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RÉSUMÉ

C
e travail de doctorat s’inscrit dans le contexte de l’application des techniques d’apprentissage
profond au domaine de l’imagerie médicale, et plus particulièrement à la détection et
à l’évaluation de l’arthrose du genou (Osteoarthritis, OA). L’essor du deep learning a

considérablement modifié la manière d’aborder le diagnostic médical assisté par ordinateur,
en améliorant les performances de diverses tâches, de la détection de fractures ou de tumeurs
jusqu’à l’analyse de pathologies cardiaques ou neurologiques. Les progrès rapides des algorithmes,
l’accès accru à des données cliniques de haute qualité, ainsi que la disponibilité de ressources
informatiques puissantes, ont largement contribué à faire du deep learning un outil privilégié
pour soutenir les cliniciens, radiologues et chercheurs. Dans le cas spécifique de l’arthrose du
genou, une maladie dégénérative du cartilage et d’autres structures articulaires, la mise en œuvre
de ces approches s’avère particulièrement prometteuse, bien que de nombreux défis subsistent,
notamment la complexité anatomique, la variabilité inter-patient, la rareté des annotations
expertes, ainsi que la difficulté à disposer de données suffisamment diversifiées.

Contexte et enjeux de la détection de l’arthrose du genou

L’arthrose du genou constitue un problème majeur de santé publique, conduisant à des douleurs
chroniques, une perte de mobilité, et une dégradation progressive de la qualité de vie. Malgré
l’importance clinique, ce domaine n’a pas bénéficié d’une attention aussi soutenue que d’autres
pathologies dans la communauté du deep learning. Les techniques classiques, telle que la
radiographie simple, se révèlent souvent inadéquates pour une détection précoce et précise, car
elles ne permettent pas de visualiser les structures cartilagineuses et ligamentaires de façon
optimale. À l’inverse, l’imagerie par résonance magnétique (IRM) offre une visualisation détaillée
du cartilage, des ménisques, des ligaments et de l’os sous-chondral. C’est cette modalité riche en
information et plus sensible aux modifications précoces de l’articulation qui motive le recours
à l’apprentissage profond. Cependant, l’obstacle majeur réside dans la construction de jeux de
données annotés, suffisamment vastes et diversifiés, ainsi que dans l’élaboration de modèles
capables d’intégrer des vues et séquences multiples, provenant de volumes IRM complexes.

La base de données OAI (Osteoarthritis Initiative)

Une ressource clé pour la recherche dans ce domaine est la base de données OAI, un projet de
grande envergure lancé en 2002, soutenu par les National Institutes of Health (NIH) et différents
partenaires privés. L’objectif fondamental de l’OAI est de mieux comprendre les facteurs de
risque, les mécanismes de progression et les options thérapeutiques possibles pour l’arthrose du
genou. Le protocole d’étude OAI s’étend sur une période de dix ans et implique plus de 4 700
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participants, recrutés dans des conditions variées afin d’assurer une diversité démographique
(âge, origines ethniques, contextes géographiques) représentative.

Stratégies et approches de deep learning pour l’OA du genou

Le travail de thèse s’est structuré autour de plusieurs axes conceptuels et méthodologiques,
visant à dépasser les limites des approches précédentes. L’objectif général est de développer
des modèles plus robustes, plus complets, et capables d’exploiter la richesse des données IRM
multi-vues et, dans certains cas, de données issues d’autres modalités (radiographies). Plusieurs
défis sont relevés:

• Multi-vues et 3D: L’extraction d’informations tridimensionnelles est essentielle, car l’articulation
du genou est une structure complexe dont les lésions arthrosiques peuvent se manifester
sous des formes variées selon le plan de coupe. L’intégration de vues multiples (coronales,
sagittales, axiales) permet d’obtenir une représentation plus complète de la pathologie.

• Semi-supervision et accroissement des données: La constitution d’ensembles de données
annotés demeure coûteuse et complexe. Pour pallier le manque de données, des stratégies
semi-supervisées ont été envisagées, permettant au modèle d’exploiter des images non
annotées via des pseudo-étiquettes. Ces approches enrichissent le corpus d’apprentissage
et améliorent les performances finales.

• Évaluation et protocoles de classification: Le score MOAKS (MRI Osteoarthritis Knee
Score) ou encore le KL-grading (Kellgren-Lawrence) sont souvent utilisés pour évaluer la
sévérité de l’OA. Cependant, l’attribution de ces scores repose sur des jugements experts et
demeure une tâche subjective. Les modèles présentés cherchent à automatiser ce processus,
en fournissant une évaluation quantitative et reproductible.

• Multimodalité (IRM + Rayons X): L’un des apports majeurs de cette recherche concerne
l’intégration de différentes modalités d’imagerie. Les radiographies, plus courantes et plus
économiques, apportent des indices relatifs à la structure osseuse, tandis que l’IRM fournit
des informations plus subtiles sur les tissus mous. Leur fusion au sein d’un même modèle
vise à compenser les faiblesses de chaque modalité prise séparément.

• Multi-tâches (classification + segmentation): Au-delà de la simple classification (distinguer
un genou atteint d’OA d’un genou sain), certains modèles proposent simultanément la
segmentation des régions d’intérêt (cartilage, ménisques, etc.). Cette approche multitâche
permet de partager les représentations internes du réseau, d’enrichir les connaissances
acquises, et d’améliorer la performance en classification.

Contributions spécifiques

Plusieurs modèles et approches ont été développés dans le cadre de cette thèse, chacun apportant
une perspective complémentaire:

• Modèle semi-supervisé multi-vue 3D CNN: Un des premiers modèles proposés intègre
une architecture 3D CNN capable de traiter simultanément plusieurs vues IRM, afin d’en
extraire une représentation plus complète. En utilisant des pseudo-labels, la méthode
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s’affranchit partiellement de la nécessité de disposer d’un ensemble entièrement annoté.
Les résultats montrent une amélioration sensible en termes de performance, avec un AUC
(Area Under the Curve) de l’ordre de 93,20 %, dépassant les approches classiques mono-vue
ou celles basées uniquement sur la radiographie.

• M3NET (Multi-modal, Multi-view, Multi-label): M3NET représente une étape supplémen-
taire en introduisant la multimodalité. Il combine des modèles 3D-ResNet pour l’IRM
et 2D-ResNet pour les radiographies, offrant ainsi une analyse conjointe des deux types
d’images. En couvrant plusieurs vues IRM et les images aux rayons X, ce modèle s’est
montré particulièrement performant pour la détection de différentes lésions du genou
(notamment celles affectant le cartilage et le ménisque), dépassant significativement les
approches mono-modalité. Le défi reste toutefois de gérer la redondance potentielle des
données, ainsi que d’optimiser la stratégie de fusion des caractéristiques afin de tirer le
meilleur parti de chaque modalité.

• MVMI (Multiview Multi-instance Network): Ce réseau exploite le concept d’apprentissage
multi-instance, où chaque tranche IRM est considérée comme une instance. En faisant
appel à une architecture de type Res-Squeeze-Net combinée avec des blocs Squeeze-and-
Excitation, MVMI parvient à traiter avec grande finesse chaque tranche, puis à agréger
l’information pour fournir un diagnostic global. Cette approche profite pleinement de
la richesse tridimensionnelle des données, améliorant ainsi la sensibilité à des signes
pathologiques subtiles. Testée sur la base OAI, MVMI atteint un AUC de 94,52 %, validant
la pertinence du cadre multi-instance pour ce type d’application.

• Modèle multitâche (segmentation + classification): Dans une autre direction, la thèse
propose un modèle exploitant deux tâches complémentaires : la classification de l’OA et
la segmentation d’éléments clés (par exemple, le cartilage) sur les mêmes données IRM.
Cette approche multi-tâches renforce le pouvoir de discrimination du modèle en mettant en
évidence les zones critiques, tout en améliorant la précision diagnostique (jusqu’à 96,70 %
d’exactitude). L’avantage réside également dans la réduction du besoin en prétraitement,
puisqu’il est possible de former ces modèles à partir d’images IRM brutes, sans étapes
complexes de préparation. En outre, cette simplification du flux de travail peut accélérer
l’adoption de l’IA dans les milieux cliniques, réduisant le temps et l’expertise nécessaire
pour manipuler les données.

Analyse des résultats et performances

Les résultats obtenus au cours de ce travail sont prometteurs et confortent l’idée que le deep
learning a un potentiel considérable pour améliorer le diagnostic de l’arthrose du genou. Les
modèles développés montrent que l’intégration de multiples vues IRM, voire de données multi-
modales (IRM + rayons X), rehausse la performance par rapport aux méthodes traditionnelles. Le
recours aux approches semi-supervisées permet de contourner la pénurie de données annotées,
un problème récurrent dans le domaine médical. L’idée d’exploiter chaque coupe IRM comme
une instance, grâce au multi-instance learning, s’est avérée particulièrement pertinente, et a
permis d’obtenir des scores très élevés en détection. Enfin, la fusion des tâches de classification
et de segmentation dans un cadre multitâche contribue à extraire des caractéristiques plus
discriminantes, améliorant ainsi la sensibilité et la spécificité des modèles.
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Défis, limites et perspectives

Malgré les avancées, certaines limites méritent d’être soulignées:

• Généralisation et diversité des données: Les études se sont appuyées sur la base de données
OAI, riche mais non exempte de biais. La généralisation des modèles à d’autres populations,
d’autres centres hospitaliers ou d’autres protocoles d’acquisition IRM reste à approfondir.
Idéalement, des travaux futurs devraient valider ces approches sur des données issues de
cohortes plus variées.

• Complexité des modèles et redondance des caractéristiques: Les approches multimodales
et multi-vues peuvent introduire des redondances dans l’information. S’il est vrai que
l’accumulation de points de vue devrait, en principe, améliorer la robustesse, un filtrage in-
telligent des données redondantes ou une meilleure sélection des séquences IRM s’avérerait
nécessaire. Il est crucial d’élaborer des stratégies de fusion efficaces, capables de combiner
les informations pertinentes sans gonfler inutilement la complexité du modèle.

• Interprétabilité et confiance clinique: Au-delà des performances quantitatives, la capacité
d’interpréter les résultats est essentielle pour gagner la confiance des cliniciens. Les
approches proposées pourraient être complétées par des méthodes d’explicabilité (heatmaps,
attention maps) afin d’identifier les régions anatomiques les plus contributives. Cela
permettrait de guider les spécialistes, de valider les choix du modèle et de garantir une
intégration sûre et efficace dans la pratique médicale.

• Exploitation du multitâche pour d’autres critères cliniques: Si la segmentation conjointe a
déjà fait ses preuves, d’autres tâches pourraient être intégrées, par exemple la prédiction de
l’évolution de l’OA sur le long terme, l’estimation de la douleur rapportée par le patient, ou
la suggestion de stratégies thérapeutiques personnalisées. Cette extension du paradigme
multitâche permettrait d’englober l’ensemble du processus clinique, depuis le diagnostic
précoce jusqu’au suivi thérapeutique.

La thèse présentée jette les bases d’une nouvelle génération de modèles de deep learning
appliqués à l’imagerie du genou, ouvrant des perspectives vers un diagnostic de l’arthrose, plus
précis et plus personnalisé. Les contributions majeures résident dans l’intégration de vues
multiples d’IRM, l’emploi de techniques semi-supervisées, la fusion de données multimodales
(IRM et rayons X), ainsi que l’adoption de paradigmes multitâches. Ces avancées démontrent que
l’apprentissage profond n’est pas simplement un outil parmi d’autres, mais un levier puissant pour
améliorer considérablement la précision, la robustesse et la portée des diagnostics, fournissant des
éléments cruciaux pour la planification du traitement et le suivi du patient. En somme, les travaux
menés dans cette thèse constituent un jalon important vers la compréhension des mécanismes de
l’arthrose du genou et la mise au point de systèmes d’assistance au diagnostic plus intelligents,
plus complets et plus fiables. À long terme, l’implémentation clinique de ces approches pourrait
contribuer à alléger la charge des radiologues, réduire les erreurs de diagnostic, et favoriser une
prise en charge plus efficace des patients souffrant de cette pathologie débilitante.
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1
DISSERTATION OVERVIEW

D
eep learning has emerged as an efficient tool in medical imaging analysis across various

modalities, achieving breakthroughs in numerous tasks. It is increasingly applied in

computer-aided diagnosis systems, assisting physicians and radiologists in image anal-

ysis and decision-making. Deep learning is also utilized to detect and classify various injuries

and diseases such as fractures, tumors, cardiac abnormalities, and neurological disorders. This

technology not only enhances diagnostic accuracy but also significantly improves the efficiency

of treatment planning and patient monitoring. Performance has consistently improved over the

past decade, driven by advancements in deep learning techniques, enhanced data availability,

and increased computational power [7].

1.1 Context and Motivation

Despite recent advances in deep learning techniques and their widespread application across

various medical tasks, significant challenges remain in achieving uniform effectiveness. One

primary obstacle is the diversity of medical imaging modalities. Magnetic Resonance Imaging

(MRI), Computed Tomography (CT), X-ray, and ultrasound each present unique challenges and

specificities, affecting the performance of deep learning models. Additionally, factors such as data

scarcity, disease complexity, and the lack of detailed annotations hinder consistent development.

Other significant barriers include variations in image quality and resolution, computational

resource demands, and regulatory and ethical constraints regarding the use of medical data.

These issues collectively hinder the universal applicability of deep learning in medical imaging

[8].

In this thesis, we study knee osteoarthritis (OA) detection as a challenging case in deep

learning research. Characterized by degenerative changes leading to severe pain and reduced
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mobility, Knee OA has received less attention in recent deep learning research compared to other

diseases [9]. This oversight is due in part to challenges such as a lack of sufficient data, both in

terms of images and annotations, as well as the complexity of the knee structure [10].

Knee OA is a degenerative joint disease that impacts millions of individuals across the globe,

leading to substantial economic costs [11]. Annually, the global expenditure on the diagnosis,

treatment, and management of knee OA runs into billions of dollars, a significant financial

burden given the absence of curative medications for this condition [12]. The costs encompass

not only medical treatments but also indirect expenses related to decreased productivity and

increased disability.

For diagnostic purposes, clinicians rely on radiographic imaging, particularly X-rays, to

evaluate the condition of the knee [13]. During diagnosis, a severity score from 0 to 4 is assigned

based on the X-ray findings, where a score of 0 indicates a healthy knee and a score of 4 reflects

late-stage OA, also known as the Kellgren and Lawrence system [14]. This classification system is

crucial for determining the extent of joint damage and guiding subsequent treatment strategies,

helping healthcare providers manage the progression of the disease and mitigate its impact on

patients’ lives.

Magnetic resonance scans provide comprehensive insights into the knee joint’s structure,

enhancing the visualization of soft tissues and thereby improving diagnostic accuracy [15, 16].

However, the majority of research efforts in analyzing knee OA have focused on X-rays rather than

MRIs [9]. This preference is primarily due to the availability of X-ray data and the challenges

associated with processing MRIs, including the complexity of its volumetric nature and the

computational demands of training three-dimensional (3D) models, compared to two-dimensional

(2D) for X-rays data.

Deep learning models could be particularly beneficial in the context of knee OA diagnosis

by automating the interpretation of radiographic images and MRI scans [15]. Deep learning

models can enhance the accuracy and consistency of severity scoring, reduce diagnostic times,

and potentially lead to earlier interventions that might improve patient outcomes.

This study aims to develop and refine effective deep learning models and training strate-

gies, specifically tailored for knee MRI data, to enhance the accuracy of detecting Knee OA.

The research will address challenges including knee OA analysis from volumetric data, high

dimensionality of MRI data, the significant computational resources required, and the design of

effective networks for knee MRI classification and segmentation.

1.2 Manuscript organisation

The content of the corresponding chapters is largely based on our published papers during the

PhD thesis period, with minor modifications in some chapters, and removing the overlapping

between sections. The order and content of the chapter’s sections were occasionally adjusted for

2
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consistency, and the related works for each paper were removed and consolidated in Chapter

3. These changes were made to ensure coherence within the thesis as a whole. It is important

to note that we have also included new contributions to some chapters that we judged to be

important to add.

Chapter 01: Dissertation overview

In this chapter, we present the research motivation and problem statement, along with a summary

of the contributions made to advance the field of knee OA detection using MRI data. Additionally,

a list of publications is provided.

Chapter 02: Knee Osteoarthritis

In this chapter, we discuss knee OA and related injuries as they appear in MRI data. We also

address the available datasets, the challenges posed by limited data, and provide an overview of

the knee MRI sequences in the OAI database. Additionally, we cover the various knee scoring

systems and outline the specific OA definition that will be used in our experiments.

Chapter 03: Literature review and related works

In this chapter, we briefly mention some key concepts in deep learning applied for medical imaging

analysis, including image classification, object detection, and image segmentation techniques,

along with some learning paradigms and frameworks that have been used in the corp of the

manuscript. Additionally, we mention some of the related works in the literature review that

study knee OA analysis using deep learning in.

Chapter 04: A Semi-Supervised Multiview-MRI Network for the Detection of

Knee OA

In this chapter, we present one of our research papers in which we introduce a semi-supervised

multi-view framework and a new 3D CNN model for detecting knee OA using 3D MRI scans.

We discuss the proposed semi-supervised learning approach in which we combine labeled and

unlabeled scans to improve the performance and generalizability of the proposed model. Experi-

mental results show the effectiveness of this approach in detecting knee OA from 3D MRI scans

using a large cohort of 4,297 subjects.

Chapter 05: M3NET: A 3D Joint Multiview Multi-task Multimodal Network for

Knee Injuries Classification

This chapter explains how we design a robust learning network called M3NET for meniscus

and cartilage classification which uses multiview knee scans, and multimodal knee imaging.

3
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In particular, M3NET is a joint architecture for meniscus and cartilage damage analysis that

learns from representative features using 3D knee MRI scans and 2D X-rays. We first train a

3D customized YOLOv8 model to automatically detect the knee joint region from MRI scans.

Furthermore, we design a feature fusion architecture to effectively handle both X-ray and

MRI modalities and use multiple feature aggregation techniques to combine the learned image

embeddings for consistent classification. Our proposed M3NET architecture is evaluated on

a large number of MR scans from the osteoarthritis initiative (OAI) containing 1519 scans

representing axial, sagittal, and coronal views, with additional X-rays of the same subjects.

Chapter 06: MVMI: Multiview Multi-instance Network for the Detection of

Knee OA

In this chapter, we describe a key contribution of our thesis which focuses on designing a neural

network architecture to effectively train 2D-based models on volumetric knee MRIs.

This approach processes in parallel multiple views of knee MRIs, treating each slice as an

independent instance. Central to the network’s architecture is the Res-Squeeze-Net, a CNN model

that incorporates residual and squeeze-and-excitation blocks for enhanced feature extraction

and emphasis on relevant diagnostic signals. This MultiView Multi-Instance (MVMI) strategy

enhances the model’s ability to identify and leverage distinct pathological features from different

knee views, leading to a more robust and nuanced knee OA features analysis. The experiments

revealed that MVMI outperforms volumetric and single-view-based models in knee OA detection.

Chapter 07: Multi-task network for knee joint segmentation and knee OA

detection

In this chapter, we discuss how we propose a multi-tasking framework for both knee OA detection

from 2D MRI slices extracted from 3D volumes, and knee joint segmentation using advanced

custom CNN models, and how we leverage multi-tasking to boost the models’ precision for

accurately detecting knee OA.

1.3 Research Contributions

The overarching goal of this thesis is to advance the detection and characterization of knee OA

and associated injuries through MRI data. This work is dedicated to developing and enhancing

deep learning models that significantly improve the precision of diagnosing knee OA. In pursuit

of these aims, we have made several key contributions including the design and optimization

of deep learning models that are proficient at extracting and learning critical imaging features

from multi-view MR scans. These advancements facilitate more accurate identification and

understanding of knee OA and related injuries, setting the stage for detailed discussions of each

contribution in the following subsequent sections.
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1.3.1 Efficient models for MRI analysis

Detecting relevant features from large volumetric data is challenging primarily due to the

high dimensionality of the data and the intensive computational resources required. CNNs, as

mechanisms for feature extraction, have become role models in recent image classification tasks

by enabling neural networks to automatically learn and detect decisive features for classification

tasks.

Furthermore, most image classification tasks employing widely used ImageNet models [17]

are inherently designed for 2D data (known as transfer learning). Consequently, their fine-tuning

is limited on 3D volumetric data. This limitation stems from the fact that these models were

originally optimized for 2D input and do not accommodate the spatial correlations present along

the third dimension, which are critical in volumetric datasets like those used in knee MRI.

In this thesis, to address these issues, we present various deep learning architectures across

multiple papers and sections tailored for processing and extracting relevant and decisive features

from a range of knee MRI acquisitions. The proposed CNN models demonstrated significant

improvements, achieving an increase of +8.1 AUC up to +10% for knee OA detection using MRI

data, outperforming classical baselines and related works from literature reviews.

1.3.2 Multi-view Multi-modal multi-label model for Knee injuries analysis

Knee MRI are valuable imaging tools that produce comprehensive images of the structures

within the knee joint. Typically, MR scans provide images from multiple views, offering a detailed

visualization of the knee structure from various perspectives. When captured from two or more

different angles, these scans can yield complementary information, enhancing the analysis

of the knee structure and the interpretation of various tissues. Moreover, MRI facilitates the

interpretation of multiple soft tissues and their related injuries. However, training individual

models for each specific task and injury proves to be quite limited; general models capable of

detecting multiple injuries simultaneously are significantly more effective.

In this thesis, we develop deep learning models designed to support knee analysis from a multi-

view perspective, leveraging the distinct advantages of various MRI views and acquisitions. This

is the first time a multi-task, multi-view model has been trained for multiple knee injuries within

a single framework, utilizing over 1500 multi-view MRI scans. Across multiple experiments, we

found that integrating multi-view knee MRI into the training models has increased the model’s

ability to detect knee OA correctly.

Additionally, we propose a multi-label multimodal learning approach for knee injury classifi-

cation, leveraging both multi-view MRI and X-ray data. This approach is the first of its kind to

combine these two imaging modalities within a single model for the simultaneous classification

of meniscus tears and cartilage loss. By integrating information from both MRI and X-ray, the

model can leverage the strengths of each modality, potentially leading to improved diagnostic ac-

5



CHAPTER 1. DISSERTATION OVERVIEW

curacy. This multi-task learning strategy improves the model’s generalizability and performance

compared to training separate models for each injury.

1.3.3 Multi-Instance Networks for 3D Knee MRI Analysis

The volumetric nature of 3D MRI presents unique challenges for training deep learning models.

While 2D-based models often demonstrate superior performance due to their compatibility with

ImageNet-based fine-tuning and established architectures, effectively leveraging them for 3D

data analysis requires innovative approaches.

In this thesis, we introduce the use of multi-instance networks (MIL) to effectively train

2D-based CNN models on 3D MRI scans for detecting knee OA. This approach addresses the

inherent challenges of 3D data analysis by treating each slice within the MRI volume as a

separate instance. This strategy allows us to leverage the advantages of well-established 2D

CNN architectures while effectively capturing information from the entire 3D volume.

MIL offers several key advantages for 3D MRI analysis. First, it effectively handles the

variability and complexity of 3D data by considering each slice as an individual instance within

a larger set. This allows the model to learn from a more diverse range of representations,

improving its generalizability across various imaging conditions. Second, MIL enhances the

model’s robustness by isolating the most salient features for classification from each slice. By

focusing on the most informative slices, the model can achieve higher classification precision.

This approach effectively bridges the gap between the power of 2D CNNs and the complexities of

3D MRI data, enabling more accurate and efficient knee OA detection.

1.3.4 Segmentation-Based Multi-Task Models for knee Osteoarthritis analysis

Image segmentation is pivotal in medical imaging, especially in tasks that require precise

anatomical delineation. This technique divides an image into multiple segments, isolating specific

anatomical regions to simplify image analysis and enhance diagnostic accuracy.

In this thesis, we propose multi-tasking models that combine image segmentation with classi-

fication to enhance knee OA detection accuracy from MRI slices. By using detailed anatomical

data from segmentation, these models improve the precision of classifying different stages of

knee OA. We propose advanced models that utilize the segmentation of knee joints from large

databases to classify knee MRI effectively. This approach increases the reliability and accuracy of

MRI-based diagnostics in clinical settings.

Specifically, by incorporating segmentation into our multi-task models, we achieved a signifi-

cant improvement of +3.3% in AUC compared to our previous volume-based (3D CNNs) models

without segmentation. This improvement highlights the value of integrating detailed anatomical

information derived from segmentation for enhancing knee OA detection accuracy. This enhanced

accuracy can potentially lead to more precise diagnoses and personalized treatment planning for
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patients, ultimately contributing to improved clinical outcomes and more effective management

of knee OA.

1.4 Publications

1. Berrimi, M., Oussalah, M., & Jennane, R. (2023, October). A 3D Deep Learning Approach

for Meniscus Tear Severity at the Region-level. In 2023 Twelfth International Conference

on Image Processing Theory, Tools and Applications (IPTA) (pp. 1-6). IEEE.

2. Berrimi, M., Hans, D., & Jennane, R. (2024). A semi-supervised multiview-MRI network

for the detection of Knee Osteoarthritis. Computerized Medical Imaging and Graphics, 114,

102371.

3. Berrimi, M. Teoh, Y X, Chetouani, A., Houam, L.,& Jennane, R. (2024) A Multi-Instance

Learning Approach for Improving Knee Osteoarthritis Diagnosis from MRI Data. In 21st

International Conference on Content-based Multimedia Indexing (CBMI)

4. Teoh, Y X, Berrimi, M. Lai, K W., Li Goh, Siew. , & Jennane R. Improving Knee Osteoarthri-

tis Detection through a Multitask Approach on 2D MRI Slices (Under-review)

5. Berrimi, M. Jennane, R. (2024) MVMI: Multiview Multi-instance Network for the Detection

of Knee Osteoarthritis. ( preprint)

6. Berrimi, M. Anwar, S.M, & Jennane, R. (2024), M3NET: A 3D Joint Multiview Multilabel

Multimodal Network for Knee Injuries Classification. ( preprint)

7





C
H

A
P

T
E

R

2
KNEE OSTEOARTHRITIS

I
n this chapter, we explore the essential role of imaging and semi-quantitative scoring

systems in evaluating knee OA and related injuries. We discuss the role of MRI and explain

various MRI sequences for knee joint analysis. Accurate assessment of knee conditions

is critical for diagnosing and managing OA, and scoring systems like WORMS, BLOKS, and

MOAKS provide a structured approach to quantifying damage across different knee regions.

These systems are necessary to standardize evaluations, guide treatment decisions, and support

research. Additionally, we discuss the available datasets and resources that are crucial for

training deep learning models, highlighting their importance in advancing OA research and

improving diagnostic accuracy.

2.1 The knee

The knee is one of the most critical and complex joints in the human body, essential for both

weight-bearing and facilitating mobility. Comprising bones, cartilage, ligaments, and tendons,

the knee is responsible for enabling fundamental movements such as walking, running, and

jumping. This joint must constantly manage substantial mechanical loads while maintaining

a delicate balance between flexibility and stability. However, the knee’s intricate structure

and its continuous exposure to high levels of stress render it particularly susceptible to injury,

especially in contexts involving sports and physical labor [18]. The soft tissues of the knee,

including ligaments and cartilage, are vulnerable to damage from repetitive strain or acute

trauma, which can lead to tears, sprains, and other injuries. Over time, these injuries may

contribute to the development of degenerative conditions such as knee OA, resulting in pain,

stiffness, and compromised joint function [19]. Consequently, the knee, despite its robust nature,

requires careful management to prevent injury and long-term degeneration [20].
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brane, can occur due to cartilage breakdown products being released into the joint space

[4].

• Changes in Subchondral Bone: As cartilage degenerates, the subchondral bone (the

layer of bone just beneath the cartilage) undergoes changes in response to altered load

distribution. These changes include bone sclerosis (hardening) and the formation of osteo-

phytes, which contribute to joint pain and deformity. Additionally, bone marrow lesions can

develop, further contributing to pain and inflammation within the joint [20].

2.2.1 Impact of Knee OA: Personal and Economic Perspectives

Knee OA has a profound effect on both individuals and society. On a personal level, the pain

and stiffness caused by knee OA can make everyday tasks like walking, climbing stairs, or even

standing difficult [22]. This often leads to a less active lifestyle, which can cause other health

problems like weight gain and heart issues. The constant pain can also lead to feelings of sadness,

anxiety, and a lower quality of life. Social activities may become harder to participate in, causing

people with knee OA to feel isolated.

The economic impact of OA is equally significant. Individuals often face high medical costs,

including doctor visits, medications, physical therapy, and sometimes surgery. Knee replacements,

which are common for severe OA, can be very expensive. Moreover, people with knee OA might

have to take time off work or even retire early, leading to loss of income [26].

The economic burden of OA is substantial across several countries, with costs reflecting both

direct medical expenses and indirect costs such as lost productivity. In the United States, the

annual cost of knee and hip replacements rose significantly from $7.9 billion in 1997 to $22.6

billion by 2004, reflecting a dramatic increase in the number of hospital admissions related to OA

[27, 28]. Additionally, job-related OA costs in the U.S. are estimated to range between $3.4 billion

and $13.2 billion annually, with absenteeism due to OA contributing an additional $10.3 billion

in indirect costs [29, 30]. In Canada, a 2005 survey found that the indirect costs for individuals

over 55 with knee or hip arthritis could be as high as $12,990 annually, largely driven by lost

employment time and the need for unpaid caregivers [31]. In France, the COART study estimated

that the direct costs of OA in 2002 exceeded 1.6 billion Euros, accounting for 1.7% of the French

health system’s expenses. This included 570 million Euros in medication costs and 820 million

Euros for inpatient treatment, highlighting the significant financial impact of OA on national

healthcare systems [32].

The economic impact of OA in France was evaluated in a study [33], focusing on patient

costs associated with hip and knee OA. In 2010, 90,946 patients were hospitalized for hip OA

and 84,848 for knee OA, with a significant percentage undergoing joint replacement surgery.

The annual hospitalization costs amounted to =C9,797 per patient with hip OA and =C11,644 per

patient with knee OA, totaling =C1.955 billion. Additionally, the study followed 18,976 community

patients and found that annual costs per patient were =C715 for hip OA and =C764 for knee OA,

11



CHAPTER 2. KNEE OSTEOARTHRITIS

resulting in an estimated total cost of =C3.5 billion for 4.6 million OA patients, with =C2 billion

attributed to the healthcare system.

These statistics underscore the substantial economic strain that OA places on both individuals

and healthcare systems globally.

2.2.2 The Role of Imaging in the Diagnosis of Knee OA

Imaging is a pivotal component in the diagnosis and evaluation of knee OA, providing critical

insights into the structural changes within the joint. The primary imaging modalities utilized are

X-ray and MRI, each contributing distinct advantages and limitations to the diagnostic process.

X-ray imaging is the most widely employed technique for the initial diagnosis of knee OA.

It is valued for its broad availability, rapid acquisition time, and cost-effectiveness [34]. X-rays

are particularly effective in detecting osteoarthritic changes in the bone, such as joint space

narrowing, subchondral sclerosis, and osteophyte formation. These radiographic features are

traditionally used as diagnostic criteria for OA [14]. However, X-rays are inherently limited

in their ability to visualize soft tissue structures, including articular cartilage, menisci, and

ligaments. This limitation becomes particularly pertinent in early-stage OA or cases where the

disease primarily affects the cartilage, as these changes may not be apparent on X-ray images

despite the presence of clinical symptoms [35]. Consequently, the reliance on X-ray alone can

result in underdiagnosis or delayed diagnosis of OA, especially in its nascent stages [36].

MRI, on the other hand, offers a comprehensive assessment of the knee joint, encompassing

both osseous and soft tissue components [36]. This capability is particularly advantageous in

detecting early degenerative changes, such as cartilage thinning, bone marrow lesions, and

meniscal tears, which may not be evident on X-ray. Moreover, MRI is instrumental in cases where

clinical symptoms are discordant with X-ray findings, providing a more nuanced understanding

of the joint pathology [24]. Despite its diagnostic superiority in these contexts, MRI is not without

its limitations. It is less accessible than X-ray due to higher costs, longer scanning times, and

the requirement for specialized equipment and expertise. These factors can limit its routine use,

particularly in resource-constrained settings [37].

2.3 Knee MRI

MRI has emerged as an indispensable tool in the assessment of knee OA, offering superior

soft tissue contrast and the ability to visualize all joint structures comprehensively [23, 38, 39].

Unlike other imaging modalities, MRI allows for a detailed evaluation of cartilage morphology,

meniscal integrity, ligamentous structures, and bone marrow lesions. These capabilities make

MRI particularly valuable for the early detection of OA, monitoring disease progression, and

assessing the efficacy of therapeutic interventions.
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Advanced MRI techniques, such as T2 mapping, provide deeper insights into cartilage com-

position and the early biochemical changes that precede visible structural damage [4]. MRI

enables the quantification of cartilage water content and collagen fiber orientation, which are

critical markers of cartilage health [40]. Detecting these subtle changes early on can be pivotal in

preventing further joint degeneration and optimizing treatment strategies.

The non-invasive nature of MRI, combined with its superior soft tissue contrast and absence

of ionizing radiation, has solidified its role as the preferred imaging modality for a wide range of

knee injuries and conditions. MRI is particularly effective in assessing:

• Cartilage Damage: MRI can detect even subtle cartilage lesions, including fraying, thinning,

and full-thickness loss, which are hallmarks of OA progression. The high sensitivity of MRI

in detecting cartilage abnormalities allows for early intervention, potentially delaying the

onset of severe OA symptoms [41].

• Meniscus Tears: Tears in the menisci, the C-shaped shock-absorbing structures within the

knee joint, are readily visualized on MRI [24]. The specificity of MRI for detecting meniscal

tears is high, making it a reliable tool for diagnosing these common knee injuries, which

often coexist with OA.

• Bone Marrow Abnormalities: MRI is sensitive to changes in bone marrow composition,

such as edema (swelling) and bone marrow lesions, which can be indicative of OA or other

underlying conditions [4]. These lesions are often associated with pain and are important

markers of disease severity.

• Osteophytes (Bone Spurs): The presence and extent of osteophytes, bony projections that

commonly develop in OA, can be accurately assessed using MRI [42]. MRI’s ability to

visualize these bony changes alongside soft tissue structures provides a comprehensive

view of the joint environment in OA.

The strength of the MRI magnet, measured in Tesla (T), significantly impacts the quality

of the images produced. Clinical MRIs commonly operate at either 1.5T or 3T [43]. While both

strengths are capable of diagnosing knee OA, there are distinct advantages associated with each:

• 1.5T MRI: This is the standard field strength for most clinical MRI exams. It provides

sufficient image quality for diagnosing a wide range of knee pathologies, including OA. 1.5T

MRIs are more widely available, cost-effective, and less prone to certain artifacts, such as

susceptibility artifacts, which can affect image clarity.

• 3T MRI: The 3T MRI offers higher resolution images and greater signal-to-noise ratio

(SNR) compared to 1.5T MRI. This increased clarity allows for more detailed visualization

of small structures within the knee, such as fine cartilage defects and subtle meniscal tears
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2.4 Datasets

In the field of knee OA analysis, only a limited number of datasets have been publicly released

for research purposes. This scarcity of available data has significantly impacted the advancement

of research in this area, particularly in the development and validation of AI-driven models for

knee OA diagnosis and progression monitoring. The lack of diverse and comprehensive datasets

hinders the ability of researchers to train robust algorithms, limits the reproducibility of findings,

and slows the pace of innovation in clinical applications.

The limited availability of datasets has also led to challenges in the generalization of deep

learning models across different populations and clinical settings. Models trained on a single

dataset may not perform well when applied to new, unseen data from different sources, highlight-

ing the importance of having access to diverse datasets for training and validation purposes.

2.4.1 Osteoarthritis Initiative (OAI) database

This study utilizes knee MRI data from the Osteoarthritis Initiative (OAI), a landmark research

project established in 2002 to deepen our understanding of OA and improve strategies for its

prevention and treatment [46]. The OAI is a collaborative effort between the National Institutes

of Health (NIH) and various private funding entities, aimed at creating a comprehensive dataset

from a large cohort of individuals either at risk for developing OA or already diagnosed with

the condition. By conducting longitudinal observations of these participants, the OAI seeks to

uncover the factors influencing the onset, progression, and potential treatment of OA.

The OAI database is a valuable resource for researchers in both clinical and AI fields inter-

ested in knee OA and related injuries. The OAI is a multi-center, ten-year observational study

of men and women, sponsored by the NIH, which is part of the U.S. Department of Health and

Human Services. The primary goal of the OAI is to provide data that enhances the understanding

of knee OA, a leading cause of disability in adults.

This extensive dataset includes clinical data, patient-reported outcomes, biospecimen analy-

ses, quantitative imaging analyses, radiographs (X-rays), and magnetic resonance images (MRIs)

collected over the course of the study. The dataset covers 4,796 participants, with longitudinal

data spanning multiple time points—baseline, 12 months, 36 months, 48 months, 72 months, and

96 months. In total, the archive contains data from over 431,000 clinical and imaging visits and

nearly 26.6 million images. Over 400 research manuscripts have been published based on this

rich dataset [46].

Given the vast scope of the OAI database, this thesis focuses specifically on the baseline MRI

data, which includes scans from 4,796 patients. Each patient underwent imaging of both knees,

resulting in over 9,500 scans. These scans encompass multiple MRI sequences, including COR

T1 3D FLASH, SAG IW TSE, COR MPR, MP LOCATOR, SAG T2 MAP, AX MPR, and COR IW

TSE. Each patient’s data is organized into two main folders (left and right knee), with subfolders
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corresponding to the different MRI sequences, and X-rays are also included.

The study cohort of over 4,700 participants is demographically diverse, representing a wide

range of ages, backgrounds, and geographic locations. This diversity allows for an in-depth explo-

ration of the various risk factors and demographic correlates associated with OA. Participants

undergo regular clinical evaluations, imaging procedures, and biological specimen collections,

providing a rich and varied dataset for analysis.

The OAI’s comprehensive repository of clinical, radiographic, and biochemical data has

significantly advanced research in the field of OA. This extensive dataset enables researchers

to identify patterns, risk factors, and potential biomarkers associated with OA. Additionally, it

supports the evaluation of therapeutic interventions and has accelerated the development of new

imaging modalities, biomarkers, and clinical outcome measures. These contributions are crucial

for enhancing the diagnosis and monitoring of OA, ultimately leading to better management

strategies for this debilitating condition.

2.4.2 MRNet Dataset

The MRNet dataset [47] comprises 1,370 knee MRI exams conducted at Stanford University Med-

ical Center, designed to aid research in knee pathology with a particular focus on AI applications.

The dataset includes 1,104 abnormal exams (80.6%), with 319 (23.3%) containing ACL tears and

508 (37.1%) showing meniscal tears. These labels were manually extracted from clinical reports.

The MRI exams were performed using GE scanners (GE Discovery, GE Healthcare, Waukesha,

WI) equipped with standard knee MRI coils. The protocol included three key MRI sequences:

coronal T1-weighted, sagittal proton density (PD)-weighted, and axial PD-weighted with fat

saturation. Of the exams, 775 (56.6%) were conducted using a 3.0-Tesla magnetic field, while the

remainder were done at 1.5-Tesla, with the 3.0T offering better image resolution and signal-to-

noise ratio.

The dataset is split into a training set with 1,130 exams from 1,088 patients, a validation set

(referred to as the tuning set) with 120 exams from 111 patients, and a hidden test set (referred

to as the validation set) with 120 exams from 113 patients. Stratified random sampling was used

to ensure that each set contained at least 50 positive examples of abnormal exams, ACL tears,

and meniscal tears, with all exams from the same patient kept within the same split.

2.4.3 KneeMRI Dataset

The KneeMRI dataset [48] is a retrospectively collected dataset from MRI examinations conducted

at the Clinical Hospital Centre Rijeka, Croatia, spanning the years 2006 to 2014. The imaging

was performed using a Siemens Avanto 1.5T MR scanner, utilizing a proton density-weighted

fat suppression technique, which is commonly employed for detailed morphological assessments

of the knee. This dataset comprises 944 12-bit grayscale MRI volumes of either the left or right

knee, each labeled according to the condition of the anterior cruciate ligament (ACL): healthy,
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partially injured, or fully ruptured. The labeling was conducted in a double-blind fashion to

ensure objectivity and accuracy.

The MRI scans were acquired with an in-plane resolution of 0.56 mm and a slice thickness of 3

mm, with 3.6 mm spacing between slices. Initially, 969 volumes were collected, but after excluding

25 volumes due to data corruption or the presence of abnormal physiological characteristics—such

as knees post-ACL reconstruction or those with severe osteoarthritis—the final dataset consists

of 944 valid MRI volumes.

Given that the sagittal plane is most informative for assessing ACL conditions, the dataset

focuses exclusively on sagittal plane images, consistent with the clinical practices at the hospital.

The volumes vary in size, ranging from 290 × 300 × 21 to 320 × 320 × 60 voxels, with median

dimensions of 320 × 320 × 32 voxels. To reduce intra-class variation and ensure consistency

across the dataset, all MRI volumes of the right knee were mirrored to match the orientation of

the left knee volumes.

This dataset provides a robust resource for research focused on the analysis and classification

of ACL injuries using MRI, with the high-resolution, proton density-weighted images serving as

a strong foundation for both clinical studies and the development of AI-based diagnostic tools.

2.4.4 MOST (Multicenter Osteoarthritis Study) Dataset

The Multicenter Osteoarthritis (MOST) Study [49] is a comprehensive, multicenter epidemio-

logical study focused on identifying risk factors for knee OA and understanding the structural

changes in the knee through MRI assessments. MOST is an observational, longitudinal study

designed to follow a large cohort of participants, typically aged 50 to 79 years, over an extended

period. The study specifically targets individuals with symptomatic knee OA—defined by frequent

knee pain and X-ray evidence of OA at baseline—or those at high risk of developing OA due to

the presence of various risk factors.

Participants in MOST undergo thorough evaluations at regular intervals, including baseline

and follow-up visits, where data is collected on demographics, medical history, physical activity,

genetics, and detailed imaging studies of the knee joint. The study employs a multidisciplinary

approach, integrating imaging techniques, biomechanical assessments, clinical evaluations, and

patient-reported outcomes to build a comprehensive understanding of OA. This broad and long-

term data collection aims to answer critical questions about the progression of OA and to support

the development of more effective prevention and management strategies.

The imaging component of MOST is particularly robust, with MR images being captured at

multiple time points across the study:

• Baseline MR Images: 5,029 knees from 2,597 participants

• 15-month MR Images: 820 knees from 575 participants

• 30-month MR Images: 4,244 knees from 2,224 participants
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Table 2.1: Comparison of Different MRI Sequences on 2400 samples from the OAI database.

DESS IW TSE COR MPR
Resolution 0.36 mm × 0.36 mm 0.36 mm × 0.36 mm 0.36 mm × 0.36 mm
Slice Dimension 384 × 384 442 × 448 384 × 384
Slice Thickness 0.7 mm 3 mm 1.5 mm
Number of Slices 160 35-43 76
Sex (Female; Male) 1489; 910 1487; 909 1489; 910
Age (Mean ± SD) 61.88 ± 8.87 61.89 ± 8.86 61.88 ± 8.87

Group 1: DESS, IW TSE, COR MPR

AX MPR MP LOCATOR SAG T2 MAP
Resolution 0.36 mm × 0.36 mm 0.36 mm × 0.36 mm 0.36 mm × 0.36 mm
Slice Dimension 384 × 384 512 × 512 384 × 384
Slice Thickness 1.5 mm 5 mm 3 mm
Number of Slices 76 23 232
Sex (Female; Male) 1489; 910 1489; 910 1489; 910
Age (Mean ± SD) 61.88 ± 8.87 61.88 ± 8.87 61.88 ± 8.87

Group 2: AX MPR, MP LOCATOR, SAG T2 MAP

SAG IW TSE COR T1 3D FLASH
Resolution 0.36 mm × 0.36 mm 0.36 mm × 0.36 mm
Slice Dimension 444 × 448 512 × 512
Slice Thickness 3 mm 1.5 mm
Number of Slices 37-38 80
Sex (Female; Male) 1489; 910 1489; 910
Age (Mean ± SD) 61.88 ± 8.87 61.88 ± 8.87

Group 3: SAG IW TSE, COR T1 3D FLASH

database, the sagittal 3D DESS scans consist of 160 slices, representing the aquisition with

the highest number of slices. This extensive slicing enhances the ability to capture detailed

cross-sectional images of the knee, facilitating a more comprehensive analysis of knee

health and aiding in the early detection of degenerative changes and other pathologies.

• IW-TSE: The Intermediate-weighted Turbo Spin Echo (IW-TSE) sequences in MRI are

designed to provide a balanced contrast between various tissues, enhancing their utility

in evaluating diverse structures such as menisci, ligaments, and bone marrow. These

intermediate-weighted sequences are crucial in the standard MRI protocols for assessing

cartilage morphology and other structures relevant to OA [23]. Also, IW-TSE sequence is

considered as the optimal option to evaluate ligaments [4].
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changes over larger areas. The process can also be costly and time-consuming, especially when

considering the need for specialized readers who are trained in these methods [56].

2.6.1 Whole-Organ Magnetic Resonance Imaging score (WORMS)

The Whole-Organ Magnetic Resonance Imaging Score (WORMS) [57] is one of the most widely

used semi-quantitative scoring systems in knee OA research. WORMS was first introduced over

a decade ago and has since been applied extensively in numerous studies. This system divides

the knee into 15 distinct regions and evaluates 14 different features of the knee joint using MRI,

typically performed with a 1.5 T system.

The features assessed by WORMS include articular cartilage integrity, subarticular bone

marrow abnormalities, subarticular cysts, subarticular bone attrition, marginal osteophytes,

meniscal integrity (both medial and lateral), cruciate ligament integrity (anterior and posterior),

collateral ligament integrity (medial and lateral), synovitis/effusion, intraarticular loose bodies,

and periarticular cysts/bursitis. Each of these features is scored independently, and the scores

can be correlated with each other using statistical methods like Spearman Rho to understand the

relationships between different types of knee damage.

WORMS employs a subregional approach rather than focusing on individual lesions, partic-

ularly for structures like cartilage, bone marrow lesions, and subchondral cysts. This method

provides a single score per subregion, which encompasses multiple lesions within that area, po-

tentially simplifying the reading and analysis process. This approach is beneficial in longitudinal

studies where lesions might merge, split, or appear adjacent to one another, complicating the

assessment if a lesion-based approach were used.

Notably, WORMS is the only semi-quantitative scoring system that specifically evaluates

subchondral bone attrition—characterized by flattening or depression of the articular surface

that is not related to trauma. This unique aspect of WORMS highlights its comprehensive nature

in assessing knee joint health [56].

2.6.2 Boston Leeds Osteoarthritis Knee Score (BLOKS)

The Boston-Leeds Osteoarthritis Knee Score (BLOKS) [58] is a semi-quantitative scoring method

designed to evaluate nine intra-articular regions of the knee. BLOKS focuses on eight key

features: bone marrow lesions, cartilage, osteophytes, synovitis, effusions, and ligaments. To

refine the initial scoring items, a series of iterative reliability exercises were conducted, leading

to the final version of BLOKS. The reliability of this scoring system was thoroughly examined,

ensuring that it provides consistent assessments across different users.

In addition to establishing reliability, BLOKS was also evaluated for construct validity—its

ability to relate to knee pain—and longitudinal validity, which is its capacity to predict cartilage

loss over time. These assessments were conducted by comparing BLOKS to another widely used
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Figure 2.7: Comparison of anatomical subregion locations in WORMS and BLOKS: (a) WORMS
divides the tibia and femur into anterior, central, and posterior subregions, (b) BLOKS divides
the femoral condyle into trochlear and weight-bearing subregions, and (c) the medio-lateral
division of the femur as defined by WORMS, which was also applied in BLOKS scoring for this
study [3].

scoring system, the Whole-Organ Magnetic Resonance Imaging Score (WORMS), specifically

focusing on bone marrow lesion (BML) scores.

Recent studies have compared the validity and reliability of these two scoring systems [3],

offering insights into their respective strengths and weaknesses, particularly in relation to key

features like cartilage, meniscus, and BMLs. Each system has its own limitations; for example,

the WORMS meniscal scoring method combines several constructs into a single score, which

may complicate interpretation. On the other hand, the BLOKS scoring system for BMLs can be

cumbersome and complex, with some components appearing redundant (see Figure. 2.7).

Using the OAI database, WORMS and BLOKS were utilized to assess 115 patients, with

results published in May 2011.

2.6.3 MRI Osteoarthritis Knee Score (MOAKS)

The MRI Osteoarthritis Knee Score (MOAKS) [4] is an advanced scoring system derived from

earlier methods like BLOKS [58]. It refines the evaluation by offering detailed assessments of

bone marrow lesions (BMLs), cartilage damage, and meniscal changes, enhancing the granularity

of the scoring. This system also streamlines the process by eliminating some overlapping elements

from previous scoring methods, focusing on targeted, high-priority areas in the knee.

MOAKS was used to evaluate 600 patients from OAI cohort as part of the FNIH project, with

findings released in April 2015 1.

MRI scans of both knees were performed using a 3 Tesla Siemens Trio system, with a

specialized knee coil. To confirm the reliability of the MOAKS system, initial training on MRI

evaluation was conducted with two experienced radiologists who later independently analyzed

1https://fnih.org/our-programs/osteoarthritis-initiative/
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for knee OA.

Region Subregions

Patella (Axial View)
Medial Patella (including median patellar ridge),
Lateral Patella

Femur
Medial and Lateral Trochlea,
Medial and Lateral Central Femur,
Medial and Lateral Posterior Femur

Tibia
Anterior, Central, and Posterir Medial Articular Cartilage,
Anterior, Central, and Posterior Lateral Articular Cartilage

Subspinous Region Tibial Spines

Table 2.2: MOAKS Scoring System Subregions

2. Bone Marrow Lesions (BML): Cysts are well-defined fluid-filled regions located adjacent

to the subchondral bone plate, while Bone Marrow Lesions (BML) are ill-defined areas

within the trabecular bone that exhibit a low signal on T1-weighted MRI sequences and

a high signal on T2 fat-saturated (T2FS) MRI sequences, indicating the presence of bone

marrow edema or damage.

The MOAKS scoring system evaluates these bone marrow lesions and cysts by assessing

the percentage of the subregional volume that they occupy, as well as the proportion of

the lesion that is attributed to bone marrow versus cyst. The severity of these lesions is

classified into grades from 0 to 3, with Grade 0 indicating no lesion and Grade 3 indicating

that more than 66% of the subregional volume is affected.

Specifically, the percentage values refers to the proportion of the affected subregion within

the joint that is occupied by the lesion. This detailed scoring system, as presented in

Table 2.3 and Figure. 2.9, allows for a standardized and quantifiable assessment of joint

abnormalities in MRI, which is crucial for determining the extent of injury or degeneration.

This structured approach not only facilitates consistent reporting but also aids in the

evaluation and monitoring of the progression of joint diseases such as osteoarthritis.

Scoring Grade 0 Grade 1 Grade 2 Grade 3
Subregional Volume of BML (including cysts) None <33% 33-66% >66%
Percentage of Lesion that is BML vs Cyst None <33% 33-66% >66%

Table 2.3: MOAKS Scoring for Bone Marrow Lesions and Cysts

3. Articular cartilage: Articular cartilage is a primary tissue affected by knee OA, a degen-

erative condition that impacts various joint structures and significantly contributes to the

symptoms of the disease. In the MOAKS system, cartilage loss is meticulously assessed

across different regions of the knee, excluding the subspinous region, as depicted in Table

2.4. This assessment is crucial as cartilage loss is a central feature of OA, leading to joint

pain, stiffness, and reduced function.
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Figure 2.9: Grade 0 represents no bone marrow lesion (BML), Grade 1 indicates less than 33%
involvement of the subregional volume, Grade 2 corresponds to 33–66% of the subregional volume,
and Grade 3 involves more than 66% of the subregional volume. (A) Coronal T2-weighted image
demonstrating a small Grade 1 BML in the central subregion of the medial tibia. (B) A Grade
2 BML observed in the central subregion of the medial femur. (C) Grade 3 BMLs identified in
the central subregions of the medial femur (indicated by arrows) and the central medial tibia
(indicated by arrowheads). (D) Coronal image depicting a BML with both a non-cystic/ill-defined
component (arrowheads) and a cystic component (arrow) [4].

The MOAKS system evaluates cartilage loss in two distinct ways. First, it measures the size

of the cartilage loss as a percentage of the total surface area within each specific sub-region,

which helps in understanding the overall extent of cartilage degradation. Second, it assesses

the percentage of the sub-region that exhibits full-thickness cartilage loss, which indicates

the most severe form of damage where the cartilage is completely worn away, exposing the

underlying bone.

The grading system categorizes cartilage loss into four grades based on the extent of

cartilage affected within a specific subregion of the joint. Grade 0 indicates no cartilage loss,

meaning the cartilage is fully intact. Grade 1 represents less than 10% loss, indicating that

a small portion of the cartilage within the subregion is affected, but the majority remains

intact. Grade 2 reflects a more significant loss, with 10-75% of the subregional cartilage

being affected, showing a substantial area of cartilage degradation. Grade 3 indicates a
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Figure 2.10: Articular cartilage in sagittal knee MRI [5].

severe level of damage, with more than 75% of the cartilage in the subregion lost, often

resulting in exposure of the underlying bone.

This detailed evaluation allows clinicians to assess both partial and full-thickness cartilage

loss, which is crucial for understanding the severity of OA and how the disease progresses in

different regions of the joint. The percentage values provide a standardized way to quantify

the extent of cartilage damage, enabling the development of effective treatment strategies

aimed at preserving joint function and managing OA symptoms. Understanding the precise

degree of cartilage loss is essential for tailoring interventions to slow the progression of the

disease and maintain the quality of life for patients [4].

Scoring Grade 0 Grade 1 Grade 2 Grade 3
Cartilage Loss (% of Subregion) None <10% 10-75% >75%
Full-Thickness Loss (% of Subregion) None <10% 10-75% >75%

Table 2.4: MOAKS Scoring for Articular Cartilage Lesions

4. Osteophytes: Osteophytes are bony outgrowths that form at the edges of joints affected

by OA, resulting from a process known as endochondral ossification. These growths are

recognized in radiographic studies as key indicators of the disease [42]. In the MOAKS

system, osteophytes are carefully evaluated at each of the 12 specific locations within the

joint (see Table 2.5 and Figure. 2.11. Each osteophyte is graded based on its size, with the

27





2.6. MRI SCORING SYSTEMS

assessed in the axial view, with grades from 0 (physiological volume) to 3 (large, indicating

capsular distension). These scores are crucial for quantifying the extent of inflammation,

which is frequently observed in OA and has been linked to pain and other clinical outcomes,

though the literature on this correlation is somewhat conflicting.

Quantitative MRI markers of synovitis include the measurement of synovial tissue thick-

ness or volume and the rate of synovial enhancement following the intravenous injection

of contrast material. To accurately evaluate regions affected by Hoffa-synovitis, T2/IW- or

PD-weighted fat-saturated images in the mid-slices of the sagittal plane are suggested.

These imaging sequences are essential for detecting and grading synovitis and effusion,

thereby providing a comprehensive understanding of the inflammatory processes that

contribute to the symptoms and progression of OA [4].

Scoring Grade 0 Grade 1 Grade 2 Grade 3
Chronic Synovitis Normal Mild Moderate Severe
Effusion-Synovitis Physiological Small Medium Large

Table 2.6: MOAKS Scoring for Synovitis and Effusion-Synovitis

6. Meniscus: The meniscus is a vital structure in the knee, contributing to load-bearing,

shock absorption, joint stability, and lubrication. Changes in meniscal position, such as

subluxation or extrusion, and morphological alterations like tears or substance loss, are

strongly associated with an increased risk of cartilage damage [59]. In the MOAKS system,

meniscal position and morphology are systematically graded to assess these critical changes.

Meniscal extrusion, a key positional change, is graded based on the extent of the meniscus

extruding beyond the tibial margin. The grading ranges from less than 2 mm (Grade 0) to

more than 5 mm (Grade 3), and it is evaluated in four specific locations: medial meniscus

extrusion relative to the medial tibial margin (coronal), maximal anterior extrusion (sagit-

tal), lateral meniscus extrusion relative to the lateral tibial margin (coronal), and maximal

anterior extrusion (sagittal). Morphological features of the meniscus are also carefully

evaluated and scored as present (yes) or absent (no) in both the medial and lateral menisci,

focusing on the anterior and posterior horns (sagittal) and the body (coronal). Specific

features scored include various types of meniscal tears—such as vertical, horizontal, radial,

complex, and root tears—along with partial and complete maceration, meniscal cysts, and

hypertrophy, as illustrated in Figure. 2.12 and Table. 2.8.

In MOAKS, meniscus tears are specifically assessed across six distinct locations, divided

equally between the medial and lateral menisci. The anterior and posterior horn regions

are scored using sagittal MRI sequences, while the body region is assessed using coronal

sequences. This comprehensive approach ensures that all significant meniscal alterations
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abnormalities are identified and factored into the overall diagnosis and treatment plan for

knee OA or other conditions.

Structure Scoring

Anterior Cruciate Ligament Normal vs Complete Tear
Associated Bone Marrow Lesion/Cyst at Insertion/Origin
ACL Repair

Posterior Cruciate Ligament Normal vs Complete Tear
Associated Bone Marrow Lesion/Cyst at Insertion/Origin

Patellar Tendon Normal Signal vs Signal Abnormality

Table 2.9: MOAKS Scoring for Ligaments and Tendons
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2.6.3.2 Knee OA definition in MOAKS

Tibiofemoral knee OA definition in MRI was presented by researchers using MOAKS to facilitate

the analysis of this condition [16].

The definition mentions that the determination of knee OA is based on the presence of specific

features categorized into two groups, as outlined in Tables 2.10 and 2.11.

Table 2.10: MOAKS System Features for Diagnosing Knee OA

Criteria Group A Features Group B Features

Defining Fea-
tures

• Definite osteophyte formation
≥ 2

• Full-thickness cartilage loss ≥
3

• Subchondral bone marrow le-
sion or cyst ≥ 1

• Meniscal subluxation, macera-
tion, or degenerative tear ≥ 2

• Partial-thickness cartilage loss
(where full-thickness loss is not
present) ≥ 1

Table 2.11: Diagnosis Criteria for Tibiofemoral OA

Diagnosis Criteria for
Tibiofemoral OA

Condition

Criterion 1 Presence of both Group A features.

Criterion 2
Presence of one Group A feature and two or more Group B
features.

In this work, we opted for the definition of group A. We could identify 450 patients from the

OAI database that meet the definition criteria.

This objective and quantifiable definition of knee OA using the MOAKS system provides

a robust framework for training and evaluating deep learning models, enabling us to develop

algorithms capable of accurately identifying and classifying OA severity based on MRI findings.

2.7 Conlusion

In this chapter, we examined the pivotal role of imaging and semi-quantitative scoring systems in

the evaluation and management of knee OA and related knee injuries. Semi-quantitative scoring

systems provide a detailed assessment of the knee by dividing the joint into multiple regions and

assigning scores based on the severity of abnormalities. While these systems are powerful tools,

they come with certain limitations, such as the need for extensive training, potential issues with

sensitivity, and the costs associated with specialized interpretation.
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We discussed several key scoring systems, including the Whole-Organ Magnetic Resonance

Imaging Score (WORMS), the Boston-Leeds Osteoarthritis Knee Score (BLOKS), and the Mag-

netic Resonance Imaging Osteoarthritis Knee Score (MOAKS). WORMS offers a subregional

approach that is particularly useful for evaluating cartilage, bone marrow lesions, and subchon-

dral cysts. BLOKS, in contrast, focuses on nine intra-articular regions and assesses features such

as bone marrow lesions, cartilage integrity, and ligament conditions.

Additionally, we explored MOAKS, another important scoring system that has been widely

used in knee OA research. MOAKS provides a comprehensive framework for scoring various knee

injuries, including cartilage damage, bone marrow lesions, and meniscal tears. By incorporating

MOAKS into our discussion, we highlighted how different knee injuries are assessed and scored,

further emphasizing the importance of these systems in understanding the progression of OA

and related conditions.
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BACKGROUND AND LITERATURE REVIEW

T
his chapter presents an overview of deep learning techniques used in medical imaging

analysis, including image classification, segmentation, and object detection. We briefly

introduce some key concepts essential for understanding the contributions presented

in the manuscript. Additionally, this chapter reviews relevant research related to the thesis

contributions.

3.1 Deep learning in medical imaging

Medical imaging analysis, crucial for diagnosis and treatment planning, often requires expert

interpretation of complex image data [61]. Computer vision techniques, particularly deep learning

models, offer powerful tools for automating this process [62]. More specifically, Convolutional

neural networks (CNNs) have shown remarkable success in extracting relevant features from

various types of medical images across multiple tasks like segmentation, classification, and

anomaly detection [7].

However, multiple challenges face researchers when applying deep learning to this field [63].

Medical image datasets are often characterized by high variability, stemming from differences

in acquisition protocols, scanners used, and patient demographics [64]. This variability, coupled

with the inherent imbalance often seen in medical conditions (some being far rarer than others)

[65], presents challenges for training robust and generalizable models [8]. Furthermore, deep

learning algorithms typically require larger annotated datasets for optimal performance [66].

In the medical domain, where expert annotation is essential, generating such datasets can be

prohibitively expensive and time-consuming [67].

Beyond these challenges, extracting clinically relevant features from medical images presents

its own unique difficulties [68, 69]. Unlike natural images, subtle variations in texture, shape, or
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intensity can hold significant diagnostic weight. This specificity necessitates architectures and

training strategies specifically tailored to the complexities inherent in medical image data [70].

In this thesis, we target multiple challenges faced by researchers in training deep learning

models effectively across various medical imaging analysis tasks.

3.1.1 Fundamentals of Deep Learning

Deep learning, a subfield of machine learning, has revolutionized various fields, including medical

image analysis, by enabling computers to learn intricate patterns and representations directly

from data [71]. This learning process is driven by artificial neural networks (ANNs), computa-

tional models inspired by the biological nervous system, which consist of interconnected neurons

organized in layers.

It is worth noting that the following concepts have been widely applied for deep learning

research, though we decided in this manuscript to briefly mention some of the key concepts and

refer the reader to cited references for a deeper understanding of these concepts.

3.1.1.1 Neural Networks and Architectures

A fundamental concept in deep learning is the artificial neuron, a mathematical function that

mimics the behavior of biological neurons. Each neuron receives input signals, applies weights

to these signals, sums them up, and then passes the result through an activation function to

produce an output [71]. The activation function introduces non-linearity, allowing the network to

learn complex relationships within the data. Common activation functions include:

• Sigmoid: Squashes the output to a range between 0 and 1, often used for binary classifica-

tion.

• ReLU (Rectified Linear Unit): Outputs the input directly if positive, otherwise outputs 0,

known for its computational efficiency and effectiveness in many applications.

• Softmax: Normalizes the output to a probability distribution over multiple classes, com-

monly used for multi-class classification.

Neural networks are organized in layers, with each layer performing a specific transformation

on the input data. Different network architectures are designed for various tasks and data types.

Common architectures include:

• Feedforward Neural Networks: These networks process data in one direction, from input to

output, without any feedback loops. They are often used for simple tasks, such as linear

regression and classification.

• CNNs: CNNs are particularly well-suited for image analysis due to their ability to learn

spatial hierarchies of features [72]. They utilize convolutional layers, which apply learned
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filters to the input image to extract relevant features. These filters act as feature detectors,

capturing local patterns such as edges, textures, and shapes. By stacking multiple convo-

lutional layers, CNNs can learn hierarchical representations, progressing from low-level

features to more abstract and complex patterns. CNNs also typically incorporate pooling

layers, which downsample feature maps to reduce dimensionality and make the network

more robust to variations in the input. Common pooling operations include max pooling

and average pooling.

• Recurrent Neural Networks (RNNs): RNNs are designed for sequential data, such as time

series and natural language. They have feedback loops, allowing them to retain information

from previous inputs and capture temporal dependencies [73].

In this thesis, we primarily focus on CNNs due to their demonstrated effectiveness in medical

image analysis, particularly for tasks involving knee MRI data [20, 47, 74–76].

3.1.1.2 Training Deep Learning Models

Training a deep learning model involves optimizing its parameters to minimize the difference

between its predictions and the actual values (ground truth) on a given task. This optimization

process relies on several key components:

• Dataset: A large, well-annotated dataset is crucial for training a deep learning model. The

dataset provides examples for the model to learn from and allows it to generalize to unseen

data.

• Loss Function: The loss function quantifies the difference between the model’s predictions

and the ground truth. Common loss functions for classification tasks include cross-entropy

loss and mean squared error. The choice of loss function depends on the specific task and

the nature of the data.

• Optimizer: The optimizer is an algorithm that adjusts the model’s parameters (weights

and biases) to minimize the loss function. Common optimizers include stochastic gradient

descent (SGD), Adam, and RMSprop. The optimizer determines how the model learns from

the data and how it updates its parameters.

• Backpropagation: Backpropagation is the algorithm used to calculate the gradients of the

loss function with respect to the model’s parameters. These gradients are then used by

the optimizer to update the parameters. Backpropagation allows the network to learn by

adjusting its weights based on the errors it makes during training [73].

• Hyperparameters: Hyperparameters are settings that control the training process, such as

the learning rate, batch size, and number of epochs. Tuning hyperparameters is crucial for

optimal model performance.
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captures complex spatial relationships that are not fully exploitable by traditional 2D image

processing methods. The continuity and the spatial context provided across the slices are crucial

for understanding the structural and functional characteristics of tissues, making 3D analysis

indispensable.

3D CNNs extend the capabilities of their 2D counterparts by incorporating an additional

dimension into their convolutional filters, allowing for simultaneous processing along the x, y,

and z axes. This adaptation is crucial for handling the three-dimensional data from MRI scans.

The convolution operation in 3D CNNs can be formulated as follows:

V ′
xyz =

∑

i, j,k
(K i jk ·Vx+i,y+ j,z+k)

where the variables are defined as follows:

• V represents the input volume, which in the context of MRI, is the 3D matrix of the scanned

images.

• K denotes the 3D convolutional kernel, a smaller cube-like matrix used to filter and process

the input volume.

• V ′ is the output volume or feature map, which results from applying the convolution

operation.

• x, y, z are the spatial coordinates in the input volume, indicating the position of a voxel (3D

pixel) in the volume.

• i, j,k traverse the dimensions of the kernel K , allowing the kernel to be applied over the

entire volume.

It’s important to note that the term "CNN model" encompasses more than just convolutional

layers. It refers to a sophisticated architecture often comprising pooling layers (which, in the case

of 3D CNNs, are also implemented in 3D), batch normalization, activation functions, dropout

layers, and more. These components work in concert with convolutional layers to facilitate

efficient and effective feature extraction. When adapting these models for 3D medical images like

MRIs, these additional layers must also be adjusted and implemented in 3D to accommodate the

volumetric nature of the input data.

Developing custom models tailored to the specific demands of MRI processing often proves

beneficial. This process, however, is not without its complexities. It involves a careful selection of

architectural elements, such as the number and type of convolutional layers, pooling strategies,

and regularization techniques. Rigorous experimentation and validation are crucial, requiring

researchers to carefully tune hyperparameters and evaluate performance metrics on relevant

datasets. Despite these challenges, the potential to design models specifically attuned to the

40



3.1. DEEP LEARNING IN MEDICAL IMAGING

nuances of medical image data makes this a compelling avenue for exploration, often leading to

improved accuracy and efficiency in clinical applications.

It should be noted also that most studies in the literature review in OA detection are based

on CNNs [9].

3.1.3.2 Handling 3D Data

Analyzing 3D medical images, such as MRI scans, presents unique challenges due to the high

dimensionality and complexity of the data. Traditional 2D CNNs, while effective for image

analysis, may not fully capture the spatial relationships and contextual information present in

3D volumes.

Several approaches can be employed to handle 3D data effectively:

• 3D CNNs: As discussed earlier, 3D CNNs directly process volumetric data using 3D convo-

lutional filters, enabling the extraction of features that capture spatial correlations across

all three dimensions.

• Slice-based Analysis: This approach involves extracting 2D slices from the 3D volume

and processing them individually using 2D CNNs. The results from each slice can then

be aggregated to obtain a 3D representation. This method can be computationally less

demanding than 3D CNNs but may not fully capture the inter-slice dependencies.

• Hybrid Approaches: Combining 2D and 3D CNNs can leverage the strengths of both

approaches. For example, a model might use 2D CNNs to extract features from individ-

ual slices and then use a 3D CNN to aggregate these features and capture inter-slice

relationships.

Choosing the appropriate approach depends on the specific task, the available computational

resources, and the characteristics of the data.

3.1.3.3 ImageNet Models

Pretrained models on ImageNet [17], have proven invaluable for numerous computer vision tasks

[90, 91]. These models, often comprising deep convolutional architectures, learn rich feature

representations that can be beneficial even for domains distinct from natural images, such as

medical imaging.

However, directly fine-tuning a 2D ImageNet model on 3D medical data like MRI is often

suboptimal [92]. The inherent structural differences between 2D and 3D data, coupled with the

domain shift between natural images and medical scans, limit the effectiveness of this approach.

A more promising strategy involves adapting the architectural principles behind successful

ImageNet models to the 3D medical imaging domain. Instead of direct fine-tuning, we can leverage
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the proven architectural designs of models like ResNet [93], InceptionV3 [94], and others, and

train them from scratch on 3D MRI scans. This allows us to capitalize on the strengths of these

architectures while ensuring compatibility with the volumetric nature of our data.

Below, we briefly outline the ImageNet-inspired models employed in our experiments, high-

lighting their key characteristics and how we adapted them for 3D medical image analysis:

• VGG-16: Developed by Karen Simonyan and Andrew Zisserman [95] in 2014, VGG16

is a cornerstone in the evolution of deep learning for visual understanding. Its defining

characteristic is its deep architecture, comprising 16 convolutional layers. This depth, a

significant departure from shallower networks of the time, enabled VGG16 to learn a

richer hierarchy of features, leading to improved accuracy in image classification tasks.

VGG16 secured second place in the ImageNet competition, achieving a 7.3% error rate. The

model’s success stems from its consistent use of small 3x3 convolutional filters, promoting

parameter efficiency and enabling deeper architectures.

For processing 3D medical images, we adapt VGG16 by substituting its 2D convolutional

layers with their 3D counterparts. This modification allows the network to effectively

analyze volumetric data, capturing spatial information across all three dimensions. The

resulting 3D VGG16 retains the original model’s strong feature extraction capabilities while

accommodating the depth dimension essential for medical image analysis. This adaptation

has been successfully applied to tasks such as MRI brain tumor segmentation and lung

nodule detection.

• ResNet: Introduced by Kaiming He et al. [93] in 2015, ResNet revolutionized deep learning

by addressing the vanishing gradient problem that hindered the training of very deep

networks. This breakthrough was achieved through the introduction of residual connections,

also known as skip connections. These connections allow gradients to flow more easily

through the network during backpropagation, enabling the training of networks with

hundreds or even thousands of layers. ResNet achieved a remarkable 3.57% error rate on

the ImageNet competition, setting a new benchmark for image classification accuracy. The

key innovation of residual blocks allows the network to learn residual functions, making it

easier to optimize and learn complex mappings.

The adaptation of ResNet for 3D medical imaging involves replacing the 2D convolutions

with 3D convolutions. This modification enables ResNet to process volumetric MRI data

while preserving the benefits of residual connections. The 3D ResNet effectively captures

spatial relationships within the data, critical for accurate medical imaging diagnostics,

including tasks such as organ segmentation and disease classification.

• InceptionV3: Developed by Szegedy et al. [94], InceptionV3 marked a significant advance-

ment in convolutional neural network architecture. Its distinctive feature is the use of
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inception modules. These modules allow the network to concurrently process information

at multiple scales, capturing both fine-grained details and larger contextual information.

This multi-scale analysis significantly improved upon previous models, achieving a top-5

error rate of 5.6% on ImageNet. Inception modules are computationally efficient due to

their parallel structure and the use of 1x1 convolutions for dimensionality reduction.

The 3D adaptation of InceptionV3 incorporates 3D convolutions within its inception mod-

ules. This enables the network to effectively process volumetric data, such as MRI scans,

extracting nuanced features from the complex spatial relationships inherent in medical

images. This adaptation is particularly beneficial for tasks requiring detailed and layered

medical analysis, such as tissue classification and anomaly detection.

• DenseNet: Introduced by Huang et al. [96] in 2017, DenseNet presents a novel architecture

characterized by dense connectivity. In DenseNet, each layer is directly connected to every

subsequent layer in a feed-forward fashion. This dense connectivity pattern promotes

feature reuse and strengthens feature propagation throughout the network. This design

proved highly effective, achieving a 4.51% error rate on ImageNet. The dense connections

also mitigate the vanishing gradient problem, allowing for deeper networks.

Adapting DenseNet for 3D MRI data involves implementing 3D convolutions while main-

taining the network’s characteristic dense connectivity. This adaptation enhances feature

propagation and minimizes information loss across the network, which is crucial for precise

segmentation and analysis of medical images. The 3D DenseNet’s ability to learn com-

plex relationships within volumetric data makes it well-suited for tasks like brain tumor

segmentation and organ boundary delineation.

• EfficientNet: Proposed by Mingxing Tan and Quoc V. Le [97] in 2019, EfficientNet repre-

sents a paradigm shift in model scaling. It achieves state-of-the-art accuracy on ImageNet,

with a top-1 error rate of 15.5% and a top-5 error rate of 2.3%, while utilizing significantly

fewer parameters and computational resources compared to its predecessors. EfficientNet’s

efficiency stems from its compound scaling method, which uniformly scales the network’s

depth, width, and resolution using a set of carefully determined scaling coefficients. This

balanced scaling approach ensures optimal resource utilization and maximizes accuracy.

Our 3D adaptation of EfficientNet extends these principles to the realm of volumetric data.

By employing 3D convolutions and adhering to the compound scaling methodology, the

3D EfficientNet efficiently manages the spatial complexity inherent in MRI data. This

adaptation ensures both computational efficiency and diagnostic efficacy, making it a

promising architecture for resource-constrained medical imaging applications.

In the subsequent chapters, we will delve into various custom CNN models that we have

specifically developed and trained from the ground up. These models have been tailored for a range
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of tasks and have undergone extensive experimentation. The discussion will provide detailed

insights into the architectural decisions, development processes, and training methodologies.

Additionally, we will assess the performance of these models across diverse datasets and scenarios.

3.1.4 Data Preparation and Region of Interest (ROI) Detection

3.1.4.1 Data preparation

Image processing plays a crucial role in the fields of knee MRI classification and segmentation,

enhancing the performance and accuracy of diagnostic models. In our experiments, to increase

the models’ ability for better feature extraction, we performed the following preprocessing steps:

• Slice Normalization: A standard practice in image processing and deep learning is to

scale the range of pixel intensity values of the input images. This normalization ensures

that the backpropagation algorithm, used to train the models, is more stable and converges

faster. This process involves changing the range of pixel intensity values. In this study,

we considered two intensity normalization techniques and evaluated the impact of each

of them. The first technique, Max-min normalization (see (3.1)), consists of scaling the

intensities of MRI slices in the range [0-1]. The second technique, referred to as whitening,

consists of centering slice intensities and reducing their variance to the unit.

(3.1) Inorm =
I −min_intensity

max_intensity−min_intensity

where the value of I represents the original intensity value of a pixel in the slice.

• Reduction of Dimensionality: MRI data typically consist of high-resolution 3D volumes

that can be computationally intensive to process. Image processing techniques such as

cropping and slicing are used to reduce the dimensionality and focus on relevant sections of

the scans, thereby decreasing the computational load and speeding up the analysis without

sacrificing important anatomical details.

In medical image analysis, focusing computational resources on the most informative regions

can significantly enhance both efficiency and accuracy. This is where ROI detection becomes

crucial. By localizing the knee joint within the MRI scan, our models focus on feature extraction

from the most pertinent areas.

3.1.4.2 ROI Detection

Particularly for knee MRI analysis, the joint region harbors the key anatomical structures impli-

cated in conditions like knee OA, meniscus tears, and cartilage defects. ROI detection, therefore,

allows us to narrow our focus, minimizing the influence of extraneous image data and allowing

the model to learn more discriminative features related to the knee joint’s pathology. This tar-

geted approach leads to a more efficient use of computational resources and often translates to

44





CHAPTER 3. BACKGROUND AND LITERATURE REVIEW

range. This workflow leveraged the predefined regions, ensuring consistency in ROI extraction

across all scans for the specific acquisition protocol.

An advantage of this approach is that it’s lightweight and doesn’t require any model tuning

or training to detect and crop the ROI. However, it is important to note that not all MRI scans

have the same range of irrelevant slices at the beginning and end of the imaging protocol, thus

leading to the removal of relevant slices or missing out noisy slices for certain scans.

Automatic ROI detection Our second approach leveraged the power of object detection for

automated ROI extraction. We began by constructing a dataset of 500 MRI slices, encompassing

all three standard views (sagittal, axial, and coronal). Each slice was meticulously annotated

with ROI using the LabelImg software1. These annotations delineated the precise boundaries of

the knee joint region within each slice.

To automatically identify and extract these ROIs, we turned to YOLOv8 2, a SOTA real-time

object detection model celebrated for its speed and accuracy (the model was the latest at the

time of conducting the experiments). YOLOv8’s architecture is designed for efficient and effective

object detection. Its backbone network, built on a series of convolutional layers with cross-stage

partial connections, extracts rich feature representations from input images. These features are

then passed through a neck section, which aggregates information from different scales, further

enhancing detection accuracy. Finally, the head of the network makes predictions, outputting

bounding boxes that localize objects within the image, along with objectness scores and class

probabilities.

While pretrained YOLOv8 models offer a strong starting point, training a custom version

tailored to our specific task proved essential [99]. The visual characteristics of MRI slices, with

their grayscale nature and subtle anatomical features, differ significantly from the natural images

typically used to train generic object detection models. By training YOLOv8 on our annotated

dataset of knee MRI slices, we enabled it to learn the specific visual cues and patterns relevant

for accurately identifying knee joint ROIs within this unique imaging modality (see Fig. 3.5).

Model performance was rigorously evaluated using the mean Average Precision (mAP) (dis-

cussed later in chapter 04), a standard metric for object detection tasks. A higher mAP score

indicates superior accuracy in ROI detection.

Once satisfied with the performance of our custom YOLOv8 model, we integrated it into our

3D MRI processing pipeline. For each 3D MRI volume, the model individually analyzes each

slice, predicting the location of the knee joint ROI. These individual ROI predictions are then

aggregated to generate a comprehensive 3D cropped volume, effectively isolating the knee joint

region for further analysis by our models.

1https://github.com/HumanSignal/labelImg
2No official paper has been announced for YOLOv8: https://blog.roboflow.com/whats-new-in-yolov8/

46





CHAPTER 3. BACKGROUND AND LITERATURE REVIEW

• False Positive Rate (FPR): It measures the proportion of actual negatives that are

incorrectly classified as positives by the model. It is calculated as:

FPR=
FP

FP +TN

where FP are the false positives and TN are the true negatives.

These metrics are plotted against each other to form the ROC curve, from which the AUC

is derived.

2. Accuracy (ACC): Accuracy calculates the proportion of correct predictions (both true

positives and true negatives) out of the total number of cases examined.

ACC =
TP +TN

TP +TN +FP +FN

• True Positives (TP): Correct predictions of the positive class (e.g., diseased)

• True Negatives (TN): Correct predictions of the negative class (e.g., healthy)

• False Positives (FP): Incorrect predictions as positive (e.g., healthy cases wrongly

identified as diseased)

• False Negatives (FN): Incorrect predictions as negative (e.g., diseased cases wrongly

identified as healthy)

3. F1 Score: The F1 score is the harmonic mean of precision and recall, providing a balanced

single score.

F1= 2 ·
precision ·recall
precision+recall

where:

precision=
TP

TP +FP

recall=
TP

TP +FN

• Precision: Measures the accuracy of positive predictions.

• Recall: Measures the ability to identify all relevant instances (true positives).

• High precision indicates a low rate of false positives, while high recall indicates

capturing a large proportion of positives.

3.1.5.2 Segmentation Metrics

For segmentation tasks, such as tumor delineation or organ segmentation, the following metrics

are used:
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1. Dice Coefficient: This measures the overlap between the predicted segmentation and the

ground truth.

Dice =
2|X ∩Y |
|X |+ |Y |

2. Binary Cross-Entropy (BCE) Loss: Commonly used as a loss function for training models

in binary segmentation tasks.

Lseg =−
1
N

N
∑

i=1
[yi log( ŷi)+ (1− yi) log(1− ŷi)]

3.1.5.3 Object Detection Metrics

For tasks like identifying and localizing lesions, the following metrics are crucial:

1. Intersection over Union (IoU): Measures the overlap between the predicted bounding

box and the ground truth bounding box.

IoU =
area(Bp ∩Bgt)

area(Bp ∪Bgt)

• Bp: The predicted bounding box, which is the region identified by the model as

containing the object.

• Bgt: The ground truth bounding box, which is the actual region where the object is

located, according to dataset annotations.

• Area(Bp∩Bgt): The intersection area, where both Bp and Bgt overlap. This represents

the correctly identified and localized part of the object by the model.

• Area(Bp ∪Bgt): The union area covered by both Bp and Bgt, which includes all the

space covered by either bounding box.

The IoU is calculated using the following formula:

IoU=
Area(Bp ∩Bgt)

Area(Bp ∪Bgt)

This metric provides a score ranging from 0 to 1, where higher values indicate better

localization accuracy of the model.

2. Mean Average Precision (mAP): The mean of the Average Precision (AP) calculated for

each class.

3.2 Related Works

This section provides a thorough review of the existing literature on the application of deep

learning in the diagnosis and assessment of knee OA, with a particular emphasis on the use of

MRI. The review is organized into key thematic areas to facilitate a comprehensive understanding

of the field.
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3.2.1 Deep Learning for Knee OA Assessment using MRI

MRI has emerged as a valuable tool for assessing knee OA, offering superior visualization of soft

tissues such as cartilage, menisci, and ligaments, which are crucial for early OA detection and

monitoring. Several studies have focused on utilizing deep learning techniques to enhance the

diagnostic capabilities of MRI in knee OA.

Guida et al. [76] conducted a pioneering study using CNNs to detect knee OA from DESS

MRI scans obtained from the OAI database. Their results demonstrated that MRI outperforms

traditional X-rays in detecting OA, particularly in its early stages. This study underscored the

potential of deep learning in improving the accuracy of OA diagnosis by leveraging the rich

information available in MRI scans.

Similarly, Pedoiat et al. [75] explored the application of deep learning for T2 relaxometry in

knee OA detection. By analyzing 4,384 MRI scans, they compared traditional relaxometry meth-

ods with deep learning-based approaches. Their findings indicated that deep learning techniques

show considerable promise in automatically quantifying cartilage changes associated with OA,

providing a more objective and efficient assessment method than conventional techniques.

Building on these advancements, Namiri et al. [100] developed a CNN-based model designed

to classify various knee phenotypes, including bone structure, meniscus/cartilage condition,

inflammation, and hypertrophy. Their study, which involved MRI data from 4,791 participants in

the OAI database, achieved high Area Under the Curve (AUC) values across all phenotypes. This

work highlighted the potential of deep learning to distinguish between different pathological

features of knee OA, thus aiding in more precise diagnosis and personalized treatment planning.

Furthering the field of OA assessment, Panfilov et al. [101] proposed an innovative architec-

ture that combines 2D CNNs with Transformers for evaluating OA progression using 3D MRI.

Their study, which included a large dataset of 4,866 subjects, demonstrated that this hybrid

approach outperforms conventional 2D and 3D CNN models in predicting OA progression. This

work is particularly notable for its use of 3D MRI data, which captures more detailed anatom-

ical information than 2D imaging, thereby offering a more comprehensive assessment of OA

progression.

Another significant contribution to OA progression assessment is the study by Anonymous et

al. [102], which utilized a U-Net model for segmenting bone and cartilage tissues from 593 DESS

and IW-TSE MRI sequences. The study integrated three different classifiers—ResNet, DenseNet,

and CVAE—with clinical data using a Logistic Regression Classifier to detect early knee OA

progression. This multi-classifier approach, combined with advanced segmentation techniques,

represents a step forward in the accurate and early identification of OA progression.

In addition to early detection and progression assessment, deep learning has also been applied

to predict the severity of OA and the need for Total Knee Replacement (TKR). Tolpadi et al. [103]

employed a 3D DenseNet architecture to predict both the severity of knee OA and the likelihood

of requiring TKR using MRI images. Their results suggested that 3D MRI data provides more
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valuable information for TKR prediction compared to traditional 2D radiographs, emphasizing

the importance of 3D imaging in clinical decision-making.

Moreover, Hu et al. [104] investigated the use of deep learning models combined with various

MRI sequences, such as 3D-DS-WE and T2 mapping, to evaluate knee cartilage injury. They

proposed a multiscale wide residual network model that demonstrated high diagnostic accuracy

in visualizing and diagnosing cartilage lesions in patients with knee OA. This study highlights

the potential of advanced deep learning architectures in enhancing the diagnostic capabilities of

MRI for cartilage injury assessment, a critical aspect of OA management.

3.2.2 Deep Learning for Knee Injury Detection using MRI

While the primary focus of this dissertation is knee OA, it is essential to consider the broader

application of deep learning in knee injury detection using MRI. The detection and analysis

of knee injuries, such as meniscus tears and ACL injuries, are critical for comprehensive knee

health assessment and management.

Bien et al. [47] introduced MRNet, a deep learning framework designed to detect meniscus

tears, ACL injuries, and other knee abnormalities using multi-view MRI data. The framework pro-

cesses slices from different views—sagittal, axial, and coronal—and aggregates the information

using max-pooling. This multi-view approach enhances the model’s ability to detect abnormalities

across different planes, offering a more robust diagnostic tool for knee injuries.

Expanding on the MRNet framework, Azcona [105] proposed a modified architecture incor-

porating ResNet as a feature encoder. The study explored four different model variations and

transfer learning strategies to improve knee injury detection. The modifications led to significant

improvements in detection accuracy, particularly in challenging cases where injuries are subtle

or distributed across multiple imaging planes.

Additionally, Fritz et al. [106] focused specifically on meniscus tear detection, employing

a deep 3D CNN trained on MRI data. Their model achieved promising results for detecting

both medial and lateral meniscus tears, demonstrating the effectiveness of deep learning in

identifying specific types of knee injuries. This work is particularly relevant for clinicians aiming

to accurately diagnose and treat meniscal injuries, which are common in both OA and traumatic

knee conditions.

Du et al. [107] explored the predictive potential of hidden biomedical information from knee

MR images for OA progression. The study computed a Cartilage Damage Index (CDI) from 36

locations on the tibiofemoral cartilage and used Principal Component Analysis (PCA) for feature

reduction. Four machine learning classifiers (ANN, SVM, Random Forest, and Naïve Bayes) were

used to predict OA progression measured by KL grade, Joint Space Narrowing Medial (JSM), and

Lateral (JSL) grades. The medial feature set outperformed the lateral, with the combined 36-D

set yielding the best results. ANN achieved the highest AUC (0.761) for KL grade prediction,
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Random Forest excelled in JSM prediction (AUC = 0.785), and ANN performed best for JSL

prediction (AUC = 0.695).

A study by Yeoh et al. [108] explored the effectiveness of 3D convolutional neural networks

across 13 architectures for knee OA diagnosis, using transfer learning from 2D pre-trained

weights. The study found that transfer learning notably enhanced model performance, particu-

larly for ResNet and DenseNet architectures. ResNet34 achieved the highest accuracy (0.875)

and F1 score (0.871), while shallower networks like ResNet18, DenseNet121, and VGG11 showed

superior AUC values of 0.945, 0.914, and 0.928, respectively. The study utilized 400 3D DESS

MRI scans with KL grades as the scoring system.

Another study by Schiratti [109] utilized 9,280 knee MR images from the OAI database

to develop a deep learning model that predicts cartilage degradation, measured by joint space

narrowing (JSN) at 12 months, using MR images and clinical variables such as BMI. The model

achieved a ROC AUC of 0.65, outperforming trained radiologists who scored 0.587. Additionally,

the model predicted pain grade with a ROC AUC of 0.72, with attention maps highlighting

distinct areas relevant for JSN progression and pain prediction.

Liu et al. [110] developed a fully automated deep learning system for cartilage lesion detection

using segmentation and classification CNNs. The study analyzed fat-suppressed T2-weighted

fast spin-echo MRI data from 175 patients, with a musculoskeletal radiologist’s interpretations

serving as the reference standard for training. The system evaluated 17,395 image patches from

the femur and tibia, achieving sensitivities of 0.841 and 0.805 and specificities of 0.852 and 0.879

in two evaluations. The areas under the ROC curve were 0.917 and 0.914, respectively, indicating

high diagnostic accuracy, with a value of 0.76 demonstrating good intraobserver agreement.

3.2.3 Deep Learning for Knee OA Assessment using X-ray

X-ray imaging remains one of the most commonly used modalities for knee OA assessment due to

its accessibility and cost-effectiveness. However, X-rays primarily visualize bone structure and

provide limited information about soft tissues, leading to potential limitations in OA diagnosis

and monitoring.

Tiulpin et al. [111] leveraged data from the OAI database to train a CNN for predicting

knee OA progression using both plain radiographs and clinical data. This multimodal approach

demonstrated the potential of integrating clinical and imaging data to improve the accuracy of

OA progression predictions.

Schwartz et al. [112] further explored the application of CNNs for analyzing knee plain

radiographs, assessing the model’s ability to identify critical features and grade the severity

of knee OA. Their study highlighted the potential of deep learning to automate the grading

process, reducing the reliance on manual assessments and potentially improving consistency in

OA diagnosis.
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Guan et al. [113] conducted a comparative study on the efficacy of two CNN architectures,

VGG16 and DenseNet, trained on knee radiographs, against a support vector machine (SVM)

model utilizing non-image data. Their findings suggested that deep learning models outperformed

traditional machine learning approaches, particularly in cases where imaging data was the

primary source of information.

Building on this work, Tiulpin et al. [114] utilized a CNN pre-trained on ImageNet to perform

multiclass classification for predicting OA progression from knee radiographs. Their results were

compared with a logistic regression model, demonstrating the advantages of using deep learning

for more complex classification tasks.

Further contributions by Guan et al. [115] included the development of a model to predict OA

based on the progression of medial joint space loss in knee radiographs. Their approach combined

two deep learning architectures inspired by the YOLO model and DenseNet, which enabled more

accurate tracking of joint space changes, a critical marker for OA progression.

In addition to progression prediction, the classification and grading of OA severity have been

major focuses of research. Zhe et al. [116] proposed a novel approach using Vision Transformer

(ViT) models, enhanced with Selective Shuffled Position Embedding (SSPE) and key-patch

exchange techniques, for knee OA classification. This study represents a significant advancement

in applying transformer-based models to medical imaging, which traditionally relies on CNNs.

Liu et al. [117] applied Faster R-CNN for simultaneous knee joint detection and KL-grading-

based classification from plain radiographs. Their approach introduced a novel loss function and

larger anchors to address class imbalance and large image sizes, which are common challenges in

medical image analysis.

Nasser et al. [118] developed a Discriminative Shape-Texture Convolutional Neural Network

(DST-CNN) for the automatic diagnosis of early knee OA. Their model incorporated a discrimina-

tive loss and a novel Gram Matrix Descriptor (GMD) block, which enhanced the network’s ability

to differentiate between subtle texture variations associated with early OA.

Schwartz et al. [119] demonstrated that CNNs could effectively identify features and assess

the severity of knee OA from knee radiographs. This work further supports the growing body of

evidence that deep learning can automate and enhance traditional OA grading methods.

In a related study, an anonymous team [120] developed a deep learning model for the detection,

localization, and classification of knee joint areas in X-ray images using YOLOv3. This model is

notable for its ability to perform multiple tasks simultaneously, potentially reducing the need for

separate models for each task.

Lastly, Chen et al. [121] introduced two deep convolutional neural network (CNN) methodolo-

gies tailored to the Kellgren-Lawrence (KL) grading system. Their work focused on accurately

localizing knee joints using YOLOv2 and classifying them using enhanced versions of ResNet,

DenseNet, InceptionV3, and VGG, providing a comprehensive approach to both localization and

classification tasks.
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3.2.4 Deep Learning for Knee Structure Segmentation

Segmentation of knee structures, such as cartilage and menisci, is a critical task in OA assessment

and other knee-related conditions. Deep learning has been widely applied to automate and

improve the accuracy of segmentation tasks.

Norman et al. [122] employed a 2D U-Net architecture to segment six knee subcompartments,

including articular cartilages and the meniscus, from 3D-DESS image datasets. Their work

demonstrated the utility of U-Net models in accurately segmenting complex anatomical structures

from high-resolution MRI data.

Si et al. [123] extended this approach by utilizing the 2D U-Net model to segment the

femur, tibia, patella, and their corresponding cartilages from MR images. Their study focused on

measuring cartilage thickness, a key indicator of OA progression, and highlighted the importance

of accurate segmentation in assessing disease severity.

Wirth et al. [124] used 2D U-Net for the segmentation of femorotibial cartilages from coro-

nal FLASH and sagittal DESS images. Their work assessed the reproducibility of cartilage

morphometry over time, which is essential for monitoring OA progression in longitudinal studies.

In addition to U-Net-based approaches, Kompella et al. [125] integrated Mask R-CNN, utiliz-

ing a ResNet-50 backbone, for the automated segmentation of femoral cartilage from ultrasound

2D image scans. This study is significant for its exploration of ultrasound imaging, a less com-

monly used modality in knee OA research, but one that offers potential advantages in terms of

cost and accessibility.

Liu et al. [126] proposed a two-step process for knee structure segmentation and lesion

detection. Their approach involved using a 2D U-Net architecture for the automatic segmentation

of the meniscus and cartilage, followed by a 3D CNN for detecting lesions. This combined

approach underscores the importance of integrating multiple deep learning models to tackle

complex medical imaging tasks.

The segmentation of knee structures, such as cartilage and menisci, is a critical task in

knee OA assessment and other knee-related conditions. Deep learning models have been widely

applied to automate and enhance the accuracy of segmentation tasks, with various approaches

demonstrating significant advancements in this area.

Prasoon et al. [127] introduced a method utilizing multi-planar CNNs, where three separately

trained 2D CNNs were applied to each orthogonal plane of knee MRIs—sagittal, coronal, and

axial. This approach demonstrated the superiority of learned features from CNNs, achieving a

Dice Similarity Coefficient (DSC) of 0.8249 in volume overlap. The use of multi-planar CNNs

allowed for the incorporation of information from different anatomical planes, leading to improved

segmentation performance across the knee joint.

Norman et al. [128] employed a 2D U-Net architecture to segment various sub-compartments

of the knee, including articular cartilage and the meniscus. Their study focused on the OAI

dataset, where the 2D U-Net achieved a mean validation DSC of 0.867 across 37 subjects. The
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dataset was divided into two distinct groups: patients with OA (KL score >1) and patients

whose condition remained longitudinally stable (KL score = [0-1]). The 2D U-Net was specifically

designed for pixel-wise classification of high-resolution images, which is critical for capturing the

fine details necessary for accurate segmentation in OA research.

Expanding on the segmentation framework, Zhou et al. [129] were inspired by the work of Liu

et al. [126], combining a CNN model with a Conditional Random Field (CRF) as a post-processing

step to refine the segmentation labels. The inclusion of the CRF, which leverages spatial proximity,

led to improved segmentation results, with the authors reporting DSC values exceeding 0.80 for

all cartilages. This integration of CRF with CNNs highlights the importance of incorporating

spatial relationships into segmentation models to enhance their accuracy.

Ambellan et al. [130] advanced the segmentation field by combining 2D and 3D U-Nets and

applying them to two different OAI image datasets: OAI-Imorphics and OAI-ZIB, comprising 176

and 507 volumes, respectively. Their method achieved DSC values ranging from 0.858 to 0.90 on

the OAI-Imorphics dataset and from 0.856 to 0.899 on the OAI-ZIB dataset [131]. Recognizing

the limitations of 2D convolutional filters in capturing spatial consistency in 3D MRIs, Ambellan

et al. [130] enhanced the spatial consistency of their segmentation outcomes by incorporating

eight adjacent slices to the individual slice input, thus training the CNNs with 17 input channels.

This approach significantly improved the model’s ability to maintain spatial coherence across

the 3D structure of the knee, which is crucial for accurate and reliable segmentation in clinical

applications.

A recent study by Nunes et al. [132] developed a multi-task deep learning approach to

automate the classification and segmentation of cartilage lesions and bone marrow edema lesions

from knee MRI. Utilizing two V-Net architectures, the models first segmented the cartilage

compartments and then classified lesion severity. The outputs from both tasks, combined with

demographic data, were integrated using a Gradient Boost classifier, achieving an overall accuracy

of 0.867 for lesion severity staging. This multi-task approach significantly enhances the efficiency

and accuracy of knee OA assessment.

3.2.5 Limitations of Existing Works

Despite the significant progress made in applying deep learning to knee OA assessment, several

limitations in the existing research highlight the need for further investigation.

Firstly, the underutilization of MRI in knee OA assessment remains a notable gap. While

X-ray imaging is widely used due to its accessibility and cost-effectiveness, it primarily visualizes

bone structure and provides limited information about soft tissues like cartilage, menisci, and

ligaments. These soft tissues are crucial for early OA diagnosis and monitoring progression,

and MRI, with its superior soft tissue contrast, offers a more comprehensive evaluation of these

structures. Our research aims to leverage the richness of MRI data to develop more accurate and

sensitive models for knee OA assessment.
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Secondly, many existing models rely on single-view imaging, which may not capture the full

complexity of knee OA. Single-view models are limited in their ability to assess the entire joint,

as OA affects various structures within the knee that may not be fully visible in a single imaging

plane. Multi-view models, which integrate information from sagittal, coronal, and axial planes,

can provide a more holistic representation of the knee joint, potentially improving diagnostic

accuracy. Our research explores the use of multi-view data to develop models that better capture

the complexity of knee OA.

Another limitation is the prevalence of separate models for specific tasks, such as classification,

segmentation, or progression prediction. While these models are effective for their individual

purposes, they can be computationally expensive and require a larger amount of annotated data

for each task. Multi-task and multi-label models, which can handle multiple tasks simultaneously,

offer a more efficient and potentially more robust solution. We investigate the feasibility of multi-

task learning for knee OA assessment, aiming to improve efficiency and potentially discover

relationships between different OA-related features.

Lastly, the computational cost of 3D models poses a significant challenge. Although 3D models

have shown promising results for knee OA assessment, they are computationally demanding

and require significant resources for training and deployment. This limitation restricts their

applicability in clinical settings, particularly in resource-limited environments. Our research

focuses on developing lighter and more efficient models, potentially by incorporating 2D analysis

techniques or exploring novel architectures, while maintaining or even improving performance

compared to existing 3D models.

In this thesis, we present our efforts to address these aforementioned limitations by developing

efficient and accurate deep learning models for knee OA assessment using MRI data. We explore

novel architectures that aim to improve performance while minimizing computational demands,

paving the way for more practical solutions in knee OA diagnosis and assessment.

3.3 Summary

This chapter laid the groundwork for our exploration of deep learning in knee OA assessment

using different screening, mainly focusing on MRI. We started by explaining some fundamentals

of deep learning used for medical imaging analysis. A comprehensive review of related work

highlighted the growing, yet still nascent, field of deep learning in knee imaging. While several

studies have demonstrated promise in the automated detection of knee injuries and OA using

various MRI sequences, there remains a significant need for further research, particularly in

leveraging 3D MRI data for early OA detection and progression prediction. This chapter estab-

lishes the context, motivation, and foundational knowledge upon which we build our novel deep

learning framework for knee OA assessment.
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In the following chapters, we will discuss our contributions to enhancing the field of detecting

knee OA using MRI, and various approaches to advance knee analysis.
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4
SEMI-SUPERVISED MULTIVIEW-MRI NETWORK FOR KNEE OA

DETECTION

T
his chapter addresses the pressing need for accurate and efficient knee OA detection, a

widespread and debilitating joint disorder. Building upon the limitations of current deep

learning methods, which often overlook the comprehensive definition of knee OA and the

benefits of multi-view imaging, we propose a novel approach leveraging semi-supervised learning

and a specifically designed 3D CNNs.

Our contribution is threefold. First, we introduce the 3D-ResCNN-GAP model, a novel deep

learning architecture incorporating stacked convolutional blocks, Global Average Pooling, and

residual connections. This innovative design enables the model to effectively extract discrimina-

tive features from 3D MRI data. Second, we implement a semi-supervised learning strategy using

pseudo-labeling to expand the training dataset with unlabeled MRI scans. This augmentation

addresses the scarcity of labeled data and enhances the model’s generalizability. Finally, we

leverage multi-view MRI acquisitions, incorporating sagittal and coronal planes, to provide a

more comprehensive representation of the knee joint and further improve OA detection accuracy.

4.1 Introduction

In recent years, several studies have focused on using deep learning to tackle the challenges

of the detection of knee OA [133, 134], with the aim of developing more accurate, reliable, and

cost-effective diagnostic tools. These studies have explored a range of deep learning approaches,

such as CNNs [74, 135, 136] and Generative Adversarial Networks (GANs)[137], to analyze and

interpret imaging data from a variety of sources, including MRI [60, 76], CT scans [138] and

X-ray [77, 139, 140]. These approaches have been shown to be highly effective at detecting early
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These models are expected to have a major impact on the field of knee OA detection.

This chapter introduces a novel deep learning framework, a 3D deep residual convolutional

model with concatenated GAP features (3D-ResCNN-GAP), to enhance the detection of knee

OA from 3D MR scans. Our approach is based on the comprehensive definition of knee OA,

which includes the identification of osteophytes and cartilage loss as outlined in [16], using

MOAKS scores [4] for screening analysis. The 3D-ResCNN-GAP model innovatively combines

stacked convolutional layers, Global Average Pooling (GAP), and residual and skip connections.

This integration facilitates the efficient analysis of various views obtained from MR images,

significantly improving the accuracy and reliability of knee OA detection.

In addition, we incorporate a semi-supervised learning (SSL) approach, which uses a combi-

nation of labeled and unlabeled MRI data to improve the performance and generalizability of

the proposed model on a large cohort. SSL has several advantages over traditional supervised

learning models, including (i) the ability to learn from a larger and more diverse dataset, (ii)

improved resistance to overfitting, and (iii) the ability to use unlabeled data that may be abundant

but difficult or expensive to annotate. Our proposed model was evaluated on a large dataset of

3D MR images from the publicly available OAI database [46], and its performance was compared

to classical CNN models.

The overall contributions of this chapter are as follows:

• We introduce a novel deep learning model, 3D-ResCNN-GAP, composed of consecutive 3D

CNN blocks, residual CNN, and GAP layers for the detection of knee OA from 3D MR

images, and also compared its performance to classical CNN models.

• We propose a semi-supervised approach to increase the training dataset and improve the

detection performance of the 3D-ResCNN-GAP model.

• We evaluate the model on a multiple and large MRI dataset to ensure generalizability on

larger populations and to avoid the model’s performance being affected by variations in

imaging protocols.

• We investigate the effect of different knee MRI views for the detection of knee OA.

• We propose a multi-view learning approach that utilizes various models for training data

obtained from diverse MRI views of the knee joint.

• We provide Gradient-weighted Class Activation Mapping to visually interpret and validate

the decision-making process of our deep learning model in diagnosing knee OA from MRI

scans.

• Results show that our proposed SSL approaches enhance the classification performance of

various CNN models on multiple knee MRI scan acquisitions.
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• Results indicate that combining multiview MRI for knee OA detection enhances perfor-

mance by increasing the size of the dataset, enriching it with multiview features, and

boosting classification accuracy.

4.2 Methodology

Our proposed methodology consists of three main parts: (i) Model Architecture, (ii) Semi-

Supervised training, and (iii) Multi-view classification. Firstly, to ensure the quality and relevance

of the data, light preprocessing of the scans is performed to remove noise and irrelevant features.

Next, the proposed 3D-ResCNN-GAP model is developed and trained from scratch, allowing

for full customization of the model to suit the specific task. The Semi-Supervised training step

involves leveraging the pseudo-labeling approach to augment the training data. Finally, to fur-

ther improve the model’s performance, the proposed architecture is trained using a multi-view

approach.

Each step of the proposed methodology is described in detail in the following subsections:

4.2.1 Proposed 3D-ResCNN-GAP model

We propose a new knee OA classification model that leverages three fundamental components: (i)

stacked 3D convolutional blocks, (ii) GAP to aggregate local and global feature representations,

and (iii) residual and skip connections, making the model wide and deep. These components are

carefully designed and integrated to enhance the model’s ability to learn complex patterns and

capture informative features from high-dimensional data.

4.2.1.1 Stacked Convolutional Blocks

The 3D-ResCNN-GAP model employs a stacked architecture consisting of five successive CNN

blocks, designed to extract features from the MRI slices at multiple levels.

The structure of the 3D-ResCNN-GAP model is illustrated in Figure 4.1. The 3D-ResCNN-

GAP architecture consists of N stacked convolutional blocks, denoted by Cn, where n ∈ 1, ..., N.

Each Cn block contains a 3D convolutional layer with F feature maps, followed by L2 regulariza-

tion and the Rectified Linear Unit (ReLU) activation function. The output of the ReLU layer is

then passed through a Batch Normalization (BN) layer and a 3D Max-Pooling (MaxPool) layer.

Let iCn be the entry of each Cn block. The output, oCn is defined as:

(4.1) oCn = 3D-MaxPool
(

BN
(

ReLU
(

Conv3D
(

iCn

)

)))

The specific design of this architecture is described in further detail in the following section.
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performance in image classification tasks [93]. The outputs of the convolutional and the residual

blocks are concatenated and transferred to subsequent stacked convolutional blocks, as presented

in Fig. 4.1.

Each residual block is composed of two 3D convolutional layers and a BN layer that help accel-

erate the training process by reducing internal covariate shift, thus improving the generalization

performance of the network. The BN is defined as follows:

(4.4) BN =
x−E(x)

p
( V ar(x)+ε)

∗γ+β

BN normalizes the input to a layer using its mean and variance over the current mini-batch,

and then scales and shifts the normalized output using learnable parameters γ and β. The input

which corresponds to a mini-batch is denoted by x. E(x) and V ar(x) represent the mean and

variance, respectively, over the current mini-batch.

4.2.2 Pseudo-labels: Label augmentation

In this section, we introduce the semi-supervised learning (SSL) approach as a way of augmenting

the training data and making use of the entirety of available OAI-MRI scans that have not been

labeled using the MOAKS score for knee OA.

Our SSL approach involves training the proposed model on the data in two stages. First, the

model is trained on labeled MRI scans according to the definition mentioned in [16]. Secondly,

the trained 3D-ResCNN-GAP model is used to predict the labels and assign them to unlabeled

MRI scans, as presented in Fig. 4.2.

To formulate this, we define pseudo-labels as labels assigned to unlabeled data. This is

achieved by selecting the class that exhibits the highest predicted probability for each unlabeled

sample:

Let X be a set of n MRI samples and xi an element of X . X contains both labeled and

unlabeled samples. Let XL be the set of L labeled samples as OA or non-OA and XU the set of

the remaining non-labeled scans. Consequently, X = XL ∪ XU . The corresponding labels for XL

are denoted by YL.

Let u be an unlabeled sample, and let P(u) be the predicted probability distribution over the

set of possible labels. We can assign a pseudo-label l(u) to u based on a threshold value τ, such

that:

(4.5) l(u)=
{

1 if argmaxℓPi′(u))≥ τ

0 otherwise

}

where, argmaxℓ P(u) returns the label with the highest predicted probability, and 0 is assigned

when the predicted probability is below the threshold value τ = 0.5.
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The predicted pseudo-labels are therefore assigned to their associated (XU ) scans.

The pseudo-labeled scans are then merged with the already labeled MRI scans, thus resulting

in a larger dataset. The specifics of the size of each data subset are reported in Table 4.1. Notably,

the SAG 3D-DESS acquisitions were augmented to 3830 labeled MRI scans, the SAG IW-TSE

were augmented to 4297 labeled MRIs, and for the COR MPR scans, the number of labeled scans

increased to 4089 labels.

All evaluated models (before and after pseudo-labeling) were trained to optimize the Binary

Cross Entropy Loss function, BCE as:

(4.6) BCE =−
1
N

N
∑

i=1
[yi log( ŷi)+ (1− yi) log(1− ŷi)]

where N is the total number of training samples, yi is the ground truth label for the i-th

sample, and ŷi is the predicted probability for the i-th sample.

4.2.3 Multi-view framework for knee OA classification

In this section, our aim is to use multiple views (sagittal and coronal) of the knee to classify OA

and non-OA knees. Multi-view frameworks are motivated by the findings that multi-view images

of a common object can furnish supplementary information, thereby enhancing the analysis and

interpretation of the object.

Fig 4.3 illustrates the multi-view classification network utilized in the present chapter.

Specifically, the framework employs two distinct MRI scans of the knee in the sagittal plane,

namely the SAG 3D-DESS and SAG IW-TSE, as well as the coronal MPR scans. SAG-3D-DESS

is a high-resolution sequence that provides high quality images of the knee joint shape and

other tissues such as the cartilage from the sagittal view. This is important for the detection of

early OA, as the cartilage is one of the first tissues affected by the disease. SAG-IW-TSE is a

T2-weighted sequence that provides good contrast between the cartilage and other tissues in the

knee. The combination of these two sagittal sequences in the multi-view framework will increase

the feature detection capability of the framework. COR-MPR is not as sensitive to early OA as

SAG-3D-DESS or SAG-IW-TSE, but it is useful for assessing the full extent of cartilage damage

from the coronal view [4]. It is also useful for visualizing other structures in the knee, such as the

menisci and ligaments.

This approach enables the representation of knee tissues from both sides, providing a more

comprehensive view of the knee joint and potentially aiding in the identification of abnormalities

or injuries.

The MRI scans of the knee joint are first preprocessed (see section 4.3.2) and then fed to the

3D-ResCNN-GAP model. The extracted features from each model-view M f are concatenated to

form a feature vector Mconc and then passed into a Multi-Layer Perceptron (MLP). The MLP

65





4.3. EXPERIMENTS

4.3.1 Dataset

To train and validate the performance of different models across multiple experiments, we used

the OAI dataset (previously described in section 2.4.1).

We compare the experimental results using two knee views (coronal and sagittal) from

different MRI sequences (3D DESS, IW TSE, and MPR), which is important to gain a better

understanding of the impacts of OA on the knee joint.

Table 4.1: Number of MRI samples before and after SSL

MRI acquisition Label Before SSL After SSL

SAG 3D-DESS Normal / OA 450 / 450 1680 / 2150
SAG IW TSE Normal / OA 450 / 450 2015 / 2282
COR-MPR Normal / OA 450 / 450 1880 / 2209

Table 4.2: Distribution of the knee OA patients from the OAI database that participated in this
study. KL grades are from the radiographic data of the same patients.

KL-0 KL-2 KL-3

MOAKS 0 308 142

4.3.2 Data preparation and processing

The OAI dataset contains only 450 patients graded with the MOAKS score as defined in [16],

and some samples are missing certain acquisitions. This explains the samples’ size difference in

Table 4.1. The distribution of the patients is presented in Table 4.2. There were only OA patients

with symptoms visible on X-rays according to the Kellgren-Lawrence (KL) scale [14] (KL-2 and

KL-3) and none of them was healthy (KL-0). In order to balance our dataset, we included 450

MRI scans of healthy knees that were graded as KL-0 [14].

We used a specific preprocessing method for each type of MRI sequence, including zooming in

on the knee joint and cropping the scans to remove irrelevant knee compartments, where the

osteophytes and cartilage loss are not observed. The preprocessing method improves the accuracy

of our analysis by facilitating better feature extraction and enabling us to focus on the relevant

features of the knee joint.

Table 4.3 presents the parameters used to preprocess various MRI slices. These values

were determined through multiple experiments to identify the optimal parameters for zooming,

cropping, and slice removal.
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Table 4.3: Preprocessing parameters for the MRI sequences

MRI acquisition Slices Dim Nb. of slices New Dim Removed slices

SAG 3D DESS 360x360 160 60x60 [130:160]
SAG IW TSE 444x444 45 60x60 [0:2],[34:45]
COR MPR 444x448 59 70x70 [57:59]

4.3.3 Knee OA detection using the sagittal views

The sagittal view is a cross-sectional view that shows the structures of the knee from the side.

This view can provide information about the presence and extent of any abnormality such as the

cartilage.

In this chapter, we explored the potential use of two sagittal MRI sequences, namely 3D-DESS

and IW-TSE for the detection of knee OA based on the presence of osteophytes and cartilage

condition as visible in each sagittal view.

One main difference between the sagittal 3D-DESS and IW-TSE is the manner in which the

MR image is generated. 3D-DESS uses a steady state signal to create the image, while IW-TSE

uses multiple echoes. The size of each MRI volume is presented in Table 4.3. The number of

sequences as well as the size of slices is higher in the 3D-DESS.

In the first experiment, we trained each sagittal MRI scan separately. Secondly, we combined

the two sagittal scans, as presented in Section 4.2.3. Table 6.2 shows the results obtained using

both sagittal MRI sequences.

4.3.4 Knee OA detection using the coronal view

The coronal view is a cross-sectional view that allows the visualization of the femur, tibia, and

patella. In the coronal view, it is possible to see the shape and structure of the cartilage and the

presence of osteophytes. In this chapter, we used the 3D Coronal MPR sequence. The configuration

and information related to this sequence are presented in Tables 4.1 and 4.3. Table 4.1 shows the

number of MRI scans for each MRI sequence, and Table 4.3 shows the size and dimensions of the

COR-MPR sequence.

4.3.5 Knee OA detection using both coronal and sagittal views

Multi-view models have been effectively used by the research community as they provide feature

aggregation from different views rather than the use of a single view. In this section, we present

a multi-view configuration at the core of our methodology to evaluate the combination of different

MRI views (sagittal 3D-DESS, IW-TSE, and Coronal MPR) to detect knee OA. By that means,

multi-view features (M f ) were aggregated to obtain a single feature vector, Mconc as defined

by Eq. (4.7). The proposed multi-view framework is presented in Fig. 4.3, and as previously

discussed in Sec. 4.2.3.
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4.4 Results and Discussion

The objective of this chapter is to conceive and implement an automatic approach to accurately

and consistently detect knee OA using 3D MRI data. At the core of this chapter, we introduce

3D-ResCNN-GAP; a deep CNN model that incorporates multiple deep learning mechanisms,

including GAP, residuals, and feature aggregation modules. In this section, the experimental

results are presented and discussed.

4.4.1 Results

As can be seen in Table 6.2, results show that the proposed 3D-ResCNN-GAP model achieves

noteworthy performances, with an overall AUC of 79.01%, 81.48%, and 86.15% for SAG-3D-DESS,

SAG-IW-TSE, and COR-MPR, respectively. The use of the multi-view features and SSL further

enhanced the performance of the model, resulting in AUC values of 85.32%, 92.85%, and 92.45%

respectively for (SAG-3D-DESS + SAG-IW-TSE), (SAG-IW-TSE + COR-MPR), (COR-MPR + SAG-

3D-DESS). These results show that combining the multi-view knee MRIs and increasing the

training data using our SSL approach boosted our model’s performance to achieve an AUC of

93.20%.

Table 4.4: Results obtained with our 3D-ResCNN-GAP model before and after the SSL using
the sag 3E-DESS, cor mrp, and sag iw-tse. the table also includes the results of aggregated MRI
scans

Before SSL After SSL

MRI acquisition ACC(%) AUC (%) ACC (%) AUC (%)

Sag 3D-DESS (1) 77.43 79.01 79.13 81.21
Sag IW TSE (2) 79.14 81.48 82.51 85.45
COR MPR (3) 83.49 86.15 87.49 91.45
(1)+(2) 83.88 89.02 84.14 85.32
(2)+(3) 85.56 90.77 87.31 92.85
(1)+(3) 85.66 91.59 89.73 92.45
(1)+(2)+(3) 85.22 91.04 90.43 93.20

4.4.2 Discussion

To our knowledge, most of the previous studies on knee OA detection were devoted to the use of

plain radiographs (X-rays) [13, 133, 134, 147], while the utilization of 3D MRI is comparatively

rare for a variety of reasons such as data complexity, and big data which eventually lead to

computational costs [102]. This chapter expands upon previous research by examining the

feasibility of using multiple MRI views of the knee to evaluate the effectiveness of deep learning

for knee OA detection.
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Table 4.5: Effects of different components on the performance of the 3D-ResCNN-GAP using the
multi-view scans

Ablation setting Results

Before SSL After SSL

GAP Residuals ACC (%) AUC (%) ACC (%) AUC (%)

✗ ✗ 79.54 81.39 80.34 82.17
✓ ✗ 81.84 83.39 83.41 85.28
✗ ✓ 81.75 83.65 84.75 87.51
✓ ✓ 85.22 91.04 90.43 93.20

Table 4.6: Comparison with related work in the literature, using mr images or other biomarkers

Paper Biomarker Nb. 3D MRI samples Results (%)

Chaudhari et al. [145] osteophytes 124 90
Namiri et al. [100] Bone 582 89
Guida et al. [76] knee OA 440 91
Alexopoulos et al. [102] knee OA 593 66.99
Pedoia et al. [75] knee OA 4384 82.44
Chang et al. [146] knee OA 710 85.3
3D-ResCNN-GAP knee OA 3600 93.20

To the best of our knowledge, our proposed approach is the first to apply the reliable OA definition

presented in [16] in a deep learning classifier. Some studies have utilized grades of structural OA

for 2D X-rays [102], [76], but there is limited evidence of their applicability in assessing knee OA

from 3D MR images. In contrast, this chapter relies on reliable MOAKS grades of OA approved

by [4, 16] and shows interesting performance compared to these state-of-the-art models.

Using the proposed SSL approach, we were able to label over 3000 additional MR scans that

were not previously annotated with MOAKS scores. The results obtained (Table 4.4) show that

the proposed SSL technique to augment the size of the dataset improves the model’s performance,

increasing the AUC from 86.15% to 91.45% in coronal MPR and from 81.48% to 85.45% in sagittal

IW-TSE.

When using the coronal MPR or sagittal IW-TSE sequences separately, we reached the highest

AUCs for knee OA detection, with an AUC of 91.45 % and 85.45 %, respectively. Interestingly,

although the sagittal 3D-DESS scans offer high-resolution images and more sequences, the

performance of our model was higher in the sagittal IW-TSE, which has fewer slices and lower

resolution.
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Table 4.7: Effects of SSL on state-of-the-art models

Model MRI scans Before SSL After SSL

ACC(%) AUC (%) ACC (%) AUC (%)

Sag 3D-DESS (1) 70.83 76.11 71.05 77.31
Sag IW TSE (2) 63.56 75.1 62.14 72.44
COR MPR (3) 77.33 81.14 77.19 81.32

3D InceptionV3 (1) + (2) 81.25 83.23 81.14 84.12
(2)+(3) 79.44 82.82 81.85 83.54
(1) + (3) 80.18 83.89 75.53 83.65
(1) + (2)+ (3) 80.56 81.70 82.41 82.42

Sag 3D-DESS (1) 70.13 75.15 69.41 73.87
Sag IW TSE (2) 63.82 75.09 55.83 70.85
COR MPR (3) 72.30 73.43 71.07 72.41

3D Densenet-121 (1) + (2) 70.03 79.97 70.03 79.97
(2)+(3) 79.97 83.05 81.31 85.33
(1) + (3) 85.11 88.69 86.46 90.12
(1) + (2)+ (3) 83.71 87.03 84.84 89.41

4.4.3 Attention Maps for Decision-Making

Gradient-weighted Class Activation Mapping (Grad-CAM) [148] offers a visual window into deep

learning models, enhancing the interpretability of decisions in medical imaging. The application

of Grad-CAM in our study underscores the potential of explainable AI in the realm of medical

diagnostics. By visualizing the areas of highest focus on MRI scans, particularly over the cartilage

and meniscus regions, the heatmaps corroborate the model’s alignment with clinical knowledge

and diagnostic criteria for knee OA.

Attention maps presented in Figure 4.4 reveal that the model’s attention is concentrated on

the same anatomical structures, meniscus and cartilage regions, that clinicians examine when

evaluating knee OA using MOAKS.

4.4.4 Effects of the SSL on state-of-the-art models

Using the experiments detailed in Section 4.3, we also investigated the impact of the SSL on

the performance of InceptionV3 and DensNET-121, which were also trained from scratch on the

same MRI scans. As an example, our model achieved an AUC of 86.15% with the COR-MRP

slices (Table 6.2), while InceptionV3 and DensNET-121 achieved AUCs of 81.14%, and 73.43%,

respectively (Table 4.7). These findings are also valid for other views, which confirm that the

proposed processing pipeline and the building blocks of the modules significantly boosted the

performance of the 3D-ResCNN-GAP model. In addition, as shown in Table 4.7, without the

semi-supervised labeling step, our proposed 3D-ResCNN-GAP model attains better scores (Table

6.2) compared to these models.
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4.4.5 Ablation studies

We investigated the effectiveness of the 3D-ResCNN-GAP model’s components (GAP and residual

connection) on its performance, as well as the effect of aggregating the multi-view scans. Such

experiments provide valuable insights into the importance of these components for the overall

performance and enable the design of the model to be optimized. Table 6.2 shows that training

the 3D-ResCNN-GAP in a multi-view framework improves its ability to accurately detect knee

OA. The findings suggest that the combination of learned features from both sagittal and coronal

scans provides more information, resulting in better classification performance.

In Table 4.5, we can see that when both GAP concatenation and Residuals are excluded,

the model achieved the lowest AUC value of 82.17%. The inclusion of only GAP concatenation

or Residuals led to a considerable improvement in the model’s performance, with AUC values

ranging from 85.28% to 87.51%, respectively. The highest performance was achieved when

both GAP concatenation and residual units were incorporated into the model, resulting in an

AUC of 93.20%. The same performance results were observed for the experiments before the

semi-supervised training.

The ablative study suggests that both GAP concatenation and Residuals units play an

important role in the performance of the 3D-ResCNN-GAP model and that their inclusion is

critical for achieving optimal performance.

4.4.6 Limitation of the proposed study

In order to balance our dataset, we utilized knees from patients with KL-0 grade as proxies

for healthy controls. It is noteworthy that a KL-0 grade does not necessarily correspond to a

knee that would also be classified as completely healthy or devoid of OA changes according to

the MOAKS scoring system. Unlike the KL grade, the MOAKS score provides a more detailed

examination of the knee by assessing a range of MRI-visible features, including but not limited

to cartilage defects, bone marrow lesions, and meniscal tears, which are not accounted for in

the radiographic KL grading system. This suggests that our classification of ’healthy’ controls

may inadvertently include individuals with MRI-detectable signs of OA not visible on plain

radiographs.

To conclude, with regard to the KL scoring system, our approach enables early prediction of

OA (KL-0 vs. KL-2). If we consider only the MOAKS score, this assertion is rather difficult to

support, as we do not have data with a zero MOAKS score corresponding to patients without

non-OA.

4.5 Conclusion

Knee OA is a prevalent and debilitating joint disorder that affects millions of people worldwide,

and the diagnosis is crucial for effective management and treatment. In this chapter, we have
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proposed a new framework for the detection of knee OA using multi-view 3D MR scans. We have

also introduced a semi-supervised multi-view framework and conceived a novel 3D deep CNN

model for knee OA detection using multiple views from 3D MR images. We conducted a series of

experiments to evaluate the effectiveness of the proposed model compared to SOTA models for

the detection of knee OA. With an AUC of 93.20%, results show that our proposed methodology is

more efficient than classical CNN models. Overall, our findings suggest that the integration of

multiple MRI views of the knee enhances the performance of all the models evaluated. Also, the

proposed semi-supervised learning approach enhances the training step, which also contributes

to the overall performance of all the evaluated models. These findings highlight the potential of

deep learning to revolutionize the diagnosis of knee OA and make it faster and more accurate.

In the following chapter, we explore an advanced deep-learning network designed to detect

other knee injuries and also include additional MRI views, namely axial, coronal, and sagittal.
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M3NET: A 3D JOINT MULTIVIEW MULTI-LABEL MULTIMODAL

NETWORK FOR KNEE INJURIES CLASSIFICATION

K
nee injuries are among the principal causes of disability, affecting millions of individuals

worldwide. The associated risk of developing knee OA further emphasizes the critical

importance of diagnosis in clinical settings. Therefore, the development of an accurate

and cost-effective system for identifying knee injuries is of critical importance. Nevertheless,

training models for individual tasks is expensive, and single-view approaches often miss features

visible in other views. In this chapter, we present our approach to address these limitations for

efficient knee injuries analysis.

5.1 Introduction

Knee injury is a widespread condition affecting millions of individuals globally, causing severe

pain, reduced mobility, and diminished quality of life. Injuries to the meniscus and cartilage are

particularly common and can lead to prolonged rehabilitation and costly medical interventions

[149]. Diagnosis and early treatment of knee injuries are crucial to prevent further damage, such

as knee OA, and improve patients’ lives [150].

In clinical practice, radiologists often use both X-ray and MRI to evaluate knee injuries and

determine the extent of meniscus and cartilage damage. X-ray imaging is typically the first

imaging modality used to evaluate knee injuries, and MRI is used to confirm the diagnosis and

assess the severity of the injury [150].

Furthermore, clinical studies have shown a strong association between advanced meniscus

and cartilage damage, and the two conditions can occur simultaneously [151]. On the contrary,

cartilage damage may cause increased stress on the meniscus, causing it to wear down more
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quickly and increasing the risk of meniscus damage. This clear evidence of the strong association

between meniscus damage and cartilage damage requires clinicians to consider both conditions

when evaluating and treating knee injuries.

Multiview and multi-label learning has emerged as an important research direction in recent

years, with potential applications in a wide range of fields, including medical imaging [142, 152].

Multiview multi-label learning can be used to jointly analyze multiple images of the same

anatomical structure, captured using different imaging modalities, and to perform multiple tasks,

such as classification, segmentation, and disease diagnosis. By leveraging the complementary

information captured by different imaging modalities, multiview multi-label learning can improve

the accuracy and robustness of medical image analysis, as well as reduce the need for expert

annotations.

Recent advances in deep learning have enabled the development of powerful multiview, multi-

label image classification techniques for medical imaging [142]. These techniques can extract

high-level features from multiple views of an image, such as CT [153], MRI [152], and X-rays

[154], and use these features to jointly classify the image across multiple tasks, such as disease

diagnosis and severity assessment. By sharing the same feature representation across tasks,

these techniques can effectively reduce the number of parameters and computation required,

while improving the generalization performance of the model.

In this chapter, we deal with two knee injuries that can potentially cause disability in patients,

namely meniscus tears and cartilage degeneration. Due to the important impact of these two

types of injuries on individuals and their potential risks of developing knee OA, multiple studies

have developed methods to assist radiologists and clinicians in effectively diagnosing such cases.

However, current methods have limitations. They often employ a single imaging modality, X-

ray [155] or MRI [84, 156], where studies on MRI are comparatively fewer. In addition, these

approaches often use a single model for each type of disease. This can potentially result in the

omission of important features and information that might only be visible from certain views,

which limits the generalizability of the findings. Another limitation is that some approaches

operate on 2D slices or X-rays, potentially missing out on important feature correlations in the

3D space.

One key challenge in multi-view multi-label image classification for medical imaging is how

to effectively combine features extracted from different modalities and tasks. Feature fusion

techniques have been proposed to address this challenge. These techniques aim to combine the

features learned from multiple views and tasks to maximize the overall classification accuracy

[152].

To overcome some of these challenges, we introduce a novel model M3NET - Multiview Multi-

modal multi-label NETwork, capable of aggregating learned features from 3D MRI multiviews

and 2D X-rays to classify the meniscus and cartilage tears simultaneously. The multiview frame-

work consists of combining informative features from three 3D MRI views (axial, coronal, and
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sagittal). The multi-label part consists of predicting the presence of full cartilage loss and torn

meniscus simultaneously in the same network, and the multimodal part consists of learning

radiological features from knee X-rays associated with cartilage and meniscus and combining

them with the 3D MRI features. Further, the proposed M3NET framework introduces a com-

parative experiment to evaluate separate-feature fusion using feature concatenation, averaging,

summation, and multimodal attention. Our major contributions are as follows:

• We develop the M3NET model, an innovative integration of multi-label learning, multi-

view learning, and multi-modal analysis into a single network. M3NET excels in learning

representative features from multiple perspectives, enabling the simultaneous detection of

knee cartilage lesions and meniscus tears from MRI and X-ray scans.

• We leverage a customized 3D YOLOv8 model which is specifically designed for precise

automatic detection of knee joint regions in MRI scans.

• We introduce a novel fusion architecture named separate-feature late fusion (SFLF) that

effectively processes both X-ray and MRI data, utilizing multiple feature aggregation

techniques for consistent classification across modalities.

• We conduct an extensive evaluation on 1519 MR scans from the OAI initiative, demonstrat-

ing our model’s robust performance across axial, sagittal, and coronal views.

5.2 Background

5.2.1 Multiview Learning

Multiview Learning plays a crucial role in enhancing image analysis and interpretation, partic-

ularly within the realm of medical imaging [142, 152, 157]. The fundamental premise behind

this approach lies in the intuitive notion that observing an object, such as the intricate knee

joint, from multiple perspectives can provide a richer understanding of its complex structure and

potential pathologies. This is analogous to a physician examining a patient from different angles

to gain a comprehensive assessment of their condition.

In the context of knee MRI, the standard acquisition protocol involves capturing images from

three orthogonal planes: axial, sagittal, and coronal. These views, each offering a unique vantage

point, provide complementary information that contributes to a holistic representation of the

knee joint. By integrating these diverse perspectives, we can effectively leverage the inherent

richness of multiview data to enhance the accuracy and robustness of automated knee injury

detection and classification.

The utilization of multiview learning in knee MRI analysis allows for the extraction of a richer

set of features, encompassing both local and global information. These features can then be used
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to train sophisticated deep learning models capable of automatically detecting and classifying

knee injuries with higher accuracy compared to models trained on single-view data [157, 158].

Among the various multiview learning techniques, feature concatenation using deep learning

has emerged as a powerful and versatile approach. This method leverages the ability of deep

neural networks, particularly CNNs, to automatically learn hierarchical representations from

raw image data. In the context of multiview learning, separate CNNs can be trained on each view

to extract high-level features. These features, encapsulating the unique information captured by

each perspective, are then concatenated into a single, comprehensive feature vector [159].

This concatenated feature vector serves as a rich and informative input for subsequent

machine learning models, enabling them to learn complex relationships between the different

views and ultimately improve the accuracy of knee injury detection and classification. The power

of this approach lies in its ability to effectively combine the complementary information from

each view, leading to a more holistic and accurate representation of the knee joint.

Furthermore, the flexibility of deep learning architectures allows for the incorporation of

various advanced techniques, such as attention mechanisms and multi-scale feature extraction,

to further enhance the performance of multiview feature concatenation. These techniques enable

the model to selectively focus on relevant features and capture information at different levels of

granularity, leading to improved accuracy and robustness.

5.2.2 Multimodal learning

Multimodal learning holds significant promise for enhancing the diagnostic process by integrating

information from diverse imaging modalities [160, 161]. In knee injuries analysis, combining

MRI and X-ray data offers a compelling approach. MRI excels at visualizing soft tissues, such

as cartilage and ligaments, while X-ray provides valuable insights into bone morphology and

joint space narrowing, key indicators of OA progression. Fusing these complementary modalities

allows for a more comprehensive and accurate assessment of knee OA.

The rationale for combining MRI and X-ray data stems from their respective strengths and

limitations. MRI, with its superior soft tissue contrast, facilitates detailed evaluation of cartilage

degeneration, meniscal damage, and synovial inflammation, providing crucial information about

the early stages of OA. However, MRI can be expensive, time-consuming, and its availability may

be limited. X-ray, conversely, is widely accessible, cost-effective, and offers a readily interpretable

view of bone structure and joint space narrowing, hallmarks of advanced OA. However, X-ray

provides limited information about soft tissue structures and may not be sensitive to early

changes associated with OA. By integrating MRI and X-ray data, we leverage the strengths of

each modality while mitigating their limitations, potentially leading to earlier and more accurate

diagnosis, as well as a more nuanced understanding of OA progression.

In our experimental setup, we will evaluate the effectiveness of incorporating and removing
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multimodality in our proposed model, M3NET. By systematically adding and removing MRI

and X-ray data, we aim to quantify the impact of multimodal fusion on the performance of our

model for knee injuries analysis. This analysis will provide valuable insights into the benefits

and limitations of multimodal learning in this context and guide the development of more robust

and effective diagnostic tools. This systematic evaluation will allow us to assess the contribution

of each modality to the overall performance of M3NET and identify potential scenarios where

multimodal fusion offers significant advantages over single-modality analysis. Furthermore, it

will help us understand the robustness of our model to missing data and inform strategies for

handling such scenarios in clinical practice.

Several strategies have been proposed for multimodal learning in medical imaging, each

offering distinct advantages and disadvantages depending on the specific application and data

characteristics. These strategies can be broadly categorized as:

• Early Fusion: This approach involves combining the raw data from different modalities

before feeding it into a model. This can be achieved through various techniques, such as

concatenating the raw pixel values or creating a composite image by stacking the different

modalities as channels. While early fusion can be straightforward to implement, it often

requires careful consideration of the data heterogeneity and alignment issues inherent

in multimodal data. Different modalities may have varying resolutions, noise levels, and

represent different physical properties, making direct fusion of raw data challenging.

• Late Fusion: In contrast to early fusion, late fusion involves training separate models for

each modality and then combining their predictions. This approach allows each modality to

be processed independently, leveraging its specific characteristics and potentially leading

to better performance for each individual modality. The predictions from each model are

then combined, often through simple averaging or weighted averaging, to produce a final

prediction. Late fusion offers greater flexibility in handling data heterogeneity and can be

particularly effective when modalities have significantly different characteristics.

• Intermediate Fusion: This strategy combines features extracted from different modalities

at an intermediate level within the model architecture. This allows for a more nuanced

integration of information from different modalities, potentially capturing complex relation-

ships between them. Intermediate fusion often involves designing specialized architectures

that can effectively fuse features extracted from different modalities, such as using fusion

layers or attention mechanisms. This approach can be more complex to implement but

offers the potential for improved performance by leveraging the complementary information

from different modalities.

Each of these fusion strategies has its own strengths and weaknesses, and the choice of the

most appropriate strategy depends on the specific characteristics of the data and the desired
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outcome. In this study, we focus on late fusion due to its inherent flexibility and robustness

in handling the complexities of multimodal knee MRI data. Late fusion allows us to train

specialized models for each view (axial, sagittal, coronal) and MRI sequence (e.g., T1-weighted,

T2-weighted, proton density), effectively capturing the unique information provided by each

modality. This approach is particularly appealing when dealing with data heterogeneity and

potential misalignment between different views and sequences. By training separate models and

fusing their predictions, we can leverage the strengths of each modality while mitigating the

challenges associated with direct fusion of raw data. This strategy allows for a more modular

and adaptable approach, enabling us to explore and optimize the performance of each individual

model before combining their predictions for a more comprehensive and accurate assessment of

knee injuries.

5.2.3 Multi-Label Learning

Multi-label learning in deep learning enables the prediction of multiple labels simultaneously for

a single instance, contrasting with traditional single-label classification [162]. This is particularly

relevant for knee injury analysis, where a single traumatic event can often affect multiple

anatomical structures. For example, a patient might present with both a meniscus tear and

cartilage damage. A multi-label model can identify both injuries concurrently, offering a more

comprehensive understanding of the overall knee pathology.

The strength of multi-label learning lies in its ability to exploit correlations between labels.

Certain knee injuries frequently co-occur, such as combined ACL and MCL tears. By learning

these relationships, the model can refine its predictive accuracy and provide a more nuanced

diagnosis. This is achieved through architectures that output multiple binary classifications, one

for each potential injury. Deep learning models, particularly CNNs, are well-suited for this task

due to their ability to extract intricate patterns and features from medical images.

A multi-label model can perform a comprehensive evaluation of the knee, encompassing:

• Injury Classification: Distinguishing between various types of tears (e.g., ACL, menis-

cus), fractures (e.g., tibial plateau, patella), and other conditions like cartilage damage

(osteochondral defects), osteophytes, and bone marrow edema. For instance, the model

can differentiate between a bucket-handle meniscus tear and a radial tear, or identify the

presence of both cartilage damage and osteophytes in the same knee joint. This granular

classification facilitates targeted interventions.

• Injury Localization: Pinpointing the precise location of each injury within the 3D space

of the knee joint. For example, the model could identify the specific location of a meniscus

tear (e.g., anterior horn, posterior horn, body) or highlight the region of cartilage damage

on a 3D rendering. This spatial information is crucial for pre-operative planning, especially

for minimally invasive procedures.
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• Severity Assessment: Quantifying the extent of damage for each identified injury. For

example, the model could classify a meniscus tear based on its size and displacement, grade

the severity of cartilage damage using the Outerbridge classification, or assess the size and

location of osteophytes. This information can aid in prognosis and treatment planning.

By integrating these tasks, multi-label learning provides a holistic assessment of knee injuries,

surpassing the capabilities of single-task models. Additionally, multilabel models offer advantages

in medical imaging analysis [163, 164]:

• Improved Diagnostic Accuracy: Identifying co-occurring injuries that might be missed

by single-label models, leading to a more complete and accurate diagnosis. For example,

identifying both a meniscus tear and cartilage damage, which might be overlooked if only

focusing on the more prominent injury.

• Enhanced Clinical Decision-Making: Providing clinicians with a unified report detailing

all identified injuries, their locations, and severities, facilitating informed treatment deci-

sions. This is especially valuable in cases with multiple pathologies, such as a combination

of meniscus tear, cartilage damage, and osteophytes.

• Increased Efficiency: Streamlining the analysis process by evaluating multiple aspects

of knee injuries concurrently, saving time for radiologists and clinicians.

By harnessing the power of deep learning, multilabel learning holds immense potential to

transform knee injury diagnosis and management, paving the way for more accurate, efficient,

and personalized care.

Adopting multiview, multimodal, and multi-label learning approaches holds significant

promise for enhancing the accuracy and efficiency of knee injury detection. By leveraging the

complementary information offered by different views, modalities, and diagnostic tasks, these

approaches can lead to more precise and streamlined diagnostic outcomes, ultimately improving

patient care.

5.3 Proposed M3NET

This section introduces our proposed M3NET model, designed to leverage multimodality and

multiview imaging for the detection of cartilage lesions and meniscus tears. We explore the

efficacy of separate-feature late fusion (SFLF), as detailed in Fig. 5.1. These strategies employ

various feature aggregation mechanisms, including linear fusion, averaging, concatenation, and

multimodal attention, to enhance model performance. In the following sections, we will get into

the various components of M3NET’s methodology (multiview, multimodal, and multi-label) and

explore our strategic approach to optimizing the training process for the entire network.
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5.3.1 Multiview Process

In the multiview setting, we utilize three MRI views namely: axial MPR, Sagittal SAG-TSE,

and coronal MPR. These views are integrated into a single network to enhance the feature

representation of the knee joint from various views.

To formulate the multiview setting, we consider three custom 3D-ResNet encoders [93]. These

encoders take three distinct views of knee MRI scans (axial, coronal, and sagittal) as inputs,

allowing the network to capture diverse information related to the knee joint. The 3D-ResNet

models are trained in parallel, and the weights are not shared between the models. This approach

ensures that each model can focus on its specific view and extract unique insights.

Let I
(i)
axi

, I
(i)
sag and I

(i)
cor denote the axial, sagittal and coronal views of the ith scan, respectively.

It should be noted that the input MRI scans have different shapes, hence we designed the

M3NET to support multi-size MRI scans, so as to take as input multiview MRI scans in separate

convolution nodes. Each model processes each MRI view independently and produces two output

predictions ŷ
(i)
m and ŷ

(i)
c , corresponding to the predicted labels for meniscus tears and cartilage

loss, respectively. We represent the model as a function fθ, where θ represents the learnable

parameters of the network: ŷ(i) = fθ(I(i)
axi

, I
(i)
sag, I

(i)
cor).

During training, the parameters θ are learned by minimizing a loss function that compares

the predicted outputs ŷ(i) with the ground-truth labels y
(i)
m and y

(i)
c . The objective function of the

Multi-view setting in the M3NET is as follows:

(5.1) Mv =min
θ

1
N

N
∑

i=1

[

L
(

ŷ(i)
m , y(i)

m

)

+L
(

ŷ(i)
c , y(i)

c

)]

,

where ŷ
(i)
m = fθ(I(i)

axi
, I

(i)
sag, I

(i)
cor) represents the predicted labels for meniscus tears from the ex-

tracted features fθ using Iaxi, Isag, Icor and ŷ
(i)
c = fθ(I(i)

axi
, I

(i)
sag, I

(i)
cor) represents the predicted

labels for cartilage loss. L is the binary cross entropy loss function:

(5.2) L =−
1
N

N
∑

i=1

[

y(i) log( ŷ(i))+ (1− y(i)) log(1− ŷ(i))
]

.

5.3.2 Multimodal Process

In the core of our proposed M3NET, we integrate a multimodal framework that combines MRI and

X-ray modalities and extracts features from three 3D MRI acquisitions, and 2D X-ray images of

the same knee. The extracted features are fused to generate a joint representation that captures

complementary information from all modalities. The objective function of multimodality in the

M3NET is defined as follows:
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Mm =min
θ

1
N

N
∑

i=1
L

(

2
∑

j=1
Fθ j(M

(i)
j

), y(i)

)

,(5.3)

where Fθ j represents the extracted feature from modality j, where j ∈ [X − ray, MRI], and M
(i)
j

represents the input for sample i from modality j. The outer loss function L computes the loss

between the aggregated feature extractions from all modalities and the true label y(i).

The fused features are then passed through a multi-layer perceptron (see Fig. 5.1, which is

trained to predict the presence or absence of cartilage lesions and meniscus tears disease, as

explained in the following section.

5.3.3 Multi-label Process

Let Faxi, Fsag and Fcor be the feature extractors for axial, sagittal, and coronal scans, respectively.

Given a training set D = (I(i)
axi

, I
(i)
sag, I

(i)
cor, y

(i)
m , y

(i)
c )

N

i=1, where y
(i)
c denotes the label of the ith

sample for cartilage loss, and y
(i)
m is the label of the same ith sample for meniscus tears.

Using the training set D, we represent the multi-label approach as follows:

• For the meniscus tear detection task, we train the M3NET using fused meniscus features,

fm with wm parameters, which takes the fused features zi as input and outputs a predicted

probability, ŷm:

(5.4) ŷm = fm(zi;wm).

• For the task of cartilage lesion detection, we train the M3NET model using specific cartilage

features, denoted as fc, along with their corresponding parameters, wc. The model inputs

include the fused features zi, which are integrated into the network to generate a predicted

probability, ŷc, for the presence of cartilage lesions:

(5.5) ŷc = fc(zi;wc).

To train the proposed M3NET, we minimize the training loss over the training set for both

tasks simultaneously using the following objective function:

(5.6) Mt = minwm,wc
1
N

N
∑

i=1
Lm( ŷm

(i),Y (i)
m )+Lc( ŷc

(i),Y (i)
c ),

where Lm and Lc are the loss functions for the meniscus and cartilage tasks, respectively. And

Ym, Yc are the true labels for meniscus and cartilage scans, respectively.
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5.3.4 Separate-Feature Fusion Strategy in M3NET

M3NET leverages a novel separate-feature fusion strategy to harness the distinct and com-

plementary information embedded within MRI and X-ray data for the robust identification of

meniscus and cartilage pathologies. This approach capitalizes on the strengths of each modality

while mitigating their inherent limitations.

In this chapter, we used our 3D-RES-GAP model (presented in the previous chapter, see

section (4.2.1) as an encoder part of M3NET for the MRI input branches, while we adapted

3D-RES-GAP to support 2D data for the X-ray branch. This parallel processing paradigm allows

for the extraction of modality-specific features optimally tailored for characterizing meniscus and

cartilage abnormalities.

Each network branch, responsible for processing either MRI or X-ray data, is meticulously de-

signed to extract two distinct feature sets: one specifically characterizing meniscus abnormalities

and the other delineating cartilage lesions. This separation allows the model to learn specialized

representations for each anatomical structure, potentially enhancing both performance and

interpretability. By focusing on distinct feature sets, the model can better capture subtle nuances

in imaging characteristics that might be indicative of specific pathologies.

To achieve this separate feature extraction, we utilize a dual-output layer architecture within

each model. Instead of a single output layer producing a combined representation, two parallel

output layers are employed, each focusing on a specific anatomical structure. This architecture

enables the model to learn distinct feature representations while retaining the ability to capture

interdependencies between the meniscus and cartilage through shared layers preceding the

dual-output layer. This shared representation allows information to flow between the two feature

extraction pathways, fostering a more holistic understanding of the knee joint.

The features extracted from the MRI and X-ray branches are subsequently fused using

specialized layers that integrate the meniscus and cartilage feature sets across modalities. We

rigorously evaluate several fusion techniques to determine the optimal approach for combining

these multimodal multiview representations.

5.3.5 Fusion Methods

This section delves into the intricacies of feature fusion, a critical element in maximizing deep

learning model performance when integrating data from multiple MRI views and X-ray images.

We explore various fusion techniques to effectively combine these feature representations.

Let Fcor, Fxray, Fsag, and Fax represent the feature vectors extracted from 3D Coronal MPR,

2D X-ray, 3D Sagittal TSE, and 3D Axial scans, respectively.

1. Linear Fusion (Feature Sum)

M3NET leverages feature addition for linear fusion of multi-modal and multiview imaging

data, capturing complementary information across different modalities. Given the feature
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vectors from corresponding imaging techniques, the linearly fused feature vector Flinear is

defined as:

(5.7) Flinear = Fcor +Fxray +Fsag +Fax,

where + denotes element-wise vector addition. This fusion strategy promotes feature

synergy and is instrumental for subsequent meniscus and cartilage evaluation tasks within

M3NET.

2. Feature Concatenation

M3NET employs feature concatenation to integrate multi-view MRI and X-ray features for

enhanced representation. The concatenated feature vector Fconcat is formulated as:

(5.8) Fconcat = [Fcor ⊕Fxray ⊕Fsag ⊕Fax],

where ⊕ represents the concatenation operator, the concatenated vector Fconcat serves as

input for dedicated dense layers, facilitating simultaneous meniscus and cartilage pathology

predictions within the unified framework of M3NET.

3. Feature Averaging

The feature averaging strategy consolidates extracted feature sets from the respective imag-

ing modalities into a single representation. The averaged feature vector Favg is computed

as the arithmetic mean across all modalities for each feature index, subsequently utilized

for both meniscus and cartilage detection tasks. Formally, the fusion process for a set of M

modalities is defined as:

(5.9) Favg =
1
M

M
∑

i=1
Fi,

where Fi represents the feature set from the i-th modality. This unified feature vector

encapsulates a comprehensive representation conducive for subsequent classification layers

in M3NET.

4. Multimodal Attention Fusion

Given the feature sets extracted from different modalities, denoted as Fcor, Fxray, Fsag, and

Fax for 3D coronal MPR, 2D X-ray, 3D sagittal TSE, and 3D axial MRI, respectively, we

consider each feature set containing N features extracted by the 3D-ResNet models.
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To compute attention scores, we introduce a trainable attention network parameterized by

θ. The attention scores αi for each feature set Fi, where i ∈ {cor,xray,sag,ax}, are calculated

as:

(5.10) αi =
exp(w⊤

i
Fi)

∑

j∈{cor,xray,sag,ax} exp(w⊤
j

F j)
,

where wi are learned weight vectors signifying the importance of the features in Fi.

We perform attention-weighted feature fusion for meniscus and cartilage lesion detection

tasks by computing:

(5.11) Fk =
∑

i∈{cor,xray,sag,ax}
αi,k ·Fi,k,

where αi,k is the weighting factor for the features of sample i specific to the injury

class k, and Fi,k represents the features of sample i from the injury class feature k ∈
{meniscus features, cartilage features}.

This process yields two attention-weighted composite feature representations, Fmeniscus_fused

and Fcartilage_fused, for subsequent analysis tasks.

These specialized fusion layers are implemented as trainable layers within the network archi-

tecture, enabling the model to learn optimal weights for combining modality-specific features.

The fused feature representation is then used for the final prediction of meniscus and cartilage

pathologies.

We conduct an empirical assessment to gauge the impact of each fusion mechanism on the

model’s predictive accuracy, identifying the most effective fusion strategy for combining MRI and

X-ray data in the context of meniscus and cartilage pathology detection. This evaluation sets the

stage for a robust comparison with traditional late fusion strategies, where features are extracted

and processed separately for each modality before being combined at the final prediction stage.

By comparing our separate-feature fusion approach with late fusion, we can assess the potential

benefits of early integration and joint feature learning across modalities.

5.4 Experiments

5.4.1 Dataset

This study utilizes the comprehensive dataset provided by the OAI database, which includes

multiple imaging modalities. A total of 1,519 MRI scans were selected based on their annotations

with MOAKS labels for cartilage loss. Concurrently, meniscus labels and corresponding X-rays
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In the Separate-Feature fusion experiments, the linear fusion modality consistently outper-

forms the other methods, achieving an AUC of 86.87 for cartilage and 87.42 for meniscus, with

ACC values of 87.71 and 87.39, respectively. The Concatenation fusion modality, while robust,

falls slightly behind the linear fusion, with AUC values of 85.22 for cartilage and 85.69 for menis-

cus, and ACC values of 85.62 and 85.40, respectively. Averaging modality within separate-feature

fusion also trails behind the linear fusion, with AUC values of 84.17 for cartilage and 84.43 for

meniscus, and ACC values of 84.50 and 84.92, respectively. The MultiModal Attention fusion

modality delivers competitive performance but is generally slightly below the linear fusion.

5.5.1 Discussion

In this section, we discuss experimental results that evaluate the performance of various fusion

techniques within the context of our M3NET framework. The primary objective of our study

is to simultaneously classify meniscus and cartilage injuries by aggregating features extracted

from multi-view 3D MRI scans and 2D X-rays. We have investigated the separate-feature fu-

sion method, employing diverse modalities for feature aggregation. This approach was chosen

to leverage the unique information captured by each imaging modality while maintaining a

computationally manageable framework.

As illustrated in Table 5.1, a comparison of the fusion modalities reveals that separate-

feature fusion techniques achieve reasonably good performance in terms of AUC and ACC for

both cartilage lesion and meniscus tear detection. This finding supports the hypothesis that

integrating information from multiple imaging modalities can enhance the diagnostic accuracy of

knee injury classification.

The results demonstrate that the linear fusion modality consistently yields the most robust

classification performance. This outcome underscores the efficacy of feature combination through

element-wise addition, as it successfully harnesses the synergistic information present in the

distinct knee scanning modalities. By simply adding the feature vectors, the linear fusion method

effectively combines the complementary information captured by MRI and X-ray, leading to

improved discrimination between healthy and injured tissues.

Similarly, the concatenation fusion method exhibits meritorious performance across various

scenarios, affirming the capability of feature concatenation to effectively capture discriminative

information from diverse sources. By concatenating the feature vectors, this method creates a

richer representation of the knee joint, allowing the model to learn more complex relationships

between the different imaging modalities and the presence of injury.

While the Averaging fusion modality demonstrates competitive results, it generally trails

behind the linear fusion modality. This finding implies that the practice of combining features

through averaging may not optimally exploit the complementary characteristics inherent in

the different modalities or views. Averaging can potentially dilute the discriminative power of

individual features, leading to a less effective representation of the underlying pathology.

89



CHAPTER 5. M3NET: A 3D JOINT MULTIVIEW MULTI-LABEL MULTIMODAL NETWORK
FOR KNEE INJURIES CLASSIFICATION

The MultiModal Attention fusion modality, while designed to selectively attend to relevant

features from different modalities, did not outperform the linear fusion method in this study.

This suggests that the simpler linear fusion approach is sufficient to capture the relevant

information for accurate classification in this context. Further investigation is needed to explore

the potential benefits of attention mechanisms in more complex scenarios or with different

network architectures.

Overall, the results of this study highlight the effectiveness of separate-feature fusion tech-

niques, particularly the linear fusion modality, for integrating information from multi-view 3D

MRI and 2D X-ray data for the simultaneous classification of meniscus and cartilage injuries. The

superior performance of the linear fusion method suggests that a simple yet effective combination

of features can lead to robust and accurate classification results. Future research will focus

on exploring more sophisticated fusion techniques and incorporating larger and more diverse

datasets to further improve the performance and generalizability of the M3NET framework.

When combining data from multiple viewpoints and modalities, there is a possibility of

capturing overlapping or redundant information. This redundancy can arise from the inherent

correlations between different views of the same anatomical structure or from the complementary

nature of different imaging modalities that may capture similar underlying features. For instance,

both MRI and X-ray can reveal information about bone structure and alignment, potentially

leading to redundant features when integrated into a single model.

5.5.2 Ablation study

In this section, we conduct an ablation study to assess the influence of the different modalities,

views and task variations on the M3NET framework’s performance for both classification tasks.

It is worth noting that these results in the MRI view and modality ablations are the averages of

ACC and AUC across meniscus tear classification and cartilage lesion classification using linear

fusion.

First, we examine the impact of the MRI and X-rays modalities on the M3NET framework.

As can be seen in Table 5.2, results indicate that compared to X-ray scans, multi-view MRI tends

to give superior performance due to the large data used for training. The type of modality (MRI

vs. X-ray) impacts significantly the accuracy and the AUC, with MRI outperforming X-ray.

Investigating the MRI views shows that the Sagittal view scans (using the SAG IW TSE

volumes) reach an ACC of 80.15 and an AUC of 80.46, underlining its effectiveness. Using the

coronal view scans only excels with an ACC of 83.68 and an AUC of 82.19. While the axial view

scans closely follow with an ACC of 83.54 and an AUC of 82.71. When all MRI views are combined,

the framework achieves its best performance, resulting in an ACC of 83.87 and an AUC of 84.15.

Different MRI views (Sagittal, Coronal, Axial) exhibit varying performance, and combining them

enhances overall results. Training the M3NET framework to classify both cartilage and meniscus

using multi-views yields the highest performance, with an ACC of 87.6 and an AUC of 87.15.
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Focusing solely on cartilage classification with multi-views results in an ACC of 85.15 and an

AUC of 86.83. While concentrating on meniscus classification alone, using multi-views achieves

an ACC of 86.34 and an AUC of 86.54.

If there is a need to simultaneously classify both cartilage and meniscus conditions, configur-

ing the M3NET framework for dual classification offers the highest overall performance. However,

if the application demands specialized classification, the framework can be fine-tuned for either

cartilage or meniscus classification, with both configurations providing solid accuracy and AUC

results. These findings highlight the adaptability of the M3NET framework for different medical

imaging tasks.

Table 5.2: Ablative study experiments on M3NET components

Ablation Modality View ACC AUC

Modality Ablation MRI multi-views 82.15 81.53
X-ray – 78.63 79.29
MRI & X-ray – 86.87 87.71

MRI View Ablation N/A Sagittal 80.15 80.46
N/A Coronal 83.68 82.19
N/A Axial 83.54 82.71
N/A multiview 83.87 84.15

Task Ablation Both multiview 87.60 87.15
Cartilage Only multiview 85.15 86.83
Meniscus Only multiview 86.34 86.54

5.5.3 Limitations

While integrating multiview, multimodal imaging data offers significant potential for enhancing

diagnostic accuracy and providing a more comprehensive understanding of knee OA and related

injuries, it also presents certain challenges and limitations. One notable concern is the potential

for feature redundancy and its impact on model performance.

In the context of this study, while the employed separate-feature fusion approach aims to

leverage the unique information captured by each modality, the potential for feature redun-

dancy remains a consideration. Future research will focus on incorporating feature selection or

dimensionality reduction techniques to further optimize the model and mitigate the potential

impact of redundant features. Moreover, exploring more sophisticated fusion techniques that can

intelligently select and combine relevant features from different modalities could lead to further

improvements in model performance and generalizability.
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5.6 Conclusion

In this chapter, we introduced an innovative learning model, M3NET for knee injuries diagnostics,

which integrates multi-modal, multi-view, and multi-label learning paradigms into a single three-

dimensional network. Utilizing a large annotated dataset, our method capitalized on the strengths

of 3D-ResNet models for MRI analysis and 2D-ResNet models for X-ray evaluation, extracting

relevant features necessary for the assessment of meniscus and cartilage health.

M3NET leverages a distinct feature fusion strategy to effectively utilize 1519 MRI scans

and 1519 X-ray images from multiple views, all carefully annotated for accurate training and

validation. A custom training of YoloV8 was employed for ROI detection, significantly enhancing

the efficiency and accuracy of the feature extraction process.

The results from our extensive experimentation demonstrate that M3NET is not only viable

but also excels in extracting and utilizing diagnostic features from complex imaging data. Its

capability to adapt and identify critical features from both MRI and X-ray modalities makes it a

valuable tool for the advancement of knee injury diagnostics.

In the following chapter, we explain how we effectively trained 2D deep learning models on

3D volumetric MRI for the detection of knee OA using multi-view MRI scans.
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MVMI: MULTI-VIEW MULTI-INSTANCE NETWORK FOR THE

DETECTION OF KNEE OSTEOARTHRITIS

T
raditional methods for diagnosing OA from 3D MRI often struggle to recognize this

complex disease effectively due to limitations in capturing the critical, subtle details in

individual MRI volumes. Also, the complexity of training large models on volume-based

data is expensive and complex. In this chapter, we present a new effective approach to training

simple 2D CNN models on multi-view 3D MRI scans, making the training faster, and more

efficient.

6.1 Introduction

MRI is a reliable tool for assessing knee OA, surpassing traditional X-ray methods that primarily

capture bone abnormalities [38, 39]. Unlike X-rays, MRI provides a comprehensive view of the

entire knee joint, including cartilage, bone, synovitis, ligaments, and soft tissues. This detailed

imaging capability allows for the detection of OA signs that are not visible in X-rays [4], offering

a deeper understanding of the joint’s structural integrity and the nuanced pathological changes

associated with the condition.

MRI not only fills this gap by providing detailed and high-resolution images but also offers

the unique advantage of non-invasive, multi-planar imaging capabilities. This enables a more

thorough assessment of the knee joint from multiple views, which is crucial for a comprehensive

analysis of the disease’s progression. Nevertheless, the vast amount of data produced by MRI

scans requires sophisticated processing techniques to extract diagnostically relevant information

effectively, highlighting the importance of advanced computational models in enhancing the

diagnostic process.
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Despite the advantages of current deep learning models in MRI analysis, their implementation

in knee OA detection presents specific limitations:

• Volume-Based input: When entire MRI volumes are fed into 3D CNNs, the models often

face significant computational demands [165]. This can lead to practical constraints on

the resolution and size of the data that can be processed, potentially reducing the clinical

utility of the models. Moreover, the aggregation of volumetric data may result in a loss of

critical localized details. For example, small but clinically significant anomalies might be

averaged out or obscured in the larger volume context, which can lead to missed diagnoses

or inaccuracies [166].

• Single-View Constraint: The prevalent reliance on a single MRI view in most existing

models limits their diagnostic scope. Important pathological indicators of OA, which may

be more clearly visible in different planes, are often overlooked [142, 157]. This single-view

approach undermines the capacity of the models to provide a comprehensive assessment

of the knee joint, as different views can reveal different aspects of the joint pathology. As

a result, the diagnostic accuracy is compromised, particularly in cases where OA affects

areas of the knee that are not optimally visualized from the sagittal plane.

To address the challenges and limitations of existing approaches, we propose the Multiview

Multi-instance Network (MVMI). The proposed MVMI network is inspired by the efficiency of

both multiview learning and multi-instance learning, particularly their abilities to enhance the

interpretation of complex structures like the knee joint and its compartments. By incorporating

both coronal and sagittal views of the knee, MVMI captures a holistic representation of the knee.

The coronal view, with its frontal viewpoint, is important in assessing the knee joint’s alignment

and evaluating the condition of the menisci, as well as the lateral and medial compartments.

In contrast, the sagittal view provides a detailed side perspective, crucial for examining the

integrity of the anterior and posterior cruciate ligaments and assessing cartilage thickness. By

synthesizing these distinct but complementary views, MVMI ensures a more complete analysis,

where pathologies that might be obscured in one view are highlighted in another, thus enhancing

the accuracy and reliability of knee OA diagnosis.

In the MVMI architecture, Multi-Instance Learning (MIL) complements our multiview ap-

proach by enhancing the analysis of MRI scans slice by slice. Similar to how radiologists review

MRI scans, MIL treats each slice as an individual instance within a broader collection or "bag".

This method not only mimics the sequential examination process used in clinical practice but also

aligns seamlessly with the multiview strategy by allowing each view’s unique characteristics to

be analyzed in detail. By enabling a focused assessment of each slice, MIL reduces computational

demands and ensures that critical, view-specific details are not overlooked. This integration of

MIL into the multiview framework enhances the overall diagnostic precision of the MVMI model,

making it a robust tool for identifying knee OA with high accuracy.
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The overall objective of this paper is to introduce a pioneering model, MVMI that integrates

multiview learning with multi-instance learning to address the complexities of diagnosing knee

OA via MRI. This approach not only enhances diagnostic accuracy by leveraging diverse anatom-

ical perspectives and focusing on crucial localized features but also improves computational

efficiency. Our contributions extend to demonstrating MVMI’s superior performance through

rigorous validation on the OAI dataset, highlighting its potential as a new standard in knee

injuries diagnostics.

Despite the advancements and good performance of current deep learning methods in diag-

nosing knee OA using MRI, these approaches still face significant limitations. These challenges

largely stem from the traditional reliance on whole MRI volumes as input for model training and

the frequent use of a single MRI view, which can impede both the efficacy and efficiency of the

diagnostic process. Recent studies achieved better performance in terms of knee OA detection

from multi-view MRI on the OAI database, Berrimi et al. [157] introduced a pseudo-labeling

framework for detecting knee OA using multi-view MRI scans, and aggregates multiple MRI

views using a concatenation layer obtaining an accuracy of 93.21%.

Using entire MRI volumes as input for 3D CNN models presents substantial computational

challenges [165]. Processing these large volumes demands significant memory and computational

power, hindering deployment in clinical settings where rapid diagnoses are critical. Additionally,

analyzing entire volumes risks diluting crucial localized features [166]. Subtle pathological

indicators, like small lesions, can become obscured within the aggregated data, compromising

detection and accurate staging.

MIL offers a compelling solution to these challenges. In MIL, a 3D MRI volume is treated as

a "bag" composed of multiple smaller 3D "instances" (e.g., patches or sub-volumes). Instead of

training on the entire volume, the model learns from these individual instances, significantly

reducing computational burden while preserving localized information. By focusing on smaller,

information-rich regions within the larger volume, MIL enables efficient and sensitive analysis of

3D medical images, paving the way for more practical and accurate diagnostic models.

Furthermore, Most existing models rely on a single MRI view, typically the sagittal plane.

While this view can provide valuable information about certain aspects of the knee joint, it may

not capture other critical features visible only in the coronal or axial planes. This limitation

restricts the model’s ability to perform a comprehensive assessment of the knee joint. Pathological

features that are more pronounced or exclusively visible in alternative views can be completely

missed, potentially leading to incomplete or inaccurate diagnoses. For instance, certain types of

meniscus tears or cartilage degradation may only be evident in the coronal view and not in the

sagittal plane.

Multiview learning frameworks are fundamentally motivated by the understanding that

images of the same object, captured from multiple perspectives, can provide complementary

information that is crucial for a more comprehensive analysis [157]. In the context of knee MRI,
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employing a multiview approach is particularly beneficial because it enables the model to capture

and integrate diverse anatomical features that may not be visible or are less discernible from a

single view.

In knee MRI, the complexity of the joint’s anatomy necessitates detailed imaging from multiple

planes to accurately assess the health of all structures involved. For instance, sagittal view is

optimal for evaluating the anterior and posterior aspects of the knee, including the cruciate

ligaments and the cartilage covering the femoral and tibial surfaces. Certain types of meniscal

tears, particularly those in the posterior horns, are more clearly visible in the sagittal view.

Although, the coronal view provides critical insights into the medial and lateral compartments of

the knee. It is especially valuable for assessing the spacing between the femur and tibia, detecting

meniscus extrusion, and evaluating the overall alignment of the knee. Some types of cartilage

wear and osteophyte formation are best observed from this perspective.

As previously mentioned in 5.3.1 multiview learning not only enhances the model’s ability to

perform a thorough and accurate analysis by leveraging the unique strengths of each view, but it

also mimics the holistic approach that a radiologist takes in evaluating MRI scans to diagnose

knee OA.

6.2 Multi-View Multi-Instance network (MVMI)

In this section, we present the overall MVMI architecture, which is composed of three key

components: (i) Feature extraction and encoding in which we develop a new custom and efficient

CNN model that we train from scratch on the dataset employing complex and robust modules for

the extraction of relevant knee OA features from the MRI slices. (ii) Multi-Instance setting in

which we explain how we adapt the CNN model with a two-dimensional setting for a 3D MRI

input. Doing so, we leverage the power of MIL frameworks to enable the model treating each 2D

slice as a distinct instance within a larger "bag" of slices, optimizing the analysis for detailed and

localized feature recognition. (iii) Lastly, to enhance the model’s diagnostic capability, the MVMI

framework is customized to support dual branches, each processing a different anatomical view

of the 3D MRI scans.

6.2.1 Res-Squeez-Net

: For feature extraction, we propose Res-Squeez-Net, which integrates sophisticated residual

blocks [93] and Squeeze-and-Excitation (SE) blocks [167], to efficiently harness and decode

complex patterns within MRI slices, facilitating robust extraction of critical features indicative of

knee OA:

1. Residual learning: Residual blocks in Res-Squeez-Net incorporate shortcut connections that

facilitate identity mapping, ensuring that the signal can bypass one or more layers directly.
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This architecture supports effective gradient propagation, which is critical for maintaining

the performance of the network as depth increases.

• Direct Shortcut Connection: When the input and output feature maps of the residual

block have the same dimensions, the input x is directly added to the function C(x,Wi):

(6.1) xout = C(x,Wi)+ x

C(x,Wi) applies transformations to the input x using the specified weights Wi. The

result of this transformation is then added directly to the original input x through a

shortcut connection.

• Adaptive Shortcut Connection: If a mismatch in dimensions exists, particularly in the

number of channels, a 1×1 convolution Ws is applied to match the dimensions:

(6.2) xout = C(x,Wi)+Wsx

The weightsWs operate primarily to align the channel dimensions before the addition,

ensuring that the input x can seamlessly integrate with the block’s output.

2. Squeeze-and-Excitation (SE): The SE block acts as a mechanism to adaptively adjust the

importance (or weights) of each channel in a feature map by enabling it to perform dynamic

channel-wise feature recalibration [167]. Henceforth, it allows the network to focus more

on informative features and suppress less useful ones. This is important for our use case

since the clinical features of knee OA in the MRI slices are located only in some parts of

the scans.

• The SE block begins with the squeeze operation, which is performed using Global

Average Pooling (GAP). In this step, each channel of the input feature map is com-

pressed into a single scalar. This scalar represents the spatial average of the feature

activations across the entire channel. For a given feature map F of dimensions HxW

(height and width), the output, zc of the GAP for each channel is calculated as:

(6.3) zc =
1

H×W

H
∑

i=1

W
∑

j=1
Fc(i, j)

• The excitation operation applies a fully connected neural network to each chan-

nel descriptor FCN with channels 1x1xK . This network consists of two layers: a

dimension-reduction layer with a ReLU activation function, followed by a dimension-

expansion layer with a sigmoid activation function. The output of the excitation phase

is a set of scalar coefficients for each channel, calculated as:
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(6.4) sc =σ(W1 ·ReLU(W2 · zc))

σ is the sigmoid function, W1 and W2 are respectively the weights of the first and

second layers of the fully connected network.

• The final step of the SE block involves applying the learned channel-wise scaling

factors sc back to the original feature map. This scaling adjusts the amplitude of the

input feature activations, enhancing those that are more relevant and suppressing

those that are less important.

(6.5) ỹ= sc ⊙ x′′

where ỹ is the output of the SE block after scaling, and sc represents the vector

of scaling factors derived from the excitation operation. The ⊙ is the element-wise

multiplication, and x′′ is the input to the SE block, typically the output from the

convolutional layers within the residual block. The purpose of adding scaling is to

recalibrate the feature channels according to their importance, which the model learns

during training. By adjusting the activations in this manner, the network can focus

more on useful features while diminishing less useful ones.

6.2.2 Multi-View, Multi-Instance Modules:

Two essential steps of MVMI are employed to ensure robustness in the model training, (i) the

creation of bag instances (slices) from the multi-view MRI volumes, and (ii) the aggregation of

instance-level predictions to summarize the features across all instances in a bag, where general

trends across slices can indicate important diagnostic information, as illustrated in Fig. 6.1.

1. Bag instance creation: In the multi-instance module within MVMI, the concept of Multi-

Instance Learning (MIL) is crucial for effectively handling the 3D MRI data, which consists

of numerous 2D slices. Here, each 3D MRI volume is treated as a "bag," and the 2D slices

that make up the volume are considered "instances" within that bag. This decomposition

process is essential because it allows the model to examine each slice individually while

still considering the entire volume’s structural and contextual information.

For both coronal and sagittal view scans, the MRI volume V is decomposed into its con-

stituent slices:

(6.6) VCor = {scor
1 , scor

2 , . . . , scor
N }
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(6.7) VSag = {ssag
1 , ssag

2 , . . . , ssag
M

}

where N and M represent the number of slices in the coronal and sagittal views, respectively.

These slices differ in number due to the varying acquisition protocols used in COR MPR

and SAG IW-TSE imaging.

The MIL framework treats each bag of slices from a single MRI volume as a unit that must

be processed together. During model training, it is critical that all slices in a bag are passed

through the network simultaneously in both forward and backward passes. This is achieved

by setting the batch size to 1, ensuring that the spatial and contextual integrity of the slices

within the volume is maintained. This approach allows the model to capture the intricate

relationships between slices, which is particularly important for identifying patterns and

features that are distributed across multiple instances within the same volume.

2. Instance-features aggregation: After processing the individual instances within a

bag, the next step involves aggregating the features extracted from each slice to form

a comprehensive representation of the entire MRI volume. In the MVMI model, this

aggregation is performed using average pooling, which plays a critical role in the MIL

process.

The purpose of average pooling in this context is to synthesize the feature embeddings

obtained from each slice into a single, cohesive feature vector for each MRI view (either

sagittal or coronal). By calculating the mean of the instance embeddings, the model produces

a feature vector that captures the dominant characteristics of the pathology across all slices.

This method ensures that the final representation is robust to variations within individual

slices, such as noise or irrelevant artifacts, which might otherwise distort the diagnostic

conclusions.

The aggregation process is mathematically expressed as follows:

(6.8) Pavg =
1
K

K
∑

i=1
pi

where Pavg denotes the aggregated feature vector for a specific view, and pi represents the

feature embedding of the i-th slice within that view. K is the total number of slices processed

for the view. This resulting vector encapsulates the essential diagnostic information derived

from the entire set of slices, allowing the model to make informed predictions based on the

aggregated features.

The design of this MIL module within MVMI ensures that the model can effectively learn

from the complex, multi-slice structure of MRI data. By aggregating instance-level features
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using the proposed Res-Squeeze-Net model and then fused to form a comprehensive feature

set F that the model can use to determine the final class of the input scans. The feature

fusion is achieved through a concatenation operation ⊙ (see Fig. 6.1-D), which aligns and

merges the feature vectors from each view into a single extended vector. The last is then

used as input to the multi-layer-perceptron which is composed of two dense layers with

ReLU activations.

Let Fcor, Fsag be the extracted features from the Res-Squeeze-Net model from the coronal

and sagittal views, respectively. The concatenated feature vector F for multi-view features

can be represented as:

(6.9) F = [Fcor ⊙Fsag]

where ⊙ denotes the concatenation operation.

The MVMI network is trained with the objective of minimizing the Binary Cross-Entropy

(BCE) loss function:

(6.10) BCE =−
1
N

N
∑

i=1

[

y(i) log( ŷ(i))+ (1− y(i)) log(1− ŷ(i))
]

where, y is the true label (0 or 1 for absence or presence of knee OA, respectively), and ŷ is

the predicted probability. This probability is derived by applying a sigmoid function to the

neural network’s output, which utilizes the concatenated features.

In the following section, we detail the experiments and ablation studies conducted to

evaluate the efficiency of the MVMI network, utilizing the OAI database.

6.3 Experiments and results

6.3.1 Experimental Setup

In our experiments, we employed kernel regularization using the L2 norm [168]. The training

was conducted using the Adam optimizer for 250 epochs, starting with an initial learning rate of

3×10−4. To enhance training efficiency and promote effective convergence, we implemented an

Exponential Decay schedule for the learning rate. This approach allows for substantial initial

learning rate values that facilitate rapid early progress, which then gradually decrease to enable

finer adjustments as the training progresses.
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The computational environment consisted of TensorFlow v2.12.0 running on an Nvidia TESLA

A100 GPU, which is equipped with 40 GB of memory. This setup ensured robust handling of

computational tasks. To ensure a rigorous evaluation of the model’s performance, the dataset

was split into 80% training and 20% validation.

6.3.2 Results

In this study, we evaluated the performance of our custom model, Res-Squeez-Net, for the

detection of knee OA using the proposed MVMI network. The model was assessed in various

configurations and compared with baseline models, namely Inception-V3 and DenseNet-121,

using two different MRI scans: Coronal MPR (COR) and Sagittal IW-TSE (SAG).

Table 6.1: Results obtained using our proposed Res-Squeez-Net model with and without MV
(Multi-View) and MIL (Multi-Instance) modules, using the COR MPR and SAG IW-TSE scans.
The table also includes a comparison of our Res-Squeez-Net with other baseline models.

Model MRI View MIL ACC (%) AUC (%)
COR SAG instance-based volume-based
✓ ✗ ✓ ✗ 83.62 92.14
✓ ✗ ✗ ✓ 77.33 81.14

Inceptionv-V3 [94] ✗ ✓ ✓ ✗ 66.10 81.80
✗ ✓ ✗ ✓ 63.56 75.10
✓ ✓ ✗ ✓ 79.44 82.82
✓ ✓ ✓ ✗ 80.71 84.46
✓ ✗ ✓ ✗ 90.09 92.99

DenseNet-121 [96] ✗ ✓ ✓ ✗ 78.53 88.61
✗ ✓ ✗ ✓ 63.82 75.09
✓ ✗ ✗ ✓ 72.30 73.43
✓ ✓ ✓ ✗ 77.40 84.51
✓ ✓ ✗ ✓ 79.97 83.05
✓ ✗ ✓ ✗ 84.75 93.41

ResSqueezNet ✓ ✗ ✗ ✓ 79.10 87.23
✗ ✓ ✓ ✗ 72.32 86.76
✗ ✓ ✗ ✓ 74.01 83.25
✓ ✓ ✗ ✓ 75.14 83.45
✓ ✓ ✓ ✗ 88.13 94.52

As shown in Table 6.1, the various configurations of the Res-Squeez-Net, InceptionV3, and

DenseNet-121 models were evaluated using COR and SAG MRI views, with different combina-

tions of Multi-Instance Learning (MIL) and volume-based learning strategies.

The proposed Res-Squeez-Net model achieved its highest performance when both COR and

SAG views were used with the instance-based MIL, resulting in an accuracy of 88.13% and

an AUC of 94.52%. In single-view setups, the COR view with instance-based MIL reached an

accuracy of 84.75% and an AUC of 93.41%. When using the SAG view alone with instance-

based MIL, the performance dropped to 72.32% for accuracy and 86.76% for AUC. Volume-based
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learning in dual views yielded lower results, with an accuracy of 75.14% and an AUC of 83.45%

for both COR and SAG views combined.

InceptionV3, in contrast, demonstrated the best performance under a dual-view, instance-

based MIL setup with an accuracy of 80.71% and an AUC of 84.46%. When this model employed

a single COR view with instance-based MIL, it achieved an accuracy of 83.62% and an AUC of

92.14%. Performance declined when using the SAG view alone, recording an accuracy of 66.10%

and an AUC of 81.80%. The volume-based learning configurations generally resulted in lower

performance metrics across the board.

DenseNet-121 showed its best single-view performance with the COR view and instance-based

MIL, where it achieved an accuracy of 90.09% and an AUC of 92.99%. This was the highest single-

view performance across all models. However, in a dual-view, instance-based MIL configuration,

accuracy was lower at 77.40% and AUC at 84.51%. The SAG view alone with instance-based MIL

yielded an accuracy of 78.53% and an AUC of 88.61%.

Table 6.2: Comparative evaluation of the proposed MVMI network with several studies for knee
OA detection using different MRI views

Model View AUC (%)
Guida et al. [76] Sag 91.00
Chang et al. [146] Sag 85.30
Pedoia et al. [75] Sag 82.44
Alexopoulos et al. [74] Sag 66.99
Berrimi et al. [157] Multiview 93.20
MVMI (ours) Multi-view 94.52

Table 6.2 presents the comparative evaluation of the proposed MVMI network alongside exist-

ing related works for the detection of knee OA using MRI scans. The MVMI model demonstrated

superior performance, achieving the highest AUC of 94.52% among all compared models.

The comparison underscores the efficacy of the multiview approach over single-view method-

ologies. While single-view models, employing only sagittal views, show lower performance metrics

(ranging from AUC of 66.99% to 91.00%), multiview models consistently deliver higher AUC.

Notably, the model by Berrimi et al. [157], another multiview approach, also performs well,

highlighting the advantages of leveraging multiple anatomical perspectives.

6.4 Discussion

The superior performance of the proposed MVMI network over other models can be attributed

to its integration of multiview data and the effectiveness of its underlying CNN architecture,

the Res-Squeeze-Net, which integrates robust components, namely, residual connections and SE

modules. The multiview integration employed by the MVMI network harnesses the distinctive

yet complementary perspectives provided by different anatomical planes of knee MRI scans.
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This approach enables the model to capture a broader and more nuanced range of pathological

features, which are often visible in one anatomical slice but not in others. In contrast, volume-

based learning might dilute such critical localized information by averaging features across the

entire volume.

Comparing the performance of Res-Squeez-Net with state-of-the-art models like , Inception-

V3, and DenseNet-121 provided additional insights. Although DenseNet-121 performed excep-

tionally well in single-view, instance-based configurations, it did not exhibit the same level of

performance in multiview settings as Res-Squeez-Net. This could indicate that while DenseNet-

121 is highly capable of extracting effective features from a single slice, its adaptability to combine

and synthesize information across multiple planes might be limited compared to Res-Squeez-Net.

This observation aligns with the designed flexibility and integration capability embedded within

the architecture of Res-Squeez-Net, which may be better suited for handling the complexities of

multiview MRI data.

The differential performance across COR and SAG views is another aspect worth noting. The

COR view generally resulted in higher accuracy and AUC than the SAG view, which could be due

to the orientation and visibility of certain OA symptoms that are more pronounced or easier to

detect in the coronal view.

Regarding the lower performance noted in SAG TSE acquisition (e.g., 72.32% accuracy and

86.76% AUC for Res-Squeez-Net with MIL), several factors may contribute to this outcome. The

SAG TSE scan, consisting of 34 slices, provides a different anatomical perspective compared to the

50 slices of the COR MPR. The lower number of slices and potential differences in slice thickness

and inter-slice spacing in the SAG TSE might lead to a less comprehensive representation of the

knee joint. Moreover, the alignment and capture of knee structures in sagittal views can be more

susceptible to patient movement and positioning errors, potentially complicating the learning

process for the models.

Moreover, the Res-Squeeze-Net architecture, a key component of the MVMI network, enhances

this capability by efficiently extracting and encoding relevant features from each view. The

network leverages residual connections to promote deeper learning without the risk of vanishing

gradients, alongside Squeeze-and-Excitation blocks that dynamically recalibrate channel-wise

feature responses based on their relevance. This enables the model to emphasize important

features while suppressing less informative ones, optimizing the feature extraction process for

each specific view.

Together with the MIL framework, which processes each slice as an independent instance

within the broader context of its respective MRI volume, MVMI ensures that both local and

global features are accurately captured and integrated. The model’s ability to treat each slice

independently but within the framework of its view-specific characteristics facilitates a more

refined analysis, enhancing the detection capabilities for early and subtle signs of knee OA that
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6.5 Conclusion

In this chapter, we have introduced a Multiview Multi-instance Network (MVMI) for diagnosing

knee OA. This approach utilizes multiview MRI data, combining features from both coronal and

sagittal planes to thoroughly analyze the knee joint. The core feature extractor of the MVMI model

is a custom Res-Squeeze-Net architecture, enhanced with residual and Squeeze-and-Excitation

blocks for improved relevant feature extraction.

By employing Multi-Instance Learning (MIL), each MRI slice is treated as an individual

instance, allowing the model to assess a range of pathological features with precision. The MVMI

network was validated using the OAI database and achieved an AUC of 94.52%, demonstrating

its capability. These results suggest that the MVMI model is a promising tool for the accurate

diagnosis of knee OA, showing potential improvements over some current methods.

In the following chapter, we present a new 2D MRI dataset with its corresponding knee

segmentation masks and our efforts towards building multi-task models to boost the classification

accuracy of knee OA with the help of segmentation maps.
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A MULTI-TASK APPROACH FOR AUTOMATED SEGMENTATION AND

CLASSIFICATION FROM MRI SLICES FOR KNEE OA DETECTION

Multi-task learning, which leverages shared information across related tasks, has demonstrated

superior performance in various medical imaging applications. This chapter explores the potential

of multi-task learning for enhancing knee OA classification accuracy using MRI. We first describe

the creation of a large-scale dataset comprising 2D MRI scans from two extensive cohorts,

meticulously annotated for both image segmentation and OA severity classification. Next, we

present a novel multi-task learning framework designed to simultaneously perform segmentation

of relevant knee structures and classify OA severity. This approach integrates segmentation

as a critical component, enhancing the overall predictive performance by providing detailed

anatomical insights.

7.1 Introduction

The accurate and timely diagnosis of knee OA is crucial for effective disease management and

improving patient outcomes. MRI has emerged as a powerful tool for assessing knee OA due to

its ability to visualize soft tissues and cartilage, providing valuable insights into the underlying

pathology [9]. While most MRI-based knee OA evaluation studies have traditionally relied on 3D

analysis methods, these approaches often face significant challenges, including the need for large

amounts of labeled data and the computationally demanding nature of 3D image processing. Our

previous work [157] addressed this challenge by developing a 3D analysis method for knee OA

detection, achieving promising results with an accuracy of up to 93.20%. However, the limitations

of 3D analysis, particularly in terms of computational burden and processing time, necessitate

the exploration of more efficient and clinically practical alternatives.
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This has led to a growing shift towards 2D analysis methods, which offer greater efficiency

and potential for wider accessibility in clinical settings. However, relying solely on 2D analysis

without incorporating segmentation models presents its own set of challenges. The absence of

segmentation models could result in the loss of critical spatial information essential for accurate

disease characterization and progression tracking. Segmentation models provide detailed anatom-

ical maps that help in precisely isolating affected areas, enhancing both diagnostic accuracy and

the efficacy of targeted treatments. Without these models, analyses might overlook subtle yet

clinically significant anomalies, potentially leading to less effective patient management.

Therefore, this chapter proposes a novel multi-task learning approach that combines the

efficiency of 2D analysis with the rich anatomical information provided by segmentation models.

This approach leverages the inherent synergy between segmentation and classification tasks,

allowing the model to learn a more comprehensive representation of the underlying OA pathol-

ogy. By incorporating segmentation as an auxiliary task, we aim to improve the accuracy and

robustness of OA classification while simultaneously providing valuable anatomical insights for

clinical decision-making.

7.2 Multitask Learning for Knee Osteoarthritis Detection from

MRI

Multitask learning (MTL) [169, 170] has emerged as a powerful paradigm in deep learning,

particularly within the realm of medical image analysis. Its ability to learn shared representations

across multiple related tasks simultaneously offers significant advantages over traditional single-

task approaches, including improved performance, enhanced generalization, and increased data

efficiency. While the pioneering application of MTL in medical imaging focused on Alzheimer’s

disease staging [171], a comprehensive review of the literature reveals a significant gap in its

application to knee osteoarthritis (OA) detection from MRI data. This research gap underscores

the need for further exploration of MTL’s potential in improving the accuracy and efficiency of

OA diagnosis and management.

In this context, we introduce a novel multitask learning framework designed to address

this gap by accurately detecting knee OA from 2D MRI images. Our work aims to automate

the diagnostic process, providing clinicians with a robust and reliable tool for identifying and

assessing OA with greater accuracy and efficiency. Specifically, we propose an approach that

integrates both classification and 2D segmentation tasks for OA prediction, a methodology not

previously explored in the existing literature. This integrated approach leverages the inherent

correlations between these tasks, allowing the model to learn a richer and more comprehensive

representation of the underlying OA pathology.
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The Synergy of Multitasking in Knee OA Analysis

The essence of multitask learning lies in its ability to exploit the synergistic relationships between

related tasks. In the context of knee OA detection, we hypothesize that learning to segment

the regions of cartilage degradation and bone spur formation (segmentation task) can provide

valuable contextual information that enhances the model’s ability to classify the presence or

absence of OA (classification task). Conversely, the classification task can guide the segmentation

process by providing a global understanding of the disease state. This mutual information

exchange between tasks facilitates a more holistic understanding of the underlying pathology,

leading to improved performance and generalization compared to training separate models for

each task independently.

Mathematically, we define our tasks as follows:

• Classification Task (T1): Predicting the presence or absence of knee OA, denoted by yc ∈
{0,1}, where yc = 1 indicates the presence of OA and yc = 0 indicates its absence.

• Segmentation Task (T2): Segmenting the regions of interest (ROIs) associated with OA,

such as cartilage and bone spurs. This is represented as a pixel-wise classification problem,

where each pixel p is assigned a label ys(p) ∈ {0,1}, with ys(p)= 1 indicating that pixel p

belongs to an ROI.

Our multitask learning framework aims to learn a model parameterized by θ that minimizes

the combined loss across both tasks:

(7.1) L (θ)=λcLc(θ;D)+λsLs(θ;D)

where Lc(θ;D) represents the classification loss function, typically binary cross-entropy, and

Ls(θ;D) represents the segmentation loss function, commonly Dice loss or cross-entropy. The

parameters λc and λs are task-specific weighting parameters that control the relative contribution

of each task to the overall loss. By jointly optimizing this combined loss function, the model learns

to extract features that are not only discriminative for OA classification but also informative for

segmenting the relevant anatomical structures.

Building upon this multitask learning paradigm, our work makes several key contributions

to the field of automated knee OA diagnosis:

• Comprehensive Input Modality Analysis: We conduct a rigorous comparative analysis

to investigate the influence of different input image modalities on knee OA detection

performance. This analysis encompasses various MRI sequences, including T1-weighted,

T2-weighted, and proton density-weighted images. By evaluating the performance of our

MTL framework across these modalities, we gain valuable insights into the optimal choice

of input data for maximizing diagnostic accuracy.
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• Novel Multitask Learning Architecture: We develop a novel multitask learning framework

specifically tailored for knee OA detection from 2D MRI images. This framework comprises

a shared encoder network responsible for extracting common features from the input

images, followed by task-specific decoder networks for classification and segmentation.

The shared encoder leverages the synergistic relationship between the tasks, enabling the

model to learn a more robust and generalizable representation of OA-related features.

• Optimized Hybrid Loss Function: We introduce a hybrid loss function, as defined in Equa-

tion 1, that combines a classification loss (e.g., binary cross-entropy) with a segmentation

loss (e.g., Dice loss) to optimize the training process. This carefully crafted loss function

balances the contributions of each task, ensuring that the model effectively learns both to

classify the presence of OA and to accurately segment the affected regions within the knee

joint.

This research aims to bridge the gap in the existing literature by exploring the potential of

multitask learning for knee OA detection from 2D MRI images. The proposed framework offers

a promising approach for improving diagnostic accuracy, efficiency, and clinical applicability,

ultimately contributing to better patient care and management of knee OA.

7.3 Materials and Methods

7.3.1 Dataset

This chapter leverages the Osteoarthritis Initiative (OAI) database [oai], a publicly available,

invaluable resource encompassing multimodal data from a cohort of 4,796 patients. A detailed

discussion of the OAI database is provided in Section 2.4.1. For this study, we specifically focused

on the 3D DESS MRI data, utilizing the accompanying femoral and tibial bone and cartilage

segmentations meticulously generated by the Zuse Institute Berlin (ZIB) [131].

While the OAI provides volumetric 3D MRI data, this study focuses on a 2D analysis ap-

proach. This strategic decision was made to reduce computational complexity and facilitate the

development of a more readily deployable model. Processing 3D volumes requires significant

computational resources and can be time-consuming, limiting the practical applicability of such

models in clinical settings. By focusing on 2D slices, we aim to develop a more efficient and

accessible solution that can be readily integrated into existing clinical workflows.

To this end, we extracted 2D slices from the 3D DESS MRI volumes and meticulously aligned

each slice with its corresponding segmentation mask provided by the ZIB dataset. This alignment

ensured accurate correspondence between the image data and the anatomical labels. Following

slice extraction and alignment, a crucial preprocessing step was implemented to enhance data

quality and model performance. Empty slices, defined as those lacking discernible knee joint

information and corresponding to entirely black segmentation masks, were identified and removed
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from the dataset. These empty slices typically represent regions outside the anatomical area of

interest and do not contribute meaningful information for OA classification.

This rigorous data acquisition and preprocessing pipeline yielded a final dataset comprising

105,919 MRI slices with their corresponding segmentation masks. This translates to a total of

211,838 knee images across 799 knees, providing a substantial and diverse dataset for model

training and evaluation. Importantly, the dataset exhibits a balanced gender distribution, mit-

igating potential bias, and includes a near-equal proportion of normal cases (49.5%) and OA

cases (50.5%). The OA cases were classified using the MOAKS grading system [4, 16], ensuring a

robust and clinically relevant ground truth for model training and validation.

7.3.2 Model Architectures

In this study, two models, as described in Table 7.1, were employed. All models utilize a novel

approach that integrates a reduced-depth VGG16-inspired encoder. This architectural choice

optimizes computational efficiency without compromising the model’s ability to extract crucial

features from high-dimensional medical images. Unlike traditional deep learning models that

often rely on deeper architectures, our approach utilizes only the first three convolutional blocks

of the VGG16 architecture [95]. This strategy effectively captures essential image features

while ensuring computational feasibility, making the model suitable for deployment in resource-

constrained environments.

Table 7.1: Details of proposed models.

Model Tasks Total parameters Memory sizes (MB)

A classification 1,768,513 6.75
B classification + segmentation 2,506,242 9.56

7.3.2.1 Model A: The Baseline Classification Model

Model A (Figure. 7.1) serves as the baseline method, utilizing the VGG16-inspired architecture as

the backbone network for the classification task. The model starts with an input layer accepting

MRI images of dimensions (384, 384, 3). The encoder begins with two convolutional layers, each

containing 64 filters with a 3x3 kernel size, ReLU activation, and ’same’ padding. Following these

layers is a max-pooling operation with a 2x2 pool size, reducing the spatial dimensions from

(384, 384) to (192, 192) while increasing the depth to 64. This hierarchical pattern continues

through additional convolutional and pooling layers, progressively enhancing feature extraction

for effective OA classification.

The extracted features are then flattened and passed through a series of fully connected

layers, culminating in a final output layer with a sigmoid activation function. This output layer

produces a probability score indicating the likelihood of OA presence in the input image. Model A
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7.5. RESULTS AND DISCUSSION

7.5.1 Selection of Optimal Input Data

The classification performance across three different types of input data was compared using

Model A, as summarized in Table 7.2. The results demonstrate the model’s sensitivity to the type

of input data, with raw MRI slices providing the highest accuracy (90.84%) compared to binary

mask images (76.60%) and segmented MRI slices (81.61

Table 7.2: Comparison of detection outcomes using single-task and multitask learning approaches.

Input data Accuracy (%) Loss

Raw MRI slices 90.84 0.2699
Binary mask images 76.60 0.6581

Segmented MRI slices 81.61 0.8181

Interpreting the Performance Differences The lower accuracy observed with binary mask

images and segmented MRI slices can be attributed to the loss of potentially valuable information

during the segmentation process. While segmentation helps highlight specific regions of interest,

it also inherently discards certain details present in the raw MRI data. These discarded details,

such as subtle variations in pixel intensity within the segmented regions, might contain valuable

information for OA classification. Therefore, while segmentation can be beneficial in certain

contexts, it is crucial to consider the potential trade-off between highlighting specific features

and preserving the richness of the original data.

Implications for Model Development Based on these findings, we selected raw MRI slices as

the optimal input data for the subsequent OA classification experiment. This choice ensures that

the models are trained and evaluated on the most informative data representation, maximizing

their potential for accurate and robust OA detection.

7.5.2 Classification of OA: A Comparative Analysis

This section delves into the classification performance of Osteoarthritis (OA) using both single-

task learning (Model A) and multitask learning (Model B) approaches. The results are compared

not only between these two models but also against findings reported in existing literature,

providing a comprehensive evaluation of the proposed methodologies. Table 7.3 provides a concise

summary of the key performance metrics.

Performance of Single-Task Learning (Model A) Model A, employing a single-task learning

approach with 2D raw MRI slices as input, achieved a commendable accuracy of 90.84%. This

result underscores the inherent capability of single-task learning strategies, even with simpler

2D image data, to effectively classify knee OA. The performance highlights the potential of
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Table 7.3: Comparison of classification outcomes using single-task and multitask learning ap-
proaches.

Model Model size (MB) Input data Approach Accuracy (%)

3D-ResCNN-GAP [157] - 3D MRI Single-task 93.20
OA-MTL [172] 64.30 3D MRI Multitask 82.50
A (our) 6.75 Raw MRI slices Single-task 90.84
B (our) 9.56 Raw MRI slices Multitask 96.70

leveraging 2D data for OA classification, particularly in scenarios where computational resources

or 3D data acquisition might be limited. This finding aligns with the growing trend in medical

image analysis to explore the efficacy of 2D approaches, especially when considering their reduced

computational demands and potential for wider accessibility.

The Power of Multitask Learning (Model B) Model B, leveraging a multitask learning

framework with the same 2D raw MRI slices as Model A, exhibited a significant improvement in

accuracy, reaching 96.70%. Furthermore, it achieved a segmentation accuracy of 91.74%. This

substantial leap in performance underscores the advantages of multitask learning in this context.

By simultaneously learning the classification and segmentation tasks, the model effectively

leverages shared representations and inter-task dependencies within the data. This leads to a

more robust and generalized model capable of superior performance in both tasks. The ability to

extract richer information from the data through multitask learning is particularly relevant in

complex medical image analysis tasks like OA detection, where subtle features and contextual

information play a crucial role in accurate diagnosis.

Benchmarking Against Existing Studies Comparing Model A and Model B with existing

studies provides further insights into the efficacy of our proposed approaches. The single-task

3D-ResCNN-GAP model [157], utilizing 3D MRI data, achieved an accuracy of 93.20%. While

Model A’s performance (90.84%) with 2D data is slightly lower, it demonstrates competitive

performance considering the reduced complexity associated with 2D data processing. Crucially,

Model B’s performance (96.70%) significantly surpasses that of 3D-ResCNN-GAP, indicating

that multitask learning with 2D data can not only rival but even outperform single-task models

trained on 3D MRI data. This suggests that the benefits derived from multitask learning, such as

improved feature representation and generalization, outweigh the potential advantages of using

3D data in this particular application.

The OA-MTL model [172], another multitask learning approach employing 3D MRI data

and a more complex architecture with five residual blocks, achieved an accuracy of 82.50%. This

result, notably lower than both Model A and Model B, suggests that the effectiveness of multitask

learning is not solely dependent on using 3D data or complex architectures. Factors such as

input data quality, model design, and appropriate task selection play a crucial role in achieving
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optimal performance. The superior performance of Model B, despite its smaller size compared

to OA-MTL, further highlights the importance of model efficiency and design considerations in

achieving high accuracy. This underscores the need for careful consideration of model complexity

and the potential for overfitting when designing deep learning models for medical image analysis,

particularly in the context of multitask learning.

The Advantages of Efficiency and Generalizability The findings presented in this section

highlight the potential of leveraging multitask learning with 2D data for accurate and efficient

OA classification. The success of Model B, coupled with its smaller model size, emphasizes the

importance of model design and efficient utilization of 2D images in achieving high accuracy.

This research suggests that a well-designed multitask learning model using 2D data can provide

a practical and effective alternative to more complex 3D methods, paving the way for more

accessible and efficient OA diagnosis. This contribution is particularly significant in the context

of OA research, where accurate and timely diagnosis is crucial for effective disease management

and improving patient outcomes. The enhanced generalizability of Model B, demonstrated

by its superior performance compared to existing methods, suggests its potential for broader

applicability across diverse datasets and clinical settings.

Future Directions and Considerations While the results presented in this chapter are

promising, further research is warranted to explore the full potential of multitask learning for

knee OA detection. Future work could investigate the impact of different loss function weightings,

alternative segmentation techniques, and the integration of other relevant clinical data into the

multitask framework. Additionally, exploring the applicability of this approach to other imaging

modalities, such as X-ray, could further enhance its clinical utility and accessibility. By addressing

these future research directions, we can continue to refine and improve the accuracy, efficiency,

and clinical applicability of automated diagnostic tools for knee OA, ultimately contributing to

better patient care and management of this prevalent and debilitating disease.

7.6 Conclusion

This chapter provides compelling evidence for the efficacy of multitask learning in the automated

detection of knee OA from MRI slices. The developed multitask learning model, utilizing raw

MRI slices as input, achieved a remarkable accuracy of 96.70%, significantly outperforming its

single-task learning counterpart. This superior performance underscores the inherent advantages

of multitask learning in leveraging shared representations and inter-task dependencies, leading

to more robust and generalized models capable of capturing complex relationships within the

data.

The findings of this study strongly suggest that multitask learning offers a more effective

strategy for knee OA detection compared to traditional single-task approaches. The ability to

117



CHAPTER 7. A MULTI-TASK APPROACH FOR AUTOMATED SEGMENTATION AND
CLASSIFICATION FROM MRI SLICES FOR KNEE OA DETECTION

simultaneously learn both classification and segmentation tasks allows the model to extract

richer information from the data, leading to improved accuracy and a more comprehensive

understanding of the underlying pathology. This is particularly relevant in the context of OA

diagnosis, where subtle changes in cartilage and bone structure can be challenging to detect

using single-task approaches.

Furthermore, the high accuracy achieved with raw MRI slices highlights the potential of

multitask learning to simplify the image pre-processing pipeline. By effectively learning from

raw data, the model reduces the reliance on complex and often time-consuming pre-processing

steps, potentially streamlining the clinical workflow and facilitating wider adoption of AI-based

diagnostic tools. This is particularly crucial in resource-constrained settings where access to

specialized image processing expertise may be limited.
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GENERAL CONCLUSIONS

T
his dissertation has explored the potential of deep learning for the automated detection of

knee OA using MRI data, structured across five detailed studies, each addressing distinct

challenges in knee OA detection. These studies focused on developing and evaluating

deep learning frameworks based on multi-view, multi-modal, multi-task, multi-label, and multi-

instance learning paradigms. The overarching goal was to enhance diagnostic accuracy and

streamline the clinical workflow for knee OA detection.

The foundational chapters set the stage by discussing the motivation for applying deep

learning techniques to knee OA assessment. We emphasized the limitations of conventional

radiography, particularly its insufficiency in detecting knee OA. MRI was highlighted as a

superior imaging modality due to its capability to visualize soft tissue structures such as cartilage,

menisci, and ligaments, making it more effective for OA diagnosis. A comprehensive overview

of the Osteoarthritis Initiative (OAI) dataset was provided, which served as the primary data

source for this research. The specific MRI sequences used, including 3D-DESS, IW-TSE, COR

MPR, and AXR MPR, were selected for their ability to offer complementary views of the knee

joint, enabling a detailed assessment of OA-related structures. The MOAKS scoring system was

also emphasized for its role in providing a consistent framework for grading OA severity.

Chapter 4 introduced a novel semi-supervised multi-view 3D CNN designed specifically for

knee OA detection. By integrating multiple views from 3D MRI scans and employing pseudo-

labeling to increase the training data, this approach achieved an AUC of 93.20%. This result

surpasses current state-of-the-art methods relying solely on X-ray or single-view MRI data.

The study demonstrated the potential of multi-view learning to improve diagnostic accuracy by

capturing a more comprehensive representation of OA-related changes. However, the use of KL-0

grade knees as "healthy" controls was identified as a limitation, highlighting the challenges in
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defining appropriate control groups in OA research.

In Chapter 5, we introduced M3NET, the first model to combine multi-modal (X-ray and

MRI) and multi-view MRI data for the analysis of two different knee injuries within the same

framework. M3NET combined custom 3D-ResNet models for MRI analysis with 2D-ResNet

models for X-ray evaluation, achieving significant advancements over previous and single-task,

single modality, and single-view approaches. This model not only improved diagnostic accuracy

but also illustrated the feasibility of integrating different imaging modalities for a holistic

assessment of knee injuries. The study emphasized the potential of multi-modal approaches,

though it also recognized the need for more sophisticated fusion techniques to address potential

feature redundancy.

Chapter 6 presented the Multiview Multi-instance Network (MVMI), which employed a

custom Res-Squeeze-Net architecture combined with multi-instance learning for knee OA diagno-

sis. The model achieved an AUC of 94.52%, demonstrating the effectiveness of multi-instance

learning in capturing subtle pathological features from individual MRI slices. By treating each

slice as an individual instance, MVMI proved particularly effective in processing 3D MRI scans

using pretrained 2D CNN models, outperforming traditional 3D models. This work represents a

significant advancement in the application of multi-instance learning to medical image analysis.

In Chapter 7, we proposed a novel multitask learning framework for knee OA detection

using two large datasets, each with 105.919 MR slices, marking the first time such an approach

has been applied to knee OA analysis. The model was trained to perform both segmentation to

extract relevant features from the input scans, and detect the appearance of knee OA, tasks

simultaneously, achieving an accuracy of 96.70%. This 2D multitask model demonstrated signifi-

cant improvements over single-task models by leveraging shared representations and capturing

complex inter-task dependencies. The ability to train directly from raw MRI slices, without

extensive pre-processing, highlighted the potential of this approach to simplify clinical workflows

and facilitate the adoption of AI-based diagnostic tools in practice.

Limitations

Despite the promising results, some limitations of this thesis must be acknowledged. First, the

reliance on the OAI dataset, while providing a well-characterized cohort, may introduce biases

that limit the generalizability of the findings to other populations. The dataset primarily includes

participants from specific demographic groups, and the models developed here may not perform

as well across more diverse populations or in different clinical settings.

Second, the potential for feature redundancy in multi-modal and multiview learning models

emerged as a potential challenge. While the integration of X-ray and multiview MRI data

improved diagnostic performance, it also introduced the possibility of overlapping features that

may not contribute additional value to the model’s predictions. Addressing this redundancy is
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crucial for optimizing model performance and interpretability in clinical settings.

Future Work

Future work will focus on addressing these limitations and further enhancing the applicability

of deep learning models for knee OA detection. One key area of focus will be the validation of

these models on external datasets that include more diverse demographics and varying disease

characteristics. This effort will ensure the broader applicability and robustness of the models in

different patient populations and clinical environments.

Additionally, research will explore advanced techniques for feature selection and dimensional-

ity reduction to mitigate the challenges associated with feature redundancy. Refining the selection

of meaningful features will improve both the interpretability and efficiency of these deep learning

frameworks in clinical practice.

Future directions also include the exploration of emerging technologies such as multimodal

vision-language models and advanced segmentation models like SAM and MED-SAM. These

innovations hold the potential to further expand the capabilities of deep learning in medical

image analysis, allowing for more precise and comprehensive assessments of knee OA and related

conditions.

In conclusion, this dissertation has laid a strong foundation for the application of deep

learning in knee OA detection using MRI data. The novel frameworks developed here not only

advance the field of medical image analysis but also pave the way for future research aimed at

improving the diagnosis, treatment, and management of knee OA. By continuing to harness the

power of deep learning, future work can aspire to create more accurate, efficient, and personalized

healthcare solutions for this prevalent and debilitating condition.
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