of approximately 3.65 percentage points.

The refined masks exhibited improved anatomical consistency and more accurate de-
lineation of the knee region. These cleaner masks were subsequently utilized to generate
the final ROI dataset used for training the multi-class segmentation model.

Table 3.7: Effect of post-processing on binary localization performance.
Stage Dice Score
Raw Prediction 0.9328
Post-Processed Prediction 0.9693
Improvement +0.0365

The results demonstrate that the post-processing stage contributed to improving mask
quality and anatomical consistency by eliminating small isolated artifacts and correct-
ing minor segmentation irregularities. Although the binary localization model already
achieved high accuracy, the refinement stage further enhanced the agreement between the
predicted masks and the ground-truth annotations.

The resulting clean masks provided more reliable knee-centered regions of interest and
served as the basis for constructing the final ROI dataset used during multi-class anatom-
ical segmentation. Consequently, the post-processing stage contributed to improving the
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quality of the inputs provided to the subsequent segmentation model.

3.3.5 Multi-Class Segmentation Results

The second stage of the proposed framework focused on the segmentation of multiple
anatomical structures within the knee joint. The objective was to accurately delineate
the femoral bone, tibial regions, and meniscal structures from the automatically generated
ROI volumes obtained during the previous stage.

The Swin-UNETR architecture was trained using the hyperparameter configuration
described in Chapter 2. The best segmentation performance was achieved at Epoch 64,
yielding a mean Dice score of 0.7936 and a mean IoU of 0.7057.

Figure 3.8: Training loss, validation Dice score, and validation IoU obtained during multi-
class segmentation training using the Swin-UNETR architecture.

The training curves demonstrate stable convergence throughout the optimization pro-
cess. The training loss progressively decreased from approximately 1.45 at the beginning
of training to nearly 0.55 during the final epochs. Simultaneously, both Dice and IoU
scores consistently improved before stabilizing as training progressed. The best segmen-
tation performance was achieved at Epoch 64, indicating effective optimization and good
generalization capability. Table 3.8 illustrates the overall performance of the multi-class
Swin-UNETR segmentation model.

Table 3.8: Overall performance of the multi-class Swin-UNETR segmentation model.
Metric Value
Best Dice Score 0.7936
Best IoU Score 0.7057
Best Epoch 64
Loss at Best Epoch 0.5948

Table 3.9 shows the segmentation performance per-class.
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Table 3.9: Per-class segmentation performance at the best validation epoch.
Anatomical Structure Dice Score IoU Score
Femoral Bone 0.9012 0.8542
Medial Tibia 0.7951 0.6886
Lateral Tibia 0.8487 0.8039
Medial Meniscus 0.6709 0.5441
Lateral Meniscus 0.7522 0.6377

Figure 3.9: Per-class Dice and IoU scores achieved by the proposed Swin-UNETR model
at the best validation epoch.

The quantitative results presented in Tables 3.8 and 3.9 demonstrate the effectiveness
of the proposed Swin-UNETR framework for multi-class anatomical segmentation.

The highest segmentation accuracy was achieved for the femoral bone, with a Dice
score of 0.9012 and an IoU score of 0.8542. This result can be attributed to the relatively
large size and well-defined anatomical boundaries of the femoral structure.

The tibial regions also achieved good segmentation performance, with Dice scores of
0.7951 and 0.8487 for the medial and lateral tibial compartments, respectively. These
results indicate that the model successfully captured the anatomical characteristics of the
major bone structures within the knee joint.

The meniscal structures exhibited lower segmentation performance compared with the
bone regions. The medial meniscus achieved a Dice score of 0.6709, whereas the lateral
meniscus achieved a Dice score of 0.7522. This reduction in performance is expected
because menisci are considerably smaller anatomical structures and present more complex
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shapes and less distinct boundaries in MRI volumes.

Overall, the obtained results demonstrate that the proposed framework successfully
segmented multiple knee anatomical structures while maintaining good performance across
both large and small regions of interest.

3.3.5.1 Qualitative Segmentation Results

Qualitative evaluation was performed by visually comparing the predicted segmentation
masks with the corresponding ground-truth annotations in the three anatomical views
(axial, coronal, and sagittal).

Figures 3.10 and 3.11 present representative examples of the multi-class segmentation
results obtained using the proposed Swin-UNETR model. The figures illustrate the orig-
inal MRI slices, ground-truth annotations, predicted masks, and overlay visualizations
highlighting the segmented anatomical structures.

Figure 3.10: Representative multi-class segmentation results obtained using the proposed
Swin-UNETR framework. Ground-truth masks and predicted segmentations are shown
in axial, coronal, and sagittal views together with overlay visualizations.
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Figure 3.11: Additional example of multi-class segmentation results obtained on a different
MRI examination. Ground-truth masks and predicted segmentations are shown in axial,
coronal, and sagittal views together with overlay visualizations.

Visual inspection of both examples demonstrates a strong agreement between the pre-
dicted segmentations and the corresponding ground-truth annotations across the three
anatomical views. The model successfully delineated the femoral region, tibial compart-
ments, and meniscal structures with anatomically consistent boundaries.

The overlay visualizations further confirm that the predicted masks closely follow
the target anatomical structures. Minor discrepancies are mainly observed around thin
meniscal boundaries and transition regions between adjacent anatomical structures, which
is consistent with the quantitative results reported previously.

Overall, the qualitative results support the quantitative findings and demonstrate the
capability of the proposed framework to generate reliable multi-class anatomical segmen-
tations suitable for subsequent feature extraction and osteoarthritis classification.

3.4 Evaluation of Osteoarthritis Severity Classification

Performance

Following multi-class anatomical segmentation, handcrafted features were extracted from
the segmented knee regions and combined with clinical information to perform osteoarthri-

91



chapter III Performance Assessment of the Proposed Framework

tis prediction. The objective of this stage was to evaluate the ability of the proposed
framework to distinguish between different osteoarthritis severity levels using region-based
anatomical descriptors.

The original dataset contained 404 MRI examinations. However, 21 subjects were ex-
cluded from the classification experiments because their corresponding Kellgren–Lawrence
(KL) grades were unavailable in the clinical metadata. Consequently, a total of 383 sub-
jects were retained for feature extraction and osteoarthritis prediction.

For the independent test set, 103 MRI examinations were initially available. Never-
theless, five subjects were excluded due to missing KL annotations, resulting in a final
test cohort of 98 subjects used for evaluation.

3.4.1 Dataset Distribution

Figure 3.12 presents the distribution of KL grades within the final classification dataset.

Figure 3.12: Distribution of Kellgren–Lawrence grades in the classification dataset after
excluding subjects with missing labels.

The final classification dataset consisted of 383 MRI examinations distributed across
five KL grades. Specifically, the dataset contained 82 KL0 cases, 46 KL1 cases, 86 KL2
cases, 111 KL3 cases, and 58 KL4 cases. The class distribution was moderately imbal-
anced, with KL3 representing the largest category (29.0%) and KL1 representing the
smallest category (12.0%).

Such class imbalance increases the complexity of osteoarthritis classification because
minority classes are represented by fewer training examples. Consequently, additional
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evaluation metrics beyond overall accuracy were considered during performance assess-
ment in order to provide a more reliable assessment of classification performance.

3.4.2 Preliminary Data Augmentation Analysis for Classification

Preliminary data augmentation experiments were initially conducted during the early
stages of the osteoarthritis classification pipeline in order to investigate whether increasing
training data diversity could improve classification performance and reduce overfitting.

Several augmentation operations including spatial flipping, rotation, and intensity
modification were applied to the MRI regions before feature extraction and classification.
The augmented dataset increased the number of available training samples from 383
original subjects to 1532 augmented samples.

At this preliminary stage, the classification framework relied on an initial feature
extraction configuration composed mainly of statistical and region-based descriptors ex-
tracted from the segmented anatomical structures. A hierarchical classification strategy
was adopted to progressively distinguish healthy subjects, mild osteoarthritis cases, and
severe osteoarthritis cases.

Table 3.10 summarizes the obtained results for both the original and augmented
datasets.

Table 3.10: Preliminary analysis of augmentation impact on osteoarthritis classification
performance.

Experiment Dataset Size Accuracy
Original Dataset Only 383 subjects 61.88%
With Data Augmentation 1532 samples 59.29%

The obtained results indicated that augmentation did not improve classification per-
formance. In contrast, a slight decrease in overall accuracy was observed after introducing
augmented samples into the training process.

This behavior suggests that the primary limitation of the classification task was not
solely related to insufficient training data quantity. Instead, the experimental analysis in-
dicated that the major challenge originated from the intrinsic overlap between osteoarthri-
tis severity stages, particularly for intermediate KL grades such as KL2.

Furthermore, the preliminary feature extraction configuration used during these exper-
iments relied mainly on handcrafted statistical and anatomical descriptors. Consequently,
the augmentation process introduced additional variability without significantly improv-
ing inter-class separability.
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Based on these observations, augmentation strategies were not further integrated into
the final classification framework. Instead, the subsequent experiments focused on improv-
ing feature representation quality through the extraction of more advanced handcrafted
descriptors, including wavelet-based features, FFT descriptors, texture features derived
from GLCM matrices, first-order statistical features, and clinical variables such as age,
BMI, and gender.

These advanced descriptors provided substantially richer anatomical and structural
information for osteoarthritis severity prediction and were therefore adopted in the final
classification pipeline.

3.4.3 Feature Extraction Verification

Before performing osteoarthritis classification, a visual verification step was conducted to
ensure the reliability of the extracted anatomical regions. Representative subjects from
different Kellgren–Lawrence (KL) grades were selected and inspected after the multi-class
segmentation stage.

Figure 3.13 presents representative MRI slices together with their corresponding anatom-
ical segmentations and region-wise measurements. The figure illustrates examples from
KL0 to KL4 and demonstrates the ability of the proposed framework to consistently iden-
tify the major knee anatomical structures across different osteoarthritis severity levels.

The visual results confirm that the segmentation framework successfully delineated
the femoral region, tibial compartments, and meniscal structures for subjects exhibiting
different disease severities. The extracted region-wise measurements further demonstrate
that the proposed pipeline was capable of generating anatomically meaningful quantitative
descriptors from the segmented structures.

This verification step provides additional confidence regarding the quality of the ex-
tracted anatomical regions before feature computation and osteoarthritis classification.
Consequently, the generated feature set can be considered sufficiently reliable for subse-
quent machine learning analysis.
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Figure 3.13: Representative examples of MRI slices, multi-class anatomical segmentations,
and region-wise measurements obtained from subjects belonging to different Kellgren–
Lawrence grades.

3.4.4 Feature Importance Analysis

To better understand the contribution of individual descriptors to osteoarthritis predic-
tion, feature importance analysis was performed using the CatBoost classifier. The objec-
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tive was to identify the most informative features and determine which anatomical regions
contributed most strongly to classification performance.

Figure 3.14 presents the twenty most important features selected by the classification
model.

Figure 3.14: Top 20 most important handcrafted features selected by the CatBoost clas-
sifier for osteoarthritis prediction.

The feature importance ranking indicates that several highly discriminative descriptors
originated from the tibial and meniscal regions. In particular, features extracted from the
medial and lateral tibial compartments achieved the highest importance scores, suggesting
that these structures contain valuable information related to osteoarthritis progression.

In addition, meniscal descriptors appeared frequently among the most influential fea-
tures, highlighting the importance of meniscal alterations in characterizing disease sever-
ity. These findings are consistent with the known role of cartilage and meniscal degener-
ation in osteoarthritis development.

To further investigate feature discriminability, the distributions of representative de-
scriptors were analyzed across the different osteoarthritis severity groups as depicted in
the figure 3.15.
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Figure 3.15: Distribution of representative discriminative features across different os-
teoarthritis severity groups.

Figure 3.15 illustrates the distributions of several representative features across the
severity groups. Clear differences can be observed between classes for multiple descriptors,
particularly those extracted from tibial and meniscal structures.

Although partial overlap exists between neighboring severity groups, several features
demonstrate distinct distribution patterns that facilitate class separation. These obser-
vations confirm the discriminative capability of the extracted anatomical descriptors and
support their use for osteoarthritis prediction.

Overall, the feature importance analysis demonstrates that the proposed handcrafted
feature extraction strategy successfully captured clinically relevant anatomical character-
istics associated with osteoarthritis severity.

The average classification accuracy obtained across the five folds was 69.18%, indicat-
ing that the extracted anatomical descriptors contain meaningful information related to
osteoarthritis severity. However, a detailed analysis of the classification results revealed
important differences in performance across the three severity groups.

The detailed classification report is presented in Table 3.11.
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Table 3.11: Classification report for the three-class osteoarthritis prediction
task(Accuracy = 0.6919)

Class Precision Recall F1-score Support
KL0–1 (No OA) 0.68 0.80 0.74 128
KL2 (Mild OA) 0.64 0.19 0.29 86
KL3–4 (Severe OA) 0.71 0.86 0.78 169

The obtained results indicate that the classifier successfully distinguished the No OA
(KL0–1) and Severe OA (KL3–4) groups. In contrast, the KL2 category achieved sub-
stantially lower recall, suggesting that a large proportion of mild osteoarthritis cases were
confused with neighboring severity groups.

Figure 3.16: Confusion matrix obtained for the three-class osteoarthritis classification
task.

Figure 3.16 further illustrates the classification behavior. The confusion matrix reveals
that the majority of KL0–1 and KL3–4 subjects were correctly classified, whereas KL2
cases were frequently misclassified as either No OA or Severe OA. Only 12 out of 86 KL2
subjects were correctly identified, confirming the difficulty of separating the intermediate
disease stage from adjacent severity categories.

To better understand this behavior, Principal Component Analysis (PCA) was applied
to the extracted feature space as mentioned in the figure 3.17.
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Figure 3.17: PCA projection of the extracted anatomical features for the three osteoarthri-
tis severity groups.

As illustrated in Figure 3.17, a substantial overlap can be observed between the KL2
category and the neighboring severity groups. The PCA visualization confirms that mild
osteoarthritis occupies an intermediate position between healthy and advanced disease
stages. This overlap provides a visual explanation for the reduced classification perfor-
mance observed for KL2 and highlights the intrinsic difficulty of identifying this transi-
tional stage.

The findings obtained from both the confusion matrix and PCA analysis indicate
that the main limitation of the three-class formulation lies in the discrimination of KL2
subjects. While the No OA and Severe OA groups exhibit relatively distinct anatom-
ical characteristics, KL2 cases share features with both neighboring categories, making
accurate classification considerably more challenging.

Furthermore, the PCA analysis suggests that the observed overlap is not solely related
to dataset size but also reflects the biological continuity of osteoarthritis progression.
Consequently, even with additional training samples, distinguishing KL2 from adjacent
severity stages would remain a challenging task because the corresponding anatomical
characteristics partially overlap.

Based on these observations, additional classification strategies were investigated. Bi-
nary classification experiments were conducted to evaluate the separability of healthy and
advanced osteoarthritis cases, while a dedicated KL2 detection model was developed to
specifically address the most challenging stage of disease progression. The results of these
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experiments are presented in the following sections.

3.4.5 Binary Classification Results

To further investigate the discriminative capability of the extracted anatomical descrip-
tors, two binary classification experiments were conducted. The first experiment focused
on distinguishing subjects without osteoarthritis from subjects exhibiting osteoarthritic
changes. The second experiment aimed to separate non-severe cases (KL0–1) from ad-
vanced osteoarthritis cases (KL3–4), excluding the intermediate KL2 category.

Tables 3.12 and 3.13 summarize the classification performance obtained for both binary
scenarios.

Table 3.12: Classification report for the No OA vs OA task
(Accuracy = 0.7728, AUC = 0.8396).

Class Precision Recall F1-score Support
No OA 0.68 0.59 0.64 128
OA 0.81 0.86 0.83 255

Table 3.13: Classification report for the KL0–1 vs KL3–4
task (Accuracy = 0.8384, AUC = 0.9107).

Class Precision Recall F1-score Support
KL0–1 0.83 0.79 0.81 128
KL3–4 0.85 0.88 0.86 169

The results demonstrate that binary classification substantially improved prediction
performance compared with the three-class scenario. This improvement can be attributed
to the clearer separation between the target groups and the reduced ambiguity associated
with intermediate disease stages.

The first binary experiment, which distinguished subjects without osteoarthritis from
osteoarthritic subjects, achieved an accuracy of 77.28% and an AUC of 0.8396. These
results indicate that the extracted anatomical and clinical features provide reliable infor-
mation for detecting the presence of osteoarthritis.
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Figure 3.18: Confusion matrix obtained for the No OA versus OA classification task.

As illustrated in Figure 3.18, a substantial proportion of osteoarthritic subjects were
correctly identified. The model achieved a precision of 0.81, a recall of 0.86, and an F1-
score of 0.83 for the OA class, demonstrating strong sensitivity for detecting osteoarthritis
cases.

The second binary experiment focused on distinguishing non-severe cases (KL0–1)
from advanced osteoarthritis cases (KL3–4). To increase class separability, the intermedi-
ate KL2 category was excluded from the analysis, resulting in a dataset of 297 subjects.
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Figure 3.19: Confusion matrix obtained for the KL0–1 versus KL3–4 classification task.

This experiment achieved the highest performance among all classification tasks, with
an accuracy of 83.84% and an AUC of 0.9107. The confusion matrix shown in Figure 3.19
indicates that most subjects were correctly assigned to their respective severity groups.

The classifier achieved a precision of 0.85, a recall of 0.88, and an F1-score of 0.86 for
the KL3–4 category. The superior performance observed in this experiment can be ex-
plained by the more pronounced anatomical differences between early-stage and advanced
osteoarthritis, which facilitate class discrimination.

Overall, the binary classification results confirm the effectiveness of the proposed fea-
ture extraction framework and demonstrate that the extracted anatomical descriptors
contain substantial information related to osteoarthritis severity.

3.4.6 KL2 Detection Results

Because KL2 represents a transitional stage between early and advanced osteoarthritis,
an additional experiment was conducted to specifically identify KL2 subjects. This clas-
sification task is clinically important because KL2 corresponds to the onset of definite
radiographic osteoarthritis and often exhibits characteristics shared with both healthy
and more advanced disease stages.

The classification model was trained using the extracted anatomical descriptors com-
bined with clinical information. Five-fold cross-validation was employed to evaluate the
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robustness of the proposed framework.

Table 3.14: Classification report for the KL2 detection task, One-vs-Rest
(Accuracy = 0.7076, AUC = 0.6909).

Class Precision Recall F1-score Support
Not KL2 0.85 0.75 0.80 297
KL2 0.39 0.55 0.46 86

Figure 3.20 illustrates the ROC curve obtained for the KL2 detection task.

Figure 3.20: ROC curve obtained for the KL2 detection task.

Figure 3.21 depicts the confusion matrix obtained for the KL2 detection task.
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Figure 3.21: Confusion matrix obtained for the KL2 detection task.

The obtained results indicate that KL2 detection remains a challenging classification
problem. The proposed framework achieved an accuracy of 70.76% and an AUC of 0.6909,
reflecting the difficulty of distinguishing KL2 subjects from neighboring osteoarthritis
stages.

The classifier achieved a recall of 55%, indicating that more than half of the KL2
subjects were correctly identified. Although the precision remained relatively modest, this
behavior is expected because KL2 represents an intermediate disease stage that shares
anatomical characteristics with both early and advanced osteoarthritis.

Compared with the binary classification experiments, KL2 detection produced lower
performance. This observation further supports the hypothesis that transitional os-
teoarthritis stages exhibit less distinct anatomical boundaries, making classification sub-
stantially more challenging.

Nevertheless, the obtained results demonstrate that the extracted anatomical descrip-
tors contain useful information for identifying KL2 subjects and provide a promising basis
for early osteoarthritis assessment.

3.4.7 Five-Class Classification Results

The final and most challenging classification experiment consisted of predicting the com-
plete Kellgren–Lawrence grading scale, where subjects were assigned to one of five cat-
egories (KL0, KL1, KL2, KL3, or KL4). Unlike the binary and three-class scenarios,
this task requires the classifier to distinguish between adjacent disease stages that often
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exhibit subtle anatomical differences.

The classification dataset consisted of 383 subjects distributed across the five KL
grades, including 82 KL0 cases, 46 KL1 cases, 86 KL2 cases, 111 KL3 cases, and 58 KL4
cases.

Five-fold cross-validation was performed to evaluate the robustness of the proposed
framework. The classification accuracies obtained for each fold are presented in the ta-
ble 3.15.

Table 3.15: Five-fold cross-validation results for the five-class classification task.
Fold Accuracy

1 0.4545
2 0.4805
3 0.3377
4 0.4342
5 0.4605

Mean 0.4335
Std 0.0501

The obtained results demonstrate moderate variability across the validation folds, with
a mean accuracy of 43.35% and a standard deviation of 5.01%. The lower performance
compared with the binary and three-class experiments reflects the increased difficulty
associated with fine-grained osteoarthritis grading.

Table 3.16 illustrates overall performance of the five-class osteoarthritis classification
task.

Table 3.16: Overall performance of the five-class osteoarthritis classification task.
Metric Value
Accuracy 0.4334
Balanced Accuracy 0.3728
Weighted F1-score 0.4026

Table 3.17 depicts Per-class performance for the five-class classification task.

Table 3.17: Per-class performance for the five-class classification task.
Class Precision Recall F1-score
KL0 0.47 0.60 0.52
KL1 0.25 0.07 0.10
KL2 0.39 0.37 0.38
KL3 0.44 0.64 0.52
KL4 0.55 0.19 0.28
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Figure 3.22 shows the confusion matrix obtained for the five-class osteoarthritis clas-
sification task.

Figure 3.22: Confusion matrix obtained for the five-class osteoarthritis classification task.

The five-class classification task achieved an overall accuracy of 43.34% and a weighted
F1-score of 0.403. As expected, performance decreased compared with the binary and
three-class experiments because the classifier was required to distinguish between adjacent
osteoarthritis grades exhibiting highly similar anatomical characteristics.

The highest recall values were obtained for KL0 and KL3, indicating that the model
was relatively successful in identifying healthy subjects and subjects with advanced os-
teoarthritis. In contrast, KL1 and KL2 exhibited lower performance, reflecting the diffi-
culty of distinguishing early and transitional disease stages.

Visual inspection of the confusion matrix reveals that most classification errors oc-
curred between neighboring grades, particularly between KL1 and KL2 and between KL2
and KL3. This behavior is consistent with the progressive nature of osteoarthritis, where
anatomical changes occur gradually rather than abruptly.

Although the five-class classification task remains considerably more challenging than
binary prediction, the obtained results demonstrate that the extracted anatomical de-
scriptors retain meaningful information related to disease severity and are capable of
supporting fine-grained osteoarthritis assessment.
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3.5 Evaluation on Independent Test Set

To further assess the generalization capability of the proposed framework, an additional
evaluation was conducted using an independent test set that was not involved in model
training, validation, or hyperparameter optimization. The objective of this experiment
was to investigate the performance of the complete pipeline on previously unseen MRI
examinations.

The independent test cohort consisted of 76 subjects, including 33 KL0–1 cases and 43
KL3–4 cases. For each subject, the complete framework was applied, including binary knee
localization, ROI extraction, multi-class anatomical segmentation, feature extraction, and
osteoarthritis classification.

3.5.1 Qualitative Evaluation

Figures 3.23 and 3.24 present representative examples of the complete inference pipeline
applied to two unseen MRI examinations from the independent test set. In both cases, the
binary localization model successfully identified the knee region and generated anatomi-
cally focused ROIs. The cropped volumes were subsequently processed by the multi-class
segmentation model.

The predicted anatomical structures closely matched the corresponding ground-truth
annotations, yielding a mean Dice score of 0.8487. The femoral and lateral tibial re-
gions achieved particularly high segmentation accuracy, whereas the meniscal structures
remained comparatively more challenging because of their thin morphology and complex
anatomical boundaries.

These qualitative observations demonstrate the effectiveness of the proposed coarse-
to-fine segmentation strategy and confirm its ability to generalize to previously unseen
MRI examinations.
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Figure 3.23: Complete inference pipeline for Subject 405 from the independent test set.

Figure 3.24: Complete inference pipeline for Subject 418 from the independent test set.

3.5.2 Quantitative Evaluation

The classification performance obtained on the independent test set is summarized in
Table 3.18. The proposed binary classification model achieved an accuracy of 81.58
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Table 3.18: Binary classification performance on the independent test set.
Metric Value
Number of cases 76
KL0–1 subjects 33
KL3–4 subjects 43
Accuracy 81.58%
AUC 0.8478

The obtained results indicate that the proposed framework maintained stable predic-
tive performance when applied to previously unseen MRI examinations. This observation
suggests that the extracted anatomical biomarkers and classification strategy possess sat-
isfactory generalization capability beyond the training cohort.

3.5.3 Classification Performance Comparison

To further evaluate the effectiveness of the proposed framework, the obtained classification
results were compared with representative osteoarthritis prediction studies discussed in
Chapter 1. Table 3.19 summarizes the comparison.

Table 3.19: Comparison with representative studies from the literature.
Method Year Task Dataset

Type
Annotation
Type

Performance

RF-LASSO [47] 2012 Binary OA Predic-
tion

OAI (MRI) Radiomics AUC = 0.82

KOA-DNN [48] 2021 Five-Class Classifi-
cation

OAI (X-
ray)

KL Grade Acc = 69.7%

Multi-Task OA
Framework [49]

2023 OA Severity Pre-
diction

OAI (MRI) KL Grade AUC = 0.89

MTDL-System [50] 2025 Binary OA Classifi-
cation

Private
(MRI)

KL Grade AUC = 0.902

Proposed Frame-
work

2026 Binary (KL0–1
vs KL3–4)

OAIZIB-
CM
(MRI)

KL +
Mask

AUC = 0.9107

The comparison presented in Table 3.19 demonstrates that the proposed framework
achieved competitive classification performance relative to recently published approaches.
In particular, the proposed binary classification model achieved an AUC of 0.9107 when
distinguishing KL0–1 subjects from KL3–4 subjects.

This performance slightly exceeds the AUC reported by the MTDL-System study
(AUC = 0.902), indicating that the extracted anatomical descriptors provide highly dis-
criminative information for osteoarthritis severity assessment.

Furthermore, the obtained results were achieved using handcrafted anatomical features
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extracted from automatically segmented knee structures, without relying exclusively on
end-to-end image-based classification. This observation highlights the effectiveness of
combining anatomical segmentation and region-based feature extraction for osteoarthritis
prediction.

3.5.4 Scientific Contribution Analysis

Beyond the quantitative results, the proposed framework introduces several methodolog-
ical contributions that distinguish it from previously reported studies.

First, the framework integrates multiple processing stages within a unified automated
pipeline, including MRI preprocessing, binary knee localization, ROI extraction, multi-
class anatomical segmentation, feature extraction, and osteoarthritis classification. Most
previous studies focused on only one or two of these stages independently.

Second, a two-stage segmentation strategy was adopted. Binary localization was ini-
tially performed using a Swin-UNETR model to identify the knee region automatically.
The resulting masks were subsequently utilized to generate anatomically focused ROIs for
multi-class segmentation. This strategy reduced background interference and improved
anatomical focus during training and inference.

Third, the proposed methodology combined anatomical descriptors extracted from
multiple segmented structures with clinical information, including age and gender, to
support osteoarthritis prediction.

Finally, a dedicated KL2 detection experiment was conducted in order to investigate
the transitional osteoarthritis stage separately. Because KL2 represents an intermediate
stage between healthy and advanced osteoarthritis, it is frequently reported as one of the
most challenging categories to classify accurately. To the best of our knowledge, dedicated
KL2 detection is rarely investigated as an independent classification task in the studies
reviewed in Chapter 1.

Overall, the proposed framework provides a complete and automated solution for knee
MRI analysis, combining segmentation and classification within a single unified pipeline
while maintaining competitive performance relative to recent state-of-the-art approaches.

3.6 Streamlit-Based Application

To demonstrate the practical applicability of the proposed framework, an interactive
graphical user interface (GUI) was developed using the Streamlit framework. The appli-
cation integrates the different stages of the proposed pipeline within a unified environment
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for automated knee osteoarthritis analysis from MRI data.

The developed interface allows users to provide patient clinical information, including
age, body mass index (BMI), and gender, in addition to loading MRI examinations for
automated processing. Once the MRI volume is uploaded, the application automatically
executes the successive stages of the proposed framework, including knee localization, ROI
extraction, multi-class anatomical segmentation, feature extraction, and osteoarthritis
severity prediction.

Figure 3.25 illustrates the segmentation module of the developed application. The
interface provides visualization of MRI slices in different anatomical planes (axial, coronal,
and sagittal) together with the corresponding segmentation overlays generated by the
proposed Swin-UNETR model. This visualization enables users to inspect the segmented
anatomical structures and verify the quality of the generated predictions.

Figure 3.25: Streamlit interface showing patient clinical information, MRI visualization,
and multi-class anatomical segmentation results generated by the proposed framework.

Figure 3.26 presents the classification module of the application. The interface sum-
marizes the predictions generated by the different classification models and provides con-
fidence scores together with probability distributions. These visual outputs improve the
interpretability of the classification results and facilitate the assessment of osteoarthritis
severity.
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Figure 3.26: Classification results generated by the Streamlit application, including predic-
tion confidence scores and probability distributions for the different classification models.

The developed Streamlit application demonstrates the feasibility of deploying the pro-
posed methodology in an accessible and user-friendly environment. By integrating image
visualization, anatomical segmentation, clinical information, feature extraction, and clas-
sification results within a single platform, the application provides a complete end-to-end
solution for automated knee osteoarthritis assessment. Such an implementation may
facilitate future integration of artificial intelligence-based diagnostic tools into clinical
decision-support systems and medical research workflows.

3.7 Discussion

3.7.1 Interpretation of Findings

The experimental results obtained throughout this study demonstrate the effectiveness
of the proposed multi-stage framework for automated knee osteoarthritis analysis. The
high performance achieved during the binary localization stage confirms the ability of the
Swin-UNETR architecture to accurately identify knee joint regions within MRI volumes,
thereby enabling reliable ROI extraction for subsequent processing.

The multi-class segmentation results further indicate that the proposed framework
successfully captured the anatomical characteristics of multiple knee structures. Higher
segmentation accuracy was achieved for large anatomical regions such as the femoral
bone and tibial compartments, whereas lower Dice scores were observed for the meniscal
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structures. This behavior is consistent with the anatomical complexity and relatively
small size of the menisci compared with bone structures.

The classification experiments provided additional insights into osteoarthritis severity
prediction. The three-class formulation achieved an overall accuracy of 69.18%, demon-
strating that the extracted anatomical descriptors contain meaningful information related
to disease progression. However, detailed analysis revealed that the KL2 category repre-
sented the most challenging class.

Both the confusion matrix and PCA visualization showed substantial overlap between
KL2 subjects and the neighboring severity groups. This observation confirms the transi-
tional nature of mild osteoarthritis and explains the reduced recall obtained for KL2 during
three-class classification. Consequently, additional binary classification experiments and
a dedicated KL2 detection model were developed in order to further investigate disease
progression and improve classification interpretability.

Overall, the obtained findings demonstrate that combining anatomical segmentation
with feature-based classification provides a meaningful representation of structural changes
associated with knee osteoarthritis.

3.7.2 Clinical Relevance

Knee osteoarthritis is one of the most prevalent musculoskeletal disorders worldwide and
represents a major cause of pain, disability, and reduced quality of life. Early detection
and accurate assessment of disease severity are therefore essential for improving patient
management and treatment planning.

The proposed framework contributes to this objective by providing a fully automated
pipeline capable of processing MRI data without manual intervention. Automatic lo-
calization, segmentation, and classification reduce the need for time-consuming manual
analysis and may improve diagnostic consistency across clinical evaluations.

Particularly important is the investigation of KL2 cases, which correspond to the
transitional stage between healthy and advanced osteoarthritis. Accurate identification
of this stage may facilitate earlier clinical intervention and support patient monitoring
before severe structural degeneration occurs.

Although the proposed framework is intended primarily for research purposes, the ob-
tained results demonstrate its potential applicability as a computer-aided decision support
tool for osteoarthritis assessment and severity prediction.
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3.7.3 Robustness Analysis

Several observations indicate the robustness of the proposed framework. First, stable
convergence behavior was observed during both localization and segmentation training,
as reflected by the progressive decrease in loss values and the consistent improvement of
validation metrics.

Second, the binary localization model achieved a Dice score exceeding 97%, demon-
strating reliable knee joint localization despite anatomical variability among subjects. The
resulting ROI extraction process enabled the segmentation model to focus on anatomically
relevant regions while reducing the influence of irrelevant background information.

Third, the segmentation model maintained satisfactory performance across multiple
anatomical structures with different sizes and shapes. Although meniscal segmentation
remained more challenging than bone segmentation, acceptable accuracy was achieved
across all target regions.

The classification experiments also demonstrated consistent predictive capability across
different evaluation scenarios. Rather than relying on a single classification formulation,
multiple strategies were investigated, including five-class classification, three-class sever-
ity prediction, binary severity assessment, and dedicated KL2 detection. This progressive
experimental process provided a comprehensive evaluation of the extracted anatomical
descriptors and confirmed their relevance for osteoarthritis assessment.

Nevertheless, several limitations should be acknowledged. The available dataset re-
mains relatively small compared with large-scale clinical studies, and class imbalance was
observed for certain KL grades. Furthermore, the substantial overlap between KL2 and
neighboring categories suggests that disease progression is inherently continuous rather
than strictly separable into discrete classes. Future studies involving larger multi-center
datasets and additional clinical variables may further improve model generalization and
robustness.

3.8 Conclusion

This chapter presented the experimental evaluation of the proposed framework for auto-
mated knee osteoarthritis analysis using MRI data. The effectiveness of the preprocessing
stage was first assessed through qualitative visual inspection, demonstrating improved
image quality while preserving relevant anatomical structures.

The binary localization model achieved a Dice score of 97.52%, enabling accurate
automatic extraction of knee-centered regions of interest. The generated ROI volumes
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reduced irrelevant background information and provided focused inputs for the subsequent
segmentation stage.

The multi-class Swin-UNETR model successfully segmented multiple knee anatomical
structures, achieving a mean Dice score of 79.36% and a mean IoU score of 70.57%. The
best segmentation performance was obtained for the femoral bone, while the meniscal
structures remained the most challenging regions because of their smaller size and more
complex morphology.

The extracted anatomical features were subsequently utilized for osteoarthritis classi-
fication. Several classification strategies were investigated, including five-class classifica-
tion, three-class severity prediction, binary classification, and dedicated KL2 detection.
The obtained results demonstrated that the extracted anatomical descriptors contain
meaningful information related to disease severity and progression.

Among all investigated classification scenarios, the best performance was achieved for
the KL0–1 versus KL3–4 classification task, yielding an accuracy of 83.84% and an AUC
of 0.9107.

Finally, the comparative analysis highlighted the competitiveness of the proposed
framework and emphasized its main contribution: the integration of preprocessing, local-
ization, ROI extraction, segmentation, feature extraction, and osteoarthritis classification
within a unified automated pipeline.

The next chapter presents the general conclusion of this work, summarizes the main
contributions, discusses the limitations of the proposed framework, and outlines potential
directions for future research.
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General Conclusion

This work addressed the problem of automated knee osteoarthritis assessment using
magnetic resonance imaging (MRI). Osteoarthritis remains one of the most common de-
generative joint diseases worldwide, and accurate evaluation of disease severity is essential
for diagnosis, treatment planning, and patient monitoring.

To address this challenge, a complete deep learning framework was developed for au-
tomatic knee MRI analysis. The proposed methodology combined image preprocessing,
knee localization, ROI extraction, multi-class anatomical segmentation, feature extrac-
tion, and osteoarthritis classification within a unified processing pipeline.

The preprocessing stage improved image quality and enhanced anatomical visibil-
ity while preserving clinically relevant structures. Subsequently, a binary Swin-UNETR
model was employed for automatic knee localization, achieving a Dice score of 97.52%
and enabling reliable extraction of knee-centered regions of interest.

The extracted ROIs were then utilized for multi-class segmentation of major knee
anatomical structures. The segmentation model achieved a mean Dice score of 79.36%
and a mean IoU score of 70.57%, demonstrating its ability to accurately delineate multiple
structures despite anatomical variability and class imbalance.

Following segmentation, anatomical descriptors were extracted and utilized for os-
teoarthritis severity prediction. Several classification formulations were investigated, in-
cluding five-class classification, three-class severity prediction, binary classification, and
dedicated KL2 detection. The experimental results demonstrated that the extracted
anatomical features contain valuable information related to disease progression. The
best classification performance was obtained for the KL0–1 versus KL3–4 experiment,
achieving an accuracy of 83.84% and an AUC of 0.9107.

A detailed analysis of the three-class classification task revealed that KL2 represents
the most challenging category because of its transitional nature between healthy and ad-
vanced osteoarthritis. Both the confusion matrix and PCA visualization confirmed the
substantial overlap between KL2 and neighboring severity groups. These findings moti-
vated the investigation of additional binary classification strategies and the development
of a dedicated KL2 detection model.

Overall, the obtained results demonstrate the feasibility and effectiveness of combining
localization, segmentation, feature extraction, and classification within a unified frame-
work for automated knee osteoarthritis assessment.

Main Contributions

The principal contributions of this work can be summarized as follows:
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• Development of a complete automated framework for knee osteoarthritis analysis
using MRI data.

• Implementation of a binary Swin-UNETR localization model for automatic knee
ROI extraction, achieving a Dice score of 97.52%.

• Development of a multi-class anatomical segmentation framework capable of seg-
menting multiple knee structures with a mean Dice score of 79.36%.

• Extraction of anatomical descriptors from segmented knee structures for osteoarthri-
tis severity prediction.

• Investigation of multiple classification formulations, including five-class, three-class,
and binary classification strategies.

• Identification of KL2 as the most challenging osteoarthritis category through con-
fusion matrix analysis and PCA visualization.

• Development of a dedicated KL2 detection strategy to further investigate interme-
diate disease stages.

• Integration of all processing stages into a unified automated pipeline for knee MRI
analysis.

Limitations

Despite the promising results obtained in this study, several limitations should be ac-
knowledged.

First, the available dataset remains relatively limited compared with large-scale clinical
studies. Increasing the number of subjects could further improve model generalization and
robustness.

Second, class imbalance was observed across certain osteoarthritis severity grades,
particularly for intermediate disease stages. This imbalance may influence classification
performance and contribute to prediction uncertainty.

Third, the KL2 category exhibited substantial overlap with neighboring severity groups,
reflecting the continuous nature of osteoarthritis progression and making accurate discrim-
ination particularly challenging.

Finally, the proposed framework was evaluated using a single dataset. Additional vali-
dation on external multi-center datasets would provide a more comprehensive assessment
of generalization capability and clinical applicability.
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Future Perspectives

Several directions may be explored to further improve the proposed framework:

• Evaluation of the proposed methodology on larger and more diverse MRI datasets.

• Investigation of self-supervised and semi-supervised learning strategies to improve
feature representation.

• Integration of additional clinical variables and patient metadata for enhanced os-
teoarthritis prediction.

• Development of explainable artificial intelligence techniques to improve model in-
terpretability and clinical trust.

• Investigation of longitudinal MRI studies for monitoring osteoarthritis progression
over time.

• Validation of the proposed framework in real clinical environments and decision-
support systems.
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