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Abstract 
The accurate diagnosis of anterior cruciate ligament (ACL) rupture is crucial for the effective 

treatment and rehabilitation of knee injuries, which are particularly prevalent among athletes. 

Recent advancements in deep learning (DL) have significantly improved the detection of ACL 

injuries using MRI studies. This dissertation aims to explore and enhance the application of DL 

techniques for the precise identification and evaluation of ACL injuries in medical imaging. 

A systematic review was conducted to summarize existing DL methodologies for detecting knee 

injuries, highlighting the strengths and limitations of current approaches. Building upon this 

foundation, a lightweight DL pipeline using YOLOv5-Nano was developed to identify healthy ACLs 

in sagittal MRI slices, achieving high accuracy and efficiency with minimal computational 

resources. Additionally, the thesis introduces the Thessaly Graft Index (TGI), an AI-based index 

for assessing graft healing post-ACL reconstruction. The TGI demonstrated a strong correlation 

with clinical and functional outcomes, proving its potential as a reliable tool for postoperative 

evaluation. 

To address class imbalance and enhance diagnostic precision, an innovative hybrid DL framework 

was formulated, reconfiguring ACL tear classification as a novelty detection problem. This 

approach leveraged aleatoric semantic uncertainty and demonstrated superior performance 

across multiple datasets, including cross-database testing with public and clinical MRI data. 

The dissertation's findings underscore the potential of DL to match human-level performance in 

MRI-based knee injury diagnosis. Key contributions include the development of resource-efficient 

models, the introduction of novel diagnostic indices, and the demonstration of robust 

generalization capabilities across diverse datasets. These advancements pave the way for the 

widespread clinical application of DL in the accurate and cost-effective diagnosis of ACL injuries, 

promising significant improvements in patient outcomes and healthcare efficiency. 
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Περίληψη 
Η ακριβής διάγνωση της ρήξης του πρόσθιου χιαστού συνδέσμου (ACL) είναι ζωτικής σημασίας 

για την αποτελεσματική θεραπεία και αποκατάσταση των τραυματισμών στο γόνατο, οι οποίοι 

είναι ιδιαίτερα συχνοί στους αθλητές. Οι πρόσφατες εξελίξεις στην τεχνολογία της βαθιάς μάθησης 

έχουν βελτιώσει σημαντικά την ανίχνευση τραυματισμών του ACL μέσω μελετών μαγνητικής 

τομογραφίας (MRI). Η παρούσα διδακτορική διατριβή έχει ως στόχο να διερευνήσει και να 

βελτιώσει την εφαρμογή τεχνικών βαθιάς μάθησης για την ακριβή αναγνώριση και αξιολόγηση 

των τραυματισμών του ACL στην ιατρική απεικόνιση. 

Πραγματοποιήθηκε συστηματική ανασκόπηση για τη σύνοψη των υφιστάμενων μεθοδολογιών 

βαθιάς μάθησης που αφορούν την ανίχνευση τραυματισμών στο γόνατο, αναδεικνύοντας τα 

πλεονεκτήματα και τους περιορισμούς των τρεχουσών προσεγγίσεων. Βάσει αυτής της 

θεμελίωσης, αναπτύχθηκε μια ελαφριά διαδικασία βαθιάς μάθησης με χρήση του YOLOv5-Nano 

για την αναγνώριση υγιών πρόσθιων χιαστών συνδέσμων σε οβελιαίες τομές MRI, 

επιτυγχάνοντας υψηλή ακρίβεια και αποδοτικότητα με ελάχιστους υπολογιστικούς πόρους. 

Επιπλέον, η διατριβή εισάγει τον Δείκτη Μοσχεύματος Θεσσαλίας (Thessaly Graft Index - TGI), 

έναν δείκτη που βασίζεται στην τεχνητή νοημοσύνη για την αξιολόγηση της επούλωσης 

μοσχεύματος μετά από ανακατασκευή του ACL. Ο TGI επέδειξε ισχυρή συσχέτιση με τα κλινικά 

και λειτουργικά αποτελέσματα, αποδεικνύοντας τη δυνατότητά του ως αξιόπιστο εργαλείο για 

μετεγχειρητική αξιολόγηση. 

Για την αντιμετώπιση της ανισορροπίας των κατηγοριών και τη βελτίωση της διαγνωστικής 

ακρίβειας, διαμορφώθηκε ένα καινοτόμο υβριδικό πλαίσιο βαθιάς μάθησης, 

επαναπροσδιορίζοντας την ταξινόμηση της ρήξης του ACL ως πρόβλημα ανίχνευσης νεότητας 

(novelty detection). Αυτή η προσέγγιση αξιοποίησε την αληθοκρατική σημασιολογική αβεβαιότητα 

και επέδειξε ανώτερη απόδοση σε πολλαπλά σύνολα δεδομένων, συμπεριλαμβανομένων 

δοκιμών σε διασταυρούμενες βάσεις δεδομένων με δημόσια και κλινικά δεδομένα MRI. 

Τα ευρήματα της διατριβής υπογραμμίζουν τη δυνατότητα της βαθιάς μάθησης να επιτύχει 

επιδόσεις αντίστοιχες με αυτές του ανθρώπου στη διάγνωση τραυματισμών στο γόνατο μέσω 

MRI. Οι βασικές συνεισφορές περιλαμβάνουν την ανάπτυξη αποδοτικών μοντέλων, την εισαγωγή 

νέων διαγνωστικών δεικτών και την απόδειξη ισχυρών ικανοτήτων γενίκευσης σε ποικίλα σύνολα 

δεδομένων. Αυτές οι εξελίξεις ανοίγουν το δρόμο για την ευρεία κλινική εφαρμογή της βαθιάς 

μάθησης στην ακριβή και οικονομικά αποδοτική διάγνωση τραυματισμών του ACL, υποσχόμενες 

σημαντικές βελτιώσεις στα αποτελέσματα των ασθενών και στην αποδοτικότητα της υγειονομικής 

περίθαλψης. 
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Chapter 1: Introduction 
 

Knee injuries are not just a setback for athletes; they are experienced by millions of people 

globally, impacting daily activities and overall quality of life. Among these, Anterior Cruciate 

Ligament (ACL) injuries stand out due to their frequency and the significant challenges posed in 

diagnosis and treatment. Traditional methods often rely heavily on a clinician's expertise, which 

can lead to variability in diagnosis and delays in treatment planning. 

In an era where technology is rapidly evolving, a promising avenue exists to enhance how these 

injuries are addressed. This chapter is devoted to exploring the pivotal role of Deep Learning (DL) 

techniques in transforming ACL injury diagnosis and management. The prevalence of knee 

injuries and the substantial socio-economic burdens they impose are examined first. By analyzing 

the limitations of current diagnostic practices, the pressing need for more accurate and efficient 

solutions is highlighted. 

To build a solid foundation for this exploration, key concepts and terminology related to DL and 

medical imaging are introduced. The ways in which neural networks and advanced algorithms are 

revolutionizing the analysis of complex medical images like MRI scans are discussed. A focus is 

placed on how DL models—particularly Convolutional Neural Networks (CNNs) and object 

detection frameworks—are applied to identify and classify ACL injuries and to assess graft ealing 

following reconstruction. 

 

The accuracy of ACL diagnosis is more than a clinical concern; it is essential for effective 

treatment planning, preventing long-term complications, and improving patient outcomes. With 

this understanding, the objectives and scope of this dissertation are outlined. The aims include 

conducting a systematic literature review, developing lightweight DL models, proposing a new 

hybrid diagnostic framework, and introducing the Tibial Graft Index (TGI). 

Finally, the structure of the dissertation is presented, previewing the upcoming chapters that detail 

the methodologies employed, the findings obtained, and the implications of the research. This 

introduction sets the stage for a comprehensive journey into how DL can enhance ACL injury 

diagnosis and make significant contributions to orthopedic research and patient care. 

 

1.1. Background and Motivation 

Knee injuries represent a significant portion of sport-related severe injuries, with ACL ruptures 

accounting for more than half of these cases. In the United States alone, ACL injuries affect over 

200,000 individuals annually, leading to substantial healthcare costs exceeding $7 billion. These 

injuries not only impact the physical well-being of individuals but also impose a heavy socio-

economic burden due to direct medical expenses and indirect costs such as lost wages and 

reduced productivity. 
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The high prevalence of knee injuries, particularly among young and athletic populations, 

underscores the importance of developing accurate, cost-effective, and reliable diagnostic 

methods. Early diagnosis and appropriate treatment of ACL injuries can prevent the onset of long-

term complications, including knee osteoarthritis (OA), which is a common consequence of such 

injuries. Magnetic resonance imaging (MRI) has become the most widely used non-invasive 

technique for diagnosing knee injuries due to its ability to provide detailed images of the knee 

joint's internal structures. 

Despite the effectiveness of MRI, the accurate interpretation of these images remains challenging. 

The diagnostic process heavily relies on the expertise and experience of clinicians, leading to 

variability in diagnoses due to human factors such as subjectivity, fatigue, and diagnostic 

uncertainties. The potential for misinterpretation is further compounded by clinical-diagnostic 

discrepancies between radiologists and orthopedic surgeons, which can hinder optimal patient 

management. 

Given these challenges, there is a growing interest in utilizing artificial intelligence (AI) and 

machine learning (ML) technologies to enhance the diagnostic process. AI, and more specifically 

deep DL, has shown significant promise in medical image analysis by automatically learning 

complex patterns and relationships within the data. DL algorithms, particularly convolutional 

neural networks (CNNs), have been successfully applied in various medical imaging tasks, 

including the detection of skin cancer, diabetic retinopathy, lung nodules, and breast cancer. 

The application of DL to knee injury diagnosis has gained considerable attention due to its 

potential to improve diagnostic accuracy and efficiency. Several studies have demonstrated that 

DL models can achieve performance levels comparable to, or even surpassing, those of 

experienced radiologists. For instance, customized CNN architectures have been developed to 

detect ACL injuries with high accuracy, providing a robust and reliable tool for clinical use. 

In the context of ACL injuries, DL models have been employed to identify and classify the 

presence of ACL tears in MRI scans. These models can automatically detect and localize the ACL 

within the images, reducing the reliance on manual interpretation and potentially lowering the risk 

of diagnostic errors. Additionally, DL techniques have been explored for their ability to assess the 

maturation of ACL grafts post-reconstruction, providing valuable insights into the healing process 

and guiding rehabilitation protocols. 

One of the key challenges in applying DL to medical imaging is the need for models that are both 

accurate and computationally efficient. Traditional DL models often require significant 

computational resources, which can limit their practicality in clinical settings. To address this, 

lightweight DL models such as YOLOv5-Nano have been developed. These models maintain high 

detection accuracy while being optimized for use on devices with limited computational power, 

making them suitable for deployment in a variety of healthcare environments. 

Another critical aspect of DL applications in ACL injury diagnosis is the handling of data variability 

and class imbalance. Novelty detection frameworks, which identify deviations from normal 

patterns, have been employed to tackle the challenges associated with classifying ACL tears. By 

leveraging uncertainty measures, these models can provide robust and reliable classifications, 

even in the presence of noisy or incomplete data. 

In addition to detecting ACL injuries, this dissertation introduces the TGI, an AI-based index 

designed to evaluate the maturation of ACL grafts post-reconstruction. The TGI uses MRI images 
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to provide a quantitative measure of graft healing, which can be correlated with clinical outcomes 

and patient-reported measures. This tool aims to enhance postoperative monitoring and decision-

making, ultimately improving patient recovery and outcomes. 

Overall, the integration of DL into the diagnostic process for ACL injuries offers numerous benefits, 

including improved accuracy, reduced analysis time, and enhanced consistency in image 

interpretation. By addressing the limitations of traditional diagnostic methods and leveraging the 

strengths of DL algorithms, this dissertation seeks to advance the field of knee injury diagnosis 

and contribute to better patient care. 

The following sections will delve into the specifics of these advancements, starting with a 

systematic review of existing DL methodologies for knee injury detection, followed by the 

development and validation of new models for ACL injury diagnosis and graft assessment. Each 

chapter builds upon the previous one, providing a comprehensive exploration of the potential of 

DL in improving the diagnosis and treatment of ACL injuries. 

1.2. Definitions and Terminology 

To provide a comprehensive overview of the key definitions and terminology used in this 

dissertation, including the various models and techniques referenced across the four papers, a 

table format can indeed be more effective. Here are detailed Table 1, Table 2, and Table 3 

summarizing the critical terms and their descriptions: 

Term/Model  Description 

Deep Learning   A subset of machine learning involving neural 
networks with many layers that learn to 
perform tasks by example, typically without 
task-specific programming. 

YOLO (You Only Look Once) A family of DL models for object detection, 
known for their speed and accuracy. Variants 
like YOLOv5-Nano are used for detecting ACL 
in MRI scans in this dissertation. 

YOLOv5-Nano  A lightweight version of the YOLOv5 model, 
designed for scenarios with limited 
computational resources. Maintains high 
detection accuracy, suitable for mobile and 
embedded applications. 

Novelty Detection  A machine learning task that identifies new or 
unknown data not seen during training. Used 
to detect abnormalities in MRI images 
indicating ACL injuries. 

Aleatoric Uncertainty  Uncertainty arising from inherent noise in the 
data. Addressed in the dissertation to improve 
the reliability of ACL injury detection models. 

Spearman’s Correlation Coefficient  A non-parametric measure of rank correlation 
assessing the strength and direction of 
association between two ranked variables. 
Used to evaluate the relationship between TGI 
scores and PROMs. 

MiniROCKET A lightweight, efficient time series 
classification model used to determine the 
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presence of ACL tears by analyzing MRI data 
sequences. 

Hybrid Deep Learning Framework  A novel approach combining YOLOv5-Nano 
for object detection and MiniROCKET for time 
series classification, enhancing ACL tear 
diagnosis by addressing class imbalance and 
uncertainty. 

Table 1: AI/ML Definitions 

 

Term/Model  Description 

Magnetic Resonance Imaging (MRI)  A non-invasive imaging technology that 
produces detailed three-dimensional 
anatomical images, commonly used for 
disease detection, diagnosis, and treatment 
monitoring. 

KT-1000 Arthrometer  A device measuring anterior translation of the 
tibia relative to the femur, assessing ACL 
stability. 

Patient-Reported Outcome Measures 
(PROMs)  

Standardized questionnaires completed by 
patients to measure their functional status and 
well-being, including KOOS, IKDC, Lysholm, 
and TAS, used to correlate clinical outcomes 
with model predictions. 

ACL A key ligament in the knee joint that stabilizes 
the knee. ACL injuries, particularly tears, are 
common in athletes and can significantly 
impact mobility and performance. 

Table 2: Health Definitions 

 

 

Term/Model  Description 

Thessaly Graft Index (TGI)  An AI-based index developed to evaluate the 
maturation of ACL grafts post-reconstruction, 
providing a quantitative measure of graft 
healing by comparing MRI images with healthy 
ACLs. 

Spearman’s Correlation Coefficient  A non-parametric measure of rank correlation 
assessing the strength and direction of 
association between two ranked variables. 
Used to evaluate the relationship between TGI 
scores and PROMs. 

Table 3: Other Relevant Terms 

These definitions and descriptions provide a foundational understanding of the concepts and 

models that underpin the research presented in this dissertation. The following sections will build 

on this foundation, detailing the methodologies, results, and implications of the studies conducted. 
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1.3. Overview of Deep Learning in Medical Imaging 

The integration of DL into medical imaging has significantly advanced the analysis and 

interpretation of complex medical images, such as MRI scans. DL, a branch of artificial 

intelligence, employs neural networks with multiple layers to learn from large datasets, enabling 

the identification of intricate patterns that can assist clinicians in diagnosis and treatment planning. 

In medical imaging, DL algorithms, particularly Convolutional Neural Networks (CNNs)—have 

been instrumental due to their ability to effectively process image data. CNNs automatically learn 

hierarchical feature representations from raw images, making them well-suited for detecting and 

classifying abnormalities within medical scans. 

In the context of musculoskeletal injuries, specifically ACL injuries, DL models have been 

developed to enhance the accuracy and efficiency of diagnosis from MRI scans. Traditional 

diagnostic methods rely heavily on the expertise of radiologists, which can be time-consuming 

and subject to variability. DL models offer consistent and rapid analysis, potentially reducing 

diagnostic errors and improving patient outcomes. 

Applications in ACL Injury Detection 

• Object Detection: Models like YOLOv5-Nano have been adapted to identify the presence 

of ACLs in sagittal MRI slices. By detecting ACLs in specific images, these models aid in 

the preliminary identification of healthy ligaments and focus clinical evaluation on relevant 

slices, streamlining the diagnostic process. 

• Classification: Novel frameworks incorporating methods like novelty detection and 

uncertainty estimation have been applied to classify ACL tears. By handling variability and 

ambiguity in medical images, these models improve the robustness and reliability of 

classification results. 

• Postoperative Assessment: The development of indices such as the TGI utilizes DL to 

assess ACL graft maturation from MRI images. The TGI provides a quantitative measure 

of graft healing, aiding clinicians in monitoring patient recovery and making informed 

decisions about rehabilitation. 

Benefits and Challenges 

The use of DL in medical imaging offers several benefits: 

• Improved Diagnostic Accuracy: Enhanced ability to detect subtle abnormalities that may 

be missed by human observers. 

• Efficiency: Reduced analysis time through automated image interpretation. 

• Consistency: Standardized evaluations that minimize inter-observer variability. 

However, challenges remain: 

• Data Requirements: DL models require large, high-quality datasets, which can be difficult 

to obtain in medical contexts. 
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• Generalizability: Ensuring models perform well across different imaging protocols and 

equipment. 

• Explainability: Providing interpretable results that clinicians can trust and understand. 

As DL techniques continue to evolve, their integration into clinical practice is expected to grow. 

Ongoing research aims to address current challenges by developing models that are both 

accurate and generalizable, with a focus on explainability to facilitate adoption in healthcare 

settings. This progress holds promise for enhancing patient care through more precise and timely 

diagnoses. 

 

1.4. Importance of Accurate ACL Diagnosis 

Accurate diagnosis of ACL injuries is critical for effective treatment and rehabilitation, significantly 

impacting patient outcomes and long-term knee health. Misdiagnosis can lead to prolonged 

recovery periods, inappropriate treatment, and an increased risk of further injury or complications 

such as osteoarthritis. 

According to recent epidemiological data, ACL injuries affect an estimated 200,000 individuals 

annually in the United States alone, with incidence rates ranging from 68.6 to 81 per 100,000 

person-years [1], [2]. These injuries are particularly prevalent among young, physically active 

populations, especially athletes involved in high-risk sports such as soccer, basketball, and skiing 

[3]. Female athletes are at a higher risk compared to males, with studies indicating they are two 

to eight times more likely to sustain an ACL injury due to anatomical and hormonal differences 

[4], [5]. Globally, the incidence of ACL injuries has been on the rise, partly attributed to increased 

participation in competitive sports and improved diagnostic awareness. This growing prevalence 

underscores the critical need for accurate diagnostic methods to ensure timely and effective 

treatment, ultimately improving patient outcomes and reducing the risk of long-term complications. 

Traditional diagnostic methods for ACL injuries primarily involve clinical examinations and MRI 

scans interpreted by radiologists. Clinical assessments, such as the Lachman test or pivot shift 

test, rely heavily on the clinician's expertise and experience, which can result in variability and 

potential inaccuracies in diagnosis. While MRI scans provide detailed images of the knee joint, 

their interpretation depends on the radiologist's skill and can be subjective, leading to possible 

human error. 

DL models offer a promising solution to these challenges by providing consistent and objective 

analysis of MRI scans. These models assist in detecting ACL injuries with high accuracy, reducing 

reliance on human interpretation and potentially lowering the incidence of diagnostic errors. For 

instance, as detailed in the paper "Knee Injury Detection Using Deep Learning on MRI Studies: A 

Systematic Review," the application of DL techniques has shown prediction accuracies ranging 

from 72.5% to 100%, demonstrating the potential of these models to achieve human-level 

performance in ACL injury diagnosis. 

The development of lightweight and efficient DL models, such as the YOLOv5-Nano used in the 

study "Automated Recognition of Healthy ACL in Sagittal MR Images Using Lightweight Deep 

Learning," further emphasizes the importance of accurate diagnosis. These models not only 

achieve high detection performance but also operate efficiently on devices with limited 
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computational resources, making advanced diagnostic tools more accessible in diverse clinical 

settings. 

Moreover, accurate assessment of ACL graft maturation post-reconstruction is essential for 

determining the success of surgery and guiding rehabilitation protocols. The TGI, introduced in 

the study "Thessaly Graft Index: An Artificial Intelligence-Based Index for the Assessment of Graft 

Healing in ACL Reconstructed Knees—A Pilot Study," provides a quantitative measure of graft 

healing by comparing postoperative MRI images with those of healthy ACLs. This AI-based index 

aids in monitoring the recovery process, ensuring that patients are progressing as expected and 

facilitating timely interventions if necessary. 

Accurate diagnosis is also crucial in managing the overall healthcare costs associated with ACL 

injuries. Early and precise identification can prevent progression to more severe conditions, 

reducing the need for extensive treatments and long-term rehabilitation. Additionally, the use of 

DL models can streamline the diagnostic process, allowing for faster decision-making and more 

efficient use of medical resources. 

In summary, the importance of accurate ACL diagnosis cannot be overstated. It plays a vital role 

in ensuring effective treatment, reducing recovery times, and preventing further complications. By 

leveraging DL techniques, this dissertation aims to enhance the diagnostic process, providing 

reliable and objective tools that support clinicians in delivering optimal care for patients with ACL 

injuries. The subsequent chapters will delve into the methodologies, results, and implications of 

the studies conducted, all aimed at improving ACL injury diagnosis and treatment. 

 

1.5. Objectives and Scope of the Dissertation 

The primary objective of this dissertation is to explore and enhance the application of DL 

techniques for the accurate diagnosis of anterior ACL injuries and the assessment of ACL 

graft maturation using MRI studies. By addressing both the detection of ACL injuries and 

the postoperative evaluation of ACL grafts, this work aims to provide a comprehensive 

approach to improving patient care through advanced imaging analysis. 

 

Systematic Literature Review 

Initially, a comprehensive systematic literature review was conducted to analyze existing 

DL methods for knee injury detection, focusing on ACL tears as well as meniscus and 

cartilage injuries. This review followed the PRISMA guidelines and included searches 

across multiple databases such as PubMed, Cochrane Library, EMBASE, and Google 

Scholar. The review identified the current state of DL models in MRI-based knee injury 

diagnosis, highlighting their potential to match human-level performance. However, it also 

uncovered limitations in existing approaches, including data imbalance, lack of model 

generalizability across different centers, verification bias, and ground-truth subjectivity. 

The review emphasized the need for explainability and lightweight models to enable 

widespread clinical adoption. 
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Development of a Lightweight Deep Learning Pipeline 

Building upon these insights, a robust and lightweight DL pipeline was developed for 

identifying healthy ACLs in 3D MRI data of healthy knees. The goal was to locate the 

sagittal slices where the ACL is present, facilitating further clinical evaluation. An 

advanced pipeline was implemented using the YOLOv5-Nano object detection network, 

which was compared against other models. The YOLOv5-Nano model demonstrated 

superior performance while maintaining a minimal model size, offering a viable solution 

for robust object detection in healthcare systems, especially on devices with limited 

computational resources. 

 

 

 

Novel Hybrid Deep Learning Framework for ACL Tear Diagnosis 

To address class imbalance and improve ACL tear diagnosis, an innovative hybrid DL 

framework was developed, reformulating the ACL tear classification task as a novelty 

detection problem. This approach introduced a highly discriminative novelty score by 

leveraging aleatoric semantic uncertainty from the YOLOv5-Nano model's class scores. 

By accounting for tissue continuity through the use of global probability vectors across 

entire sagittal sequences, the framework enhances robustness. The second module 

incorporates the MINIROCKET time-series classification model to determine the 

presence of an ACL tear. Cross-database testing demonstrated that the proposed method 

consistently outperformed existing approaches, achieving better generalization and 

environmental sustainability. 

 

Introduction of the TGI 

Recognizing the need for standardized assessment of ACL graft maturation post-

reconstruction, the TGI was introduced. This AI-based index evaluates graft healing by 

computing the probability of accurately detecting a healthy ACL on a percentage scale. 

In a pilot study involving patients treated with hamstring tendon autografts, preoperative 

and postoperative MRIs were analyzed using the TGI. The index was found to be in total 

agreement with independent radiological assessments and showed correlations with 

patient-reported outcome measures (PROMs), indicating that the TGI is a valuable tool 

for accurately recognizing ACL graft ruptures and assessing graft maturation. 
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Integration and Clinical Implications 

By integrating the findings from the systematic review, model development, and validation 

studies, this dissertation provides a cohesive analysis of the role of DL in ACL injury 

diagnosis and treatment. The implications for clinical practice are significant, offering 

potential improvements in diagnostic accuracy, efficiency, environmental sustainability, 

and patient outcomes. The scope of this work encompasses the entire process of 

developing and validating deep learning models for ACL injury diagnosis, from reviewing 

existing methodologies to creating and testing new models. 

 

Ultimately, this dissertation aims to contribute significantly to the field of medical imaging 

and orthopedic research, demonstrating the potential of DL techniques to enhance clinical 

practice and improve patient outcomes. The following chapters will detail the 

methodologies, results, and implications of each study conducted, building towards a 

unified understanding of DL applications in this critical area of orthopedic research. 

 

 

1.6. Structure of the Dissertation 

This dissertation is organized into six main chapters, each addressing different aspects of DL 

applications in the diagnosis and assessment of ACL injuries. The structure is designed to provide 

a logical progression from a general introduction to detailed studies, followed by a comprehensive 

conclusion. The chapters are outlined as follows: 

 

Chapter 1: Introduction 

This chapter provides an overview of the dissertation, including the background and motivation 

for the study, definitions and terminology, an overview of DL in medical imaging, the importance 

of accurate ACL diagnosis, the objectives and scope of the dissertation, and the structure of the 

dissertation. 

Chapter 2: Systematic Review of Knee Injury Detection Using Deep Learning 

This chapter presents a systematic review of existing DL methodologies for detecting knee 

injuries, focusing on ACL tears. It includes the methods used for the review, the results of the 

analysis, and a discussion of the strengths and limitations of current approaches. The chapter 

concludes with a summary of key findings and potential areas for future research. 

Chapter 3: Automated Recognition of Healthy ACL in Sagittal MR Images Using Lightweight Deep 

Learning 

This chapter details the development of a lightweight DL pipeline using YOLOv5-Nano for 

identifying healthy ACLs in sagittal MRI slices. It covers the data collection, preprocessing, model 
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architecture, training and validation processes, and the results obtained. A discussion of the 

findings and their implications for clinical practice is also included. 

Chapter 4: Economical Hybrid Novelty Detection Leveraging Global Aleatoric Semantic 

Uncertainty for Enhanced MRI-Based ACL Tear Diagnosis 

This chapter introduces a novel hybrid DL framework for ACL tear diagnosis, reconfiguring the 

task as a novelty detection problem. It describes the methods used, including data collection, 

preprocessing, and the integration of global aleatoric semantic uncertainty. The chapter presents 

the results of model validation, including cross-database testing, and discusses the robustness 

and reliability of the framework. 

Chapter 5: Thessaly Graft Index: An Artificial Intelligence-Based Index for the Assessment of Graft 

Healing in ACL Reconstructed Knees - A Pilot Study 

This chapter focuses on the development and validation of the TGI, an AI-based index for 

evaluating ACL graft maturation post-reconstruction. It outlines the study design, participant 

details, surgical techniques, rehabilitation protocols, and the methods used for clinical and MRI 

evaluation. The chapter presents the results of the TGI validation and its correlation with patient-

reported outcome measures (PROMs) and clinical evaluations. 

Chapter 6: General Conclusion and Future Work 

The final chapter summarizes the key findings from the previous chapters, highlighting the 

contributions of the dissertation to the field of ACL injury diagnosis and treatment. It discusses the 

limitations of the studies conducted and provides recommendations for future research. The 

chapter concludes with final thoughts on the potential impact of DL techniques in clinical practice. 

Each chapter builds on the previous one, providing a comprehensive and cohesive narrative that 

guides the reader through the research process and findings. This structure ensures that the 

dissertation is accessible and informative, offering valuable insights into the application of DL in 

medical imaging for ACL injury diagnosis. 
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Chapter 2: Systematic Review of Knee Injury 

Detection Using Deep Learning 
Published as: 

Siouras A, Moustakidis S, Giannakidis A, Chalatsis G, Liampas I, Vlychou M, Hantes M, Tasoulis 

S, Tsaopoulos D. Knee Injury Detection Using Deep Learning on MRI Studies: A Systematic 

Review. Diagnostics. 2022; 12(2):537. https://doi.org/10.3390/diagnostics12020537 

 

This chapter provides a comprehensive systematic review of the current DL methodologies 

employed in the detection of knee injuries using magnetic resonance imaging (MRI), with a 

particular focus on ACL tears, meniscus injuries, and cartilage lesions. Recognizing that knee 

injuries constitute a significant portion of sports-related severe injuries and impose substantial 

socio-economic burdens due to healthcare costs and long-term disabilities, the chapter 

underscores the critical need for accurate and cost-effective diagnostic procedures. 

The chapter begins by highlighting the limitations of traditional diagnostic methods, which often 

rely heavily on clinician expertise and are subject to human factors such as subjectivity and 

fatigue, leading to variability and potential errors in diagnosis. It then introduces the growing 

interest in artificial intelligence (AI) and DL as tools to enhance medical image interpretation. By 

automating the analysis of complex MRI data, DL algorithms, particularly convolutional neural 

networks (CNNs), offer the potential to improve diagnostic accuracy, efficiency, and consistency. 

To ensure clarity, the chapter provides essential definitions and terminology related to machine 

learning (ML) and DL, outlining the differences between traditional ML pipelines and DL 

architectures. It explains key concepts such as supervised learning, feature extraction, CNNs, 

transfer learning, and various evaluation metrics used to assess model performance. 

The systematic review adheres to the PRISMA guidelines, detailing the methodology for literature 

search, study selection, data extraction, and the types of outcome measures considered. A total 

of 22 relevant articles published between January 2013 and November 2021 are analyzed. These 

studies are categorized based on their application domains: detection of ACL injuries, meniscus 

tears, cartilage lesions, and combined knee injuries. 

The chapter critically examines the methodologies and findings of these studies, comparing 

traditional ML approaches with DL techniques. It discusses how DL models have increasingly 

outperformed traditional methods, achieving high accuracy levels in detecting knee injuries. 

Particular attention is given to the use of transfer learning, custom-made DL architectures, data 

augmentation strategies, and localization techniques that focus on regions of interest within MRI 

scans. 

Limitations identified across the reviewed studies are highlighted, including issues such as data 

imbalance, lack of multi-center validation, verification bias, and the subjectivity of ground truth 

annotations. The chapter emphasizes the need for more generalizable models that can perform 

reliably across different imaging protocols and patient populations. It also underscores the 

importance of developing explainable and lightweight AI models to facilitate clinical adoption and 

gain trust from medical professionals. 
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By synthesizing the current state of research, this chapter lays the groundwork for the subsequent 

development of novel DL models and frameworks presented in later chapters. It emphasizes the 

potential of AI to revolutionize knee injury diagnosis while acknowledging the challenges that must 

be addressed to integrate these technologies effectively into clinical practice. 

 

2.1. Introduction 

2.1.1. Backdrop 

Knee injuries account for the largest percentage of sport-related severe injuries (i.e., injuries that 

cause more than 21 days of missed sport participation)[6]–[9]. ACL ruptures represent more than 

50% of the cases, affecting 200,000 individuals in United States each year [6], [10]–[12]. Knee 

cartilage lesions affect around 900,000 individuals in United States every year, resulting in over 

200,000 surgical procedures [10]–[13]. Menisci injuries is the second most common knee 

impairment with an incidence of 12-14% [14] and a prevalence of 60-70 cases per 100,000 in 

United Kingdom [7]. ACL injuries alone account for an expenditure of more than $7 billion in United 

States [15]. Both short and long-term pain, disability, and negatively affected health-related quality 

of life have all been strongly associated with knee injuries [16]–[18]. In regard to young and athletic 

individuals, the more time they spend engaging in occupational and/or recreational activities, the 

higher predisposition to knee injuries they have, which, in turn, contributes to a higher likelihood 

of developing osteoarthritis (OA) [19]. On average, half of the individuals, that have an injury that 

involved ACL and/or meniscal tear, develop radiographically confirmed knee OA, ten to 20 years’ 

post-injury [20], [21]. Another two possible consequences of knee injuries are: (i) structural muscle 

injuries of the lower limb [22]; and (ii) tendinopathies [23]. All the above reflect the direct and 

indirect (lost wages, productivity, and disability) socio-economic burden conferred on the society 

by knee injuries.  The high prevalence of knee injuries in the general population and the socio-

economic impact have created the necessity of developing accurate and cost-effective 

procedures that can detect and quantify the severity of knee injuries. Early diagnosis and, 

consequently, treatment of ligament rupture, menisci tear and/or cartilage lesion can prevent early 

onset of knee OA [6].  

Arthroscopy is considered the “gold-standard” for the diagnosis of intra-articular knee pathologies 

but is limited by potential complications and its invasive nature [24]. Therefore, magnetic 

resonance imaging (MRI) is the most widely used non-invasive imaging technique for diagnosing 

knee injuries [25], [26]. However, the MRI-based diagnosis of knee injuries can be a very 

challenging procedure, with the experience of clinicians playing a critical role in image 

interpretation. Human-based image interpretation pitfalls such as subjectivity, distraction, and 

fatigue, as well as diagnostic uncertainties often lead to erratic diagnoses hindering the optimal 

management of knee injuries [27], [28]. Moreover, clinical-diagnostic discrepancies among non-

musculoskeletal radiologists and orthopedic surgeons are commonly encountered in everyday 

clinical practice [16]. 

Due to the above-listed factors, as well as the exponentially increasing number of clinical 

examinations, the idea of using computers for improving the challenging task of image 

interpretation of medical examinations has been recently adopted by the scientific community 

[29]. Imaging data proliferation, algorithmic advances, and recent technological advances in fast 

computing have already resulted in a strong push towards the utilization of artificial intelligence 
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(AI) algorithms in medical image analysis. The term AI broadly refers to any method that enables 

computers to mimic human intelligence [30]. DL in particular is a class of machine learning (ML) 

algorithms that is currently driving the AI boom [31]. Numerous applications of DL in medical 

image analysis have been reported including skin cancer classification, diabetic retinopathy 

detection, lung nodule detection, and mammography cancer detection among others [32]. The 

aforementioned AI-empowered solutions are expected to revolutionize medical sectors by 

improving the accuracy and productivity of different diagnostic and therapeutic measures in 

clinical practice [25]. 

Drawing attention to the diagnosis of knee injuries, several early DL studies have exhibited better 

performance than traditional ML techniques while in some cases they have proved to be even 

superior to radiologists [31]. However, the previously published review studies in the MRI field 

were either focused on other application domains (e.g. fracture detection [33]) or limited to the 

performance of the proposed networks without paying attention to their specifics (learning 

methodology, processing stages, technical limitations etc.) [34].  In the light of the advancements 

of AI technology and the increasing number of studies in this field, in this paper we conducted a 

systematic literature review, covering all DL-oriented techniques that have been employed in the 

diagnostic process of knee injuries. The purpose of this systematic review is to identify all recent 

studies that investigate the use of DL technology in the MRI-based diagnosis of the injured knee. 

It was decided that the primary focus would be on studies that examine at least one of the 

following pathologies: (i) injuries of knee ligaments, (ii) meniscus tears, and (iii) cartilage lesion. 

The main methodological features and findings of retrieved articles are presented in the clinical 

context, while future implications from the usage of AI in the knee injury domain are discussed. 

2.1.2. Machine learning in a nutshell: Definitions and terminology 

To enhance the understanding of the readers and for the sake of completeness, this section 

quickly presents the relevant terminology and definitions with respect to ML and DL algorithms 

used in the studies involved in the present review. ML is a branch of AI that focuses on the 

development of algorithms that automatically learn to make accurate predictions by relying on 

experience (data) rather than on hard-coded instructions. 

Supervised ML systems (Figure 1) operate in two phases: the learning phase (training) and the 

testing one. In a traditional ML pipeline, a feature extraction/selection stage (also referred to as 

feature engineering) is firstly implemented to extract or identify the most informative features [20]. 

These features can be extracted from the input images employing various algorithms including 

grey-level co-occurrence matrix (GLCM), first- and second-order statistics and shape/edge 

features among others [35]. Next, a ML model is fit to the extracted features and the optimal model 

parameters are obtained. During the testing phase, the trained model is shown previously unseen 

samples (represented as images or features extracted from images) which are then classified. As 

opposed to traditional programming, where the rules are manually crafted by a programmer, a 

supervised ML algorithm automatically formulates rules from the data. 
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Figure 1: Examples of typical machine learning and deep learning pipelines. 

DL [36] is a subfield of ML that sets an alternative architectural paradigm by shifting the process 

of extracting features from images to the underlying learning mechanism. The most informative 

features for the task at hand are extracted by the algorithm itself. The mainstream DL architecture 

for computer vision applications is the convolutional neural network (CNN). A CNN typically 

consists of multiple building blocks (layers such as convolutional, pooling, and fully connected) 

that automatically extract increasingly abstract spatial hierarchies of features. The CNN training 

is carried out via a backpropagation algorithm. The huge popularity of CNNs is attributed to certain 

characteristics they possess, such as the weight sharing and spatial invariance.   

Transfer learning is a common strategy where a network, that was pre-trained on a big dataset, 

is partly re-used to provide decisions on a problem with a different dataset. The main idea behind 

transfer learning is that generic features learned on a large dataset could be useful and applicable 

to other domain tasks with potentially a limited amount of accessible data.  Numerous pre-trained 

networks are currently available such as DenseNet [37], AlexNet [38] and VGG [39]. When 

employing DL with transfer learning for feature extraction, the pre-trained network is treated as 

an arbitrary feature extractor: the input image propagates through multiple layers until a pre-

specified layer, the outputs of which are considered as the finally extracted features. Table 1 

provides a brief presentation of the main ML and DL algorithms that were reported in the papers 

of this review. 

 

Category Models Description 

Feature 
extraction 

Histogram of 
oriented gradient 
(HOG) [40] 

This is a feature descriptor used in computer vision and image 
processing for the purpose of object detection. The technique counts 
occurrences of gradient orientation in localized portions of an image. 

Generalized search 
tree (GIST) [35] 

GIST descriptor represents holistic spatial scene properties (spatial 
envelope) of an image. It summarizes gradient information on different 
spatial scales and orientations by splitting the image into a grid of cells on 
several scales and convolving each cell using a Gabor filter bank from 
different perspectives. 

Gray-level co-
occurrence matrix 
(GLCM) [41] 

GLCM is a way of extracting second-order statistical texture features. 
In particular, the texture of an image is estimated by calculating how often 
pairs of pixels with specific values and a certain spatial relationship occur.  
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Traditional 
Machine 
Learning 

k-nearest neighbor 
(K-NN) [42] 

KNN algorithm is a simple, easy-to-implement supervised ML algorithm 
that can be used to solve both classification and regression problems. It 
works by (i) finding the distances between a query and all the examples 
in the data, (ii) selecting the K nearest neighbors of the query, and (iii) 
voting for the most frequent label (in the case of classification) or 
averaging the labels (in the case of regression). 

Support vector 
machines (SVMs) 
[43] 

SVMs is a supervised method that identifies a hyperplane that best 
divides the data into two classes. To separate the two clouds of data 
points, there are many possible hyperplanes that could be chosen. The 
objective of the SVM algorithm is to find a slab that has the maximum 
thickness, i.e., the maximum distance between data points of the different 
classes.  

Shallow artificial 
neural networks 
(ANNs) [44] 

The ANN vaguely simulates the way the human brain analyzes and 
processes information. They consist of sequential layers: input, hidden 
and output layers. The hidden layer processes and transmits the input 
information to the output layer.  

Deep 
Learning 

Convolutional 
neural networks 
(CNNs) [45] 

This is a class of DL algorithms commonly used in computer vision and 
pattern recognition.  CNNs are a specific type of neural networks that are 
generally composed of the following layers: (i) input layer, (ii) convolution 
layers, (iii) pooling layers and (iv) fully connected layers. The convolution 
layers use filters that perform convolution operations as they are scanning 
the input with respect to its dimensions. Pooling is a down-sampling 
operation, which is typically applied after a convolution layer. The fully 
connected layers operate on a flattened input where each input is 
connected to all neurons in the next layer and are usually found towards 
the end of CNN architectures to optimize objectives such as class scores. 

Region based 
convolutional neural 
networks (R-CNNs) 
[46] 

The method of detecting and classifying objects in an image is known 
as object detection. R-CNN (regions with convolutional neural networks) 
is a DL technique that blends rectangular area proposals with 
convolutional neural network functionality. The R-CNN algorithm is a two-
stage detection method. 

Deep residual 
networks [47] 

A residual neural network (ResNet) is an ANN variant that uses residual 
mapping and shortcut connections to tackle the problem of vanishing and 
exploding gradients that is characteristic of deep CNNs. As a 
consequence of this, deep residual networks achieve better performance 
when compared to plain very deep networks, whereas their training is 
easier as well. Typical ResNet models are implemented with double- or 
triple-layer skips that contain nonlinearities such as rectified linear unit 
(ReLUs) and batch normalization in between. 

3D-CNNs [48] A 3D CNN is simply the 3D generalization of 2D CNNs. It takes as input 
a 3D volume or a sequence of 2D frames (e.g., slices in an MRI scan). 
Then kernels move through 3 dimensions of data producing 3D activation 
maps. Overall, they learn powerful representations of volumetric data. 

 Computer Vision 
Transformers [49] 

When data is modelized as a sequence of embeddings, the 
Transformer model is a basic yet scalable technique that can be used for 
any type of data. Even without typical convolutional pipelines, 
transformers can be utilized to provide SOTA results in Computer Vision. 
It is a DL network that extracts inherent properties of the interest domain 
via the self-attention technique. 

Procedure Training The standard procedure involves a dataset of paired images and labels 
(x, y) for training and testing, an optimizer (e.g., stochastic gradient 

descent, Adam [43]), and a loss function to update the model parameters. 

The aim of the training is to find the optimal values for the network 
parameters so that the loss function is minimized. 

Data augmentation Data augmentation is a strategy that artificially generates more training 
samples to increase the diversity of the training data. This can be done 
via applying affine transformations (e.g., rotation, scaling), flipping or 
cropping to original labeled samples. 

Dropout Dropout is a regularization method that randomly drops some units from 
the neural network during training, encouraging the network to learn a 
sparse representation. It is used to reduce overfitting. 
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Loss function The metric to assess the discrepancy between model predictions and 
labels is called loss function. The gradients of the loss function are used 
to update the weights of the neural networks. 

Transfer learning 
 

This aims to transfer knowledge from one task to another different but 
related target task. This is often achieved by reusing the weights of a pre-
trained model, to initialize the weights in a new model for the target task. 
Transfer learning can help to decrease the training time and achieve lower 
generalization error. 

Table 4: Brief presentation of the feature extraction techniques as well as the ml and dl models, and the main 

procedures that were reported in the papers of our survey. 

2.2. Methods 

2.2.1. Reporting 

The present (systematic) review was performed in accordance with the preferred reporting items 

for systematic reviews and meta-analyses (PRISMA) guidelines [50]. Each step of the review 

process (literature search, study selection, and data extraction) was independently performed by 

2 authors (A.S., S.M.). Discrepancies were resolved by a 3rd author (D.T.). The present study 

was not registered in a database prior to its conduction. 

2.2.2. Literature Search 

A structured literature search was conducted in the following databases: (a) MEDLINE (through 

PubMed), (b) CENTRAL (through Cochrane Library), and (c) EMBASE (through Elsevier). 

Articles cited by the retrieved papers, as well as articles citing the retrieved papers (using 

Google Scholar), were also identified through a supplementary manual search. Grey literature 

was examined based on conference abstracts, English abstracts (from articles not published in 

English), and the OpenGrey database. The potential eligibility of the articles was initially decided 

based on their title and abstract. Full texts were investigated to verify whether the initial 

qualifiers fulfill the inclusion criteria. The structured search strategy per database is quoted in 

Table 16 (Appendix A). 

2.2.3. Eligibility Criteria 

The inclusion criteria were as follows: (i) papers were published between the 1st of January 2013 

(the dawn of the DL era) and the 15th of November 2021 (date of final literature search)); (ii) MRI 

images were used for the evaluation of knee injuries; (iii) knee injury detection was conducted via 

AI-based algorithms, including both traditional ML and DL techniques; (iv) the performance of the 

AI-based algorithms was compared to clinical, human-based evaluations. 

Papers were excluded according to the following criteria: (i) articles published before 2013; (ii) 

papers investigating OA or other bone pathology not directly linked with knee injuries; (iii) studies 

performed in animals; (iv) non-original research articles, such as protocols, reviews, meta-

analysis, etc.; (v) articles not written in English (however, English abstracts were assessed as part 

of the grey literature); (vi) book chapters, editorials and commentaries. 

2.2.4. Data Extraction 

Extracted data were placed into a custom Microsoft Excel spreadsheet using a standardized table. 

The following information was included for each of the articles: first author, publication year, 

database, description of data and models, learning algorithm including pre-processing, size of 

training and test samples, validation method, and obtained results. 

Institutional Repository - Library & Information Centre - University of Thessaly
04/08/2026 09:06:36 EEST - 216.73.216.79



2.2.5. Statistical Analysis 

Multiple evaluation criteria were employed to assess the predictive capacity of the proposed 

learning algorithms. The most common evaluation metric considered in this review study was 

accuracy, along with the receiver operator characteristic curves (ROCs) that visualize the 

performance of a classification model at various likelihood ratio thresholds. These curves plot two 

factors: true positive rate (sensitivity = TP/(TP+FN)) versus the false positive rate 

(specificity=FP/(FP+TN)), where TP, FN, FP and TN denote true positives, false negatives, false 

positives and true negatives, respectively. The quantitative output of this curve is the AUC which 

could be interpreted as an aggregated measure of performance across all possible classification 

thresholds. 

 

2.2.6. Quality Assessment 

Quality assessment was performed using a modified methodologic index for nonrandomized 

studies (MINORS) [51]. A seven-item checklist was considered, including information with respect 

to the following items: disclosure, study aim, input feature, ground truth label determination, 

dataset distribution, performance metric, and explanation of the applied AI models. Data were 

extracted and recorded using standardized forms (Microsoft Excel spreadsheet). To resolve 

conflicts over article selection, quality assessment, and data extraction, both observers (A.S., 

S.M.) convened a consensus meeting. The items were scored with 0 (not reported), 1 (reported 

but inadequate), or 2 (reported and adequate). The average modified MINORS score among all 

studies was 9.82 _ 1.99. It should be mentioned that the range of the score per item was between 

0 and 44.  

As shown in Figure 2, all the reported studies (22) clearly stated the study aim, input features, 

and the performance achieved using appropriate metrics. A clear distribution and description of 

the dataset were reported in twenty studies (90.09%). Fifteen studies (68.18%) clearly described 

how they established the ground truth (AI’s reference standards), whereas the others were 

subjected to AI models that were inadequately trained. The most prevalent causes of quality point 

loss were failures to describe ground truth assignments. Last, but not least, more than half of the 

studies (54.54%) failed to disclose a conflict of interest declaration. 
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Figure 2. Quality assessment outcomes using the MINORS tool. 

2.3. Results 

In total, 407 studies were retrieved: 172 from MEDLINE (through PubMed), 170 from EMBASE 

(through ELSEVIER), 24 from CENTRAL, 40 from the structured search in Google Scholar, and 

1 conference abstract (grey literature). Fifty-nine papers were selected after applying the 

proposed inclusion/exclusion criteria. Thirty-seven studies were further excluded due to irrelevant 

content (for example, those focusing only on segmentation or other scientific fields). Taking 

everything into consideration, 22 articles were finally included in the present systematic review. A 

flow chart of the literature search design is presented at Figure 3. 
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Figure 3: Flow chart presenting the design of the literature search. 

 

The retrieved articles were categorized into the following application domains: (i) detection of ACL 

injuries alone (10 studies), (ii) detection of meniscus tears alone (7 studies), (iii) detection of 

cartilage lesions (1 study) and (iv) combined ACL and meniscus tears plus other knee injuries (4 

studies). The main results of each study have been quoted, while the individual study validity has 

been determined based on its methodological strengths and weaknesses. Important 

methodological features of the retrieved articles have been commented.  

The identified studies focusing on ACL and meniscus tears detection have been grouped into 

three categories: (i) those employing traditional ML pipelines, (ii) DL studies in which transfer 

learning is reported and (iii) papers that propose the use of custom-made DL architectures.  
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2.3.1.  ACL injury detection 

2.3.1.1. Machine Learning 

Štajduhar and colleagues [52] utilized two different feature extraction techniques: histogram 

oriented gradient (HOG) [40] and generalized search tree (GIST) [35]. These feature extraction 

techniques were subsequently paired with two commonly used ML models: support vector 

machines (SVMs) [43] and random forests [53]. They found that the best performing ML model 

was the one that combined HOG with linear-kernel SVM, producing an AUC of 0.89 for 

differentiating between ACL injured and healthy subjects, and an area under curve (AUC) of 0.94 

for detecting only completely ruptured ACL. Abdulah et al. [54] described a diagnostic system 

consisting of image pre-processing, feature extraction based on segment-derived spatial 

descriptors (perimeter, area, and shape), and finally classification. They compared k-nearest 

neighbor (K-NN) with back propagation artificial neural network (BP-ANN) for ACL tear 

classification. BP-ANN achieved a classification accuracy of 94.44%, whereas K-NN reached an 

accuracy of 87.33%. Another study [55] tested an SVM algorithm on a dataset that comprised 100 

non-injured ACLs, 100 partially-torn ACLs, and 100 completely torn ACLs. All datasets underwent 

pre-processing. Features were extracted using shape descriptors such as objects’ contour 

circularity, as-pect ratio, angle, and number of sides. It was reported that the SVM model had an 

accuracy of 100% for classifying ACL MRI samples as normal, partial-tear, or complete-tear. The 

authors also sought to compare the diagnostic capability of their AI model with that of two medical 

experts on a subset of 10 samples. No statistically significant differences be-tween the AI model 

and the radiologists were found. 

2.3.1.2. Deep Learning with Transfer Learning 

Bien et al. [32] used transfer learning in order to train a fully automated CNN for classifying MRI 

series and they combined predictions from 3 series per exam using logistic regression. The 

accuracy and the AUC of the model for detecting ACL tears were 86.7% and 0.965, respectively. 

These results were juxtaposed with the assessments by three musculoskeletal (MSK) radiologists 

on a testing set of 120 knee MR images. Radiologists achieved significantly higher sensitivities 

for tear diagnosis than the AI model (AUC: 0.91 vs. 0.76, p-value=0.002). The accuracy achieved 

by the radiologists (92%) was higher than the one achieved by the AI model (86.7%). Azcona et 

al. [56] proposed and evaluated the performance of four architectures: (i) deep residual network 

with transfer learning, (ii) custom deep residual network using fixed number of slices, (iii) multi-

plane deep residual network, and (iv) multi-plane multi-objective deep residual network. They 

found that transfer learning combined with a carefully tuned data augmentation strategy were the 

crucial factors in achieving best performance. The authors modified the last layer to out-put a 

probability instead of a one-hot softmax vector for a number of classes and they also used transfer 

learning with pre-trained weights from ImageNet. By using the aforementioned DL architectures 

and data augmentation strategies for ACL detection, they achieved an AUC of 0.96 on the 

validation data. 

2.3.1.3. Custom-made deep learning networks  

Another study [13] evaluated three customized CNN models with variations in the input fields of 

view (i.e., full slice, cropped slice, dynamic patch-based sampling) as well as in dimensionality 

(single slice, three slices, five slices) for the detection of complete ACL tears. The importance of 

limiting the input field-of-view to the intercondylar region for high algorithm performance was 
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demonstrated. The incremental value of contextual in-formation of adjacent image slices in 

improving network classification accuracy was also exhibited. The model that utilized dynamic 

sampling had an accuracy of 96.7% and AUC of 0.97. Liu et al. [57] trained multiple CNNs and 

applied them to a test set comprising 50 MR images of ACL tears with normal thickness and 50 

MR images with intact ACLs. The best model they came up with for detecting the presence or 

absence of a full thickness ACL tear produced an AUC of 0.98 (95% CI: 0.93-1.00, p-value < 

0.001). However, there was no statistically significant difference in diagnostic performance 

between the AI model (AUC: 0.98, 95% CI: 0.93- 1.00) and the clinical radiologist performance: 

Radiologist AUC: 0.98 (95% CI: 0.95-1.00); Fellow AUC: 0.98 (95% CI: 0.95- 1.00); Resident 1 

AUC: 0.93 (95% CI: 0.88-0.98); Resident 2 0.97 (95% CI: 0.94-1.00); Resident 3 0.98 (95% CI: 

0.95-1.00). 

Namiri et al. [58] employed two CNN types for classification of ACL injuries: the first one involved 

three-dimensional (3D) kernels, whereas the second one made use of two dimensional (2D) 

filters. The overall accuracies using the 3D CNN and the 2D CNN were 89% (225 of 254) and 

92% (233 of 254), respectively (p-value= .27), whereas both CNNs had a weighted Cohen k of 

0.83. The 2D CNN and 3D CNN performed similarly in classifying intact ACLs (2D CNN: sensitivity 

of 93% and specificity of 90%; 3D CNN: sensitivity of 89% and specificity of 88%). Classification 

of full tears by both networks was also comparable (2D CNN: sensitivity of 82% and specificity of 

94%; 3D CNN: sensitivity of 76% and specificity of 100%). The 2D CNN classified all 

reconstructed ACLs correctly. A separate study [11] proposed to perform CNN-based classification 

by relying on the architecture of 3D DenseNet [37]. They compared this DL approach with other 

two variants, namely VGG16 [37] and ResNet [47]. The accuracy, sensitivity, specificity, positive 

predictive value (PPV), and negative predictive value (NPV) of the proposed customized 

architecture were calculated respectively. The average AUCs were 0.95, 0.86, 0.96 for ResNet, 

VGG16, and their proposed network, respectively. The diagnostic accuracies achieved by the 

proposed model, the residents, and the senior radiologists were 95.7%, 81.4%, and 89.9%, 

respectively. 

Germann et al. [29] trained a deep convolutional neural network (DCNN) on 512 MR images of 

ACL tears from different patients (ACL tears were present in 45.7% and absent in 54.3% of the 

subjects).  The network had a pre-processing step that involved selection, rescaling, and cropping 

of coronal and sagittal fluid-sensitive views. Next, the coronal and sagittal MRI scans were 

processed independently in parallel and were then concatenated before being processed by one 

dense layer fat-suppressed MRI scans. Finally, a soft-max layer extracted the confidence level 

for the ACL tear. Three fellowship-trained full-time academic MSK radiologists independently 

evaluated the MRI examinations for full-thickness ACL tears. ACL tears were present in 45.7% 

and absent in 54.3% of the subjects. The DCNN had a sensitivity of 96.1%, which was not 

significantly different from that of the readers (97.5%–97.9%; all p-values ≥ 0.118). However, the 

sensitivity of the DCNN (93.1%) was significantly lower than that of the readers (99.6%-100%, all 

p-values < 0.001), and a similar trend was observed in the AUC values (DCCN: 0.94, readers: 

0.99-0.99, all p < 0.001). Finally, a related study [59] used a customized 14-layer Res-Net-based 

CNN with six different directions by using class balancing and data augmentation. The proposed 

ResNet-14 achieved AUC values of 0.98, 0.97, and 0.99 for detecting healthy tears, partial tear, 

and fully ruptured tear, respectively. Jeon et al. [60] proposed a 3D deep neural network model 

for diagnosing ACL tears from a knee MRI test that is both interpretable and lightweight. They 

used squeeze modules and fewer convolutional filters to represent the homogeneity of the 

features, as well as attention modules and Gaussian positional encoding to strengthen the 
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searching of local features. Their model outperformed the prior SOTA on the Chiba and Stanford 

knee datasets, achieving average ROC and AUCs of 0.983 and 0.980, respectively. Recently, Dai 

et al. introduced TransMed [61] as a multi-modal medical picture categorization system. It 

combines the benefits of CNN and transformer to efficiently extract low-level characteristics from 

pictures and construct long-range relationships between modalities. The accuracy and the AUC 

of the model for detecting ACL tears were 94.9% and 0.98, respectively. These results were of 

higher accuracy than the MRNet technique. Astuto et al. [62] made use of 3D CNNs which were 

de-signed to identify and grade ACL injuries in MRI investigations. The reported binary le-sion 

sensitivity for ACL tissue is 88%. The specificity of the results is 89 %. The AUC is 0.90. 

2.3.2. Meniscus Tear 

2.3.2.1. Machine Learning 

Fu et al. [63] compared the performance of two SVM models in detecting meniscus tears. One 

model was trained on selected MR features (from a pool of 180 spatial and tex-tural features using 

GLCM), while the other model implemented the SVM model without any feature selection. The 

SVM model without feature selection produced an AUC of 0.73, while their model with feature 

selection yielded an AUC value of 0.91. Zarandi et al. [64] performed MR image segmentation 

followed by the application of a perceptron neural network (PNN) for classifying meniscal tears. 

The model accomplished a 90% classifica-tion accuracy (meniscus tear versus no meniscus tear) 

on a testing dataset of 50 MRI stud-ies. Precision (%) was also reported for five different settings 

of meniscus tear including: (1) medial anterior horn and posterior horn normal (88.82%), (2) lateral 

anterior horn and posterior horn normal (92.13%), (3) medial anterior horn normal and posterior 

horn torn (84.24%), (4) lateral anterior horn normal and posterior horn torn (91.96%) and (5) lateral 

anterior horn torn and posterior horn normal (87.64%). 

2.3.2.2. Deep Learning with Transfer Learning 

Another group [32] utilized MRNet as the primary building block of their prediction system, that is 

a CNN mapping a 3D MRI series to a probability. The input to MRNet had dimensions: s × 3 × 

256 × 256, where s was the number of images in the MRI series (3 is the number of color 

channels). In diagnosing meniscus tear, this group reported an accuracy of 72.5% (95% CI: 0.639-

0.797) and an AUC of 0.85 (95% CI: 0.78-0.91). Furthermore, they compared the performance of 

the proposed model with unassisted MSK radiologists for detecting meniscus tear (intact, 

degenerative changes without tear, postsurgical changes without tear). When compared to the 

MSK radiologists in the study, the AI model had a statistically significant lower specificity (AUC: 

0.88, 95% CI: 0.85-0.91 versus AUC: 0.741, 95% CI: 0.62-0.84; p-value=0.003) and accuracy 

(0.85, 95% CI: 0.82-0.87 versus 0.725, 95% CI: 0.64-0.80, p-value=0.015). The sensitivity was 

also shown to be lower for the AI model (0.82, 95% CI: 0.78-0.85) compared to MSK radiologists 

(0.71, 95% CI: 0.59-0.81; p-value = 0.504), although this was not statistically significant. Azcona 

and colleagues [56] lever-aged the baseline MRNet architecture and replaced the AlexNet feature 

extractor with more modern residual architectures such as Resnet18, Resnet50 and Resnet152. 

They applied a series of transformations including horizontal flips and photometric augmenta-

tions (with respect to random contrast, gamma, and brightness). They reported an AUC 

performance of 0.91 on the validation data by using ResNet18.  
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2.3.2.3. Custom-made deep learning networks 

Couteaux et al. [65] used a region-based convolutional neural network (R-CNN) model for tear 

detection and localization (anterior or posterior). The anterior meniscus was classified as torn 

when at least one network had detected a torn anterior meniscus and the posterior meniscus was 

classified as torn when the strict majority of the networks had detected a torn posterior meniscus. 

A weighted AUC score of 0.91 was achieved by the proposed network on a test set of 700 MRIs. 

Another paper [66] also used an R-CNN trained on a dataset of 700 MRI images to perform three 

tasks, namely detection of meniscus tear presence, position, and orientation. Their AI model 

produced an AUC of 0.94 on the task of detecting the presence of a meniscal tear, 0.92 for 

detecting the position of the two meniscal horns, and 0.83 for detecting the orientation of the tear. 

The overall combined AUC was 0.90. 

Another group [67] created a DL model that combined meniscus segmentation and a 3D CNN for 

accomplishing both detection and severity staging of meniscus lesions. The segmentation task 

for both cartilage and meniscus was implemented using 2D U-Net [68]. The model was first built 

to recognize the presence of a lesion (including intrasubstance abnormalities), and subsequently 

to quantify the lesion severity. This model produced a lesion detection AUC performance of 0.89 

on the test dataset and accuracies of 80.74%, 78.02%, and 75.00% for determining severe, mild-

moderate and no lesions, respectively. Comparisons were made between the model and experts. 

The authors also sought to de-termine the inter-rater variability between three MSK radiologists 

(expert 1: >20 years of experience, expert 2: 10 years of experience and expert 3: <1 year of 

experience) for as-sessing meniscus lesion severity on selected cases. They restored an average 

agreement among the three experts of 86.27% for no meniscus lesions, 66.48% for mild-

moderate le-sions, and 74.66% for severe lesions, while the best model obtained accuracies of 

80.74% for no meniscus lesions, 78.02% for mild-moderate lesions, and 75.00% for severe 

lesions. 

Fritz et al. [29] proposed that deep CNN-based meniscus tear detection be performed in a fully 

automated manner with a similar specificity but a lower sensitivity in comparison with the MSK 

radiologists. The AUC of the deep CNN employed was 0.88, 0.78, and 0.96 for the detection of 

medial, lateral, and overall meniscus tear, respectively. The sensitivity, specificity, and accuracy 

for medial meniscus tear detection were 93%, 91%, and 92%, respectively, for readers 1; 96%, 

86%, and 92%, respectively, for reader 2; and 84%, 88%, and 86%, respectively, for the DCNN. 

The sensitivity, specificity, and accuracy for lateral meniscus tear detection were 71%, 95%, and 

89%, respectively, for reader 1; 67%, 99%, and 91%, respectively, for reader 2; and 58%, 92%, 

and 84%, respectively, for the DCNN. The sensitivity for medial meniscus tears was significantly 

different between reader 2 and the DCNN (p-value = 0.039), but no significant differences were 

witnessed in all other comparisons (all p-value ≥ 0.092). Rizk et al. [69] used a 3D CNN 

architecture that incorporated meniscal localization and lesion classification. They achieved AUC 

values of 0.93 and 0.84 for medial and lateral meniscal tear detection, respectively, and 0.91 and 

0.95 for medial and lateral meniscal tear migration detection, respectively. The combined medial 

and lateral meniscal tear detection models were externally validated and yielded an AUC of 0.83 

without additional training and 0.89 after fine-tuning. Moreover, Dai et al. utilized TransMed [61] 

achieving accuracy and AUC 94.9% and 0.98, re-spectively, for detecting meniscus tears, 

improving over the MRNet technique. 3D CNNs were built by Astuto et al. [62] to identify and 

grade meniscus tear in MRI examinations. The reported binary lesion sensitivity and specificity 

values were 85% for both, whereas the AUC was 0.93. Lastly, Dai et al.  used TransMed to also 
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identify meniscus tears in the MRNet dataset. The group reported an AUC of 0.95 and an accuracy 

of 85.3%. 

2.3.3. Cartilage Lesion and other abnormalities 

Liu et al. [57] developed a fully automated DL–based cartilage lesion detection system by 

combining CNN-based semantic segmentation and disease classification. Segmentation was 

implemented via the use of a VGG-16-based encoder network consisting of a combination of 2D 

convolution layers, rectified-linear activations, batch normalization layers, and max-pooling layers 

to achieve image feature extraction and data compression at the same time. The classification 

CNN in the proposed pipeline was also based on the 2D VGG16. Their pipeline achieved AUC in 

the range of 0.91-0.92, indicating high overall diagnostic accuracy for detecting cartilage lesions. 

Also, there was good intra-observer agreement between two individual evaluations, with a k-

statistic of 0.76. As previously indicated, Astuto et al. [55] used 3D CNNs to also detect cartilage 

lesions. The sensitivity and specificity of binary lesions were found to be 85% and 89%, 

respectively, whereas the AUC was 0.93. Finally, three of the reported papers [32], [56], [61] 

attempted to detect other knee abnormalities such as osteoarthritis, effusion, iliotibial band 

syndrome, posterior cruciate ligament tear, fracture, contusion, plica, and medial collateral 

ligament sprain. MRNet [32], a ResNet18 [70], and TransMed network were employed to 

implement the classification tasks achieving AUC values of 0.94, 0.94, and 0.976, respectively. 
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No. Author 
Yea
r 

AI Model 
used 

Pretrained 
CNN 

MRI(T) Localization technique Validation Performance (Accuracy/AUC) Application domain 

1 Awan et 
al. [59] 

202
1 

CNN ResNet-14 1.5T 
They applied normal 
approach to localize based 
upon region of interest (ROI) 

5-fold cross-validation 
92%/ (healthy tear=0.98, partial 
tear=0.97 and fully ruptured 
tear=0.99) 

ACL tear 

2 Jeon et 
al. [60] 

202
1 

3D CNN 
VGGNet, 
AlexNet, and 
SqueezeNet 

3T & 1.5T 
Custom localization 
technique 

5-fold cross-validation 
N/A / 0.983 and 0.980 on the 
Chiba and Stanford knee datasets, 
respectively 

ACL tear 

3 Rizk et 
al. [69] 

202
1 

3D CNN 
CNN-based 
localization 
model 

1T (54%) – 
1.5T(9.7%
) – 3T 
(36.3%) 

Custom localization 
technique 

ten-fold cross 
validation 

Meidal = N/A/ 0.93, Lateral = N/A/0.84 Meniscus tear 

4 Dai et al 
[61] 

202
1 

TransMed N/A 3T & 1.5T N/A 120 exams 
ACL tear = 94.9%/0.98, Abnormality = 
91.8% / 0.976, Meniscus tear = 
85.3%/0.95 

ACL tear - Meniscus 
tear - Abnormalities 

5 
Astuto 
et al. 
[62] 

202
1 

3D CNN N/A 3T V-Net  
Hold out (15% of 
sample) 

N/A / from 0.83 to 0.93 
ACL tear - Meniscus 
tear – Cartilage Lession 

6 Fritz et 
al. [29] 

202
0 

DCNN N/A 
1.5T (64%) 
– 3T (36%) 

To visually localize the tear, 
the software 
computes the class 
activation map (CAM) of the 
last 
convolution layer in the CNN 
and maps it to an axial knee 
image 

Hold out (10% of 
sample) 

Medial= (86%/0.88), Lateral= 
(84%/0.78), Overall= (N/A/0.96) 

Meniscus tear 

7 
Namiri 
et al. 
[58] 

202
0 

CNN N/A 3T three-dimensional V-Net 
Hold out (10% of 
sample) 

3D-model= (89%/sensitivity of 89% 
 and specificity of 88%), 2D-model= 
(92%/sensitivity of 93% and specificity 
of 90%) 

ACL tear 

8 
Zhang 
et al. 
[11] 

202
0 

CNN 
3D DenseNet, 
VGG16, ResNet 

1.5T (74%) 
– 3T (26%) 

- 
Hold out (20% of 
sample) 

Custom= (95.7%/0.96), ResNet= 
(NA/0.95), VGG16= (NA/0.86) 

ACL tear 

9 
Germa
nn et al. 
[29] 

202
0 

DCNN N/A 1.5T – 3T They cropped manually 

Out of the 5802 MRI 
studies, 4802 were 
used for training, 500 
for validation, and 500 
for initial testing 

N/A/0.94 ACL tear 

10 
Azcona 
et al. 
[56] 

202
0 

CNN 
MRNet, 
ResNet18, 
Resnet50 and 

3T (56.6%) 
– 1.5t 
(43.4%) 

- N/A NA/0.96 – N/A/0.91 – N/A/0.94 
ACL tear - Meniscus 
tear - Abnormalities 
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ResNet152, 
ImageNet 

11 
Chang 
et al. 
[13] 

201
9 

CNN ResNet 1.5T – 3T 

The object 
localization CNN was 
implemented as a fully 
convolutional 
network based on U-net 
architecture 

5-fold-cross-
validation 

96.7%/0.97 ACL tear 

12 Liu et 
al. [71] 

201
9 

CNN 

LeNet-5, 
DenseNet, 
VGG16, 
AlexNet 

N/A 
They used object detection 
technique YOLO 

50 subjects test set 
(14% of the sample) 

N/A/0.98 ACL tear 

13 
Coutea
ux et al. 
[65] 

201
9 

CNN 
ResNet-101, 
ConvNet,R-
CNN 

N/A 

To localize both menisci and 
identify tears in each 
meniscus, they used the 
Mask R-CNN framework 

54 cases and the 
model with the 
highest validation 
accuracy was 
selected 

N/A/0.90 Meniscus tear 

14 
Pedoia 
et al. 
[67] 

201
9 

2d U-Net, 
CNN 

N/A 3T - 
Hold out (20% of 
sample) 

Sensitivity of 89.81% and specificity of 
81.98% 

Meniscus tear 

15 
Roblot 
et al. 
[66] 

201
9 

CNN AlexNet, MRNet N/A 
They used object detection 
technique Fast RCNN & 
Faster RCNN 

The algorithm was 
thus used on a test 
dataset composed of 
700 images for 
external validation 

72.5%/0.85 Meniscus tear 

16 

Nichola
s Bien 
et al. 
[32] 

201
8 

CNN 
AlexNET, 
MRNet 

3T (56.6%) 
– 1.5T 
(43.4%) 

- 120 exams 86.7%/0.97 – 72.5%/0.85 – N/A/0.94 
ACL tear - Meniscus 
tear - Abnormalities 

17 Liu et 
al. [57] 

201
8 

CNN VGG16 3T - 

fellowship trained 
musculoskeletal 
radiologist (R.K., with 
15 years of clinical 
experience) 

N/A/0.92 Cartilage lesion 

18 
Stajduh
ar et al. 
[52] 

201
7 

HOG+linS
VM,HOG+
RF,GIST+r
bfSVM,GIS
T+RF 

N/A 1.5T 
Manual extraction of a 
rectangular ROI 

10- fold cross 
validation 

(Injury detection problem, complete 
rupture) = (N/A/0.89, N/A/0.94), 
(N/A/0.88,N/A/0.94), (N/A/0.889, 
N/A/0.91), (N/A/0.88,N/A/0.90) 
respectively with the models 

ACL tear 

19 
Mazlan 
et al. 
[55] 

201
7 

SVM N/A N/A 
They use cropping 
technique 

Hold out (10% of 
sample) 

100%/N/A ACL tear 

20 
Zarandi 
et al. 
[64] 

201
6 

IT2FCM, 
PNN 

N/A N/A - 
Hold out (20% of 
sample) 

0 and 1 mode: 90%/N/A 
Binary mode: 
78%/N/A 

Meniscus tear 

21 Fu et al. 
[63] 

201
3 

SVM N/A N/A 

Active Contours 
without Edges method. This 
method combines 
Active Contours with Level 
Sets and is called ACLS 

5-Fold cross 
validation 

SVM model: N/A/0.73 
SFFS+SVM: N/A/0.91 

Meniscus tear 
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22 
Abdulla
h et al. 
[54] 

201
3 

BP ANN, 
K-NN 

N/A N/A - 5-fold and 6-fold 
BP ANN: 94.44%/N/A 
k-NN: 87.83%/N/A 

ACL tear 

Table 5: Results of studies.
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2.4. Discussion 

The present literature review (Table 5) outlined the recent application of traditional ML and DL 

models to the diagnosis of the most common knee injuries using MRI as the main data source. 

Figure 4 shows an increasing trend in adopting ML based studies in this application area with 

most of the papers being published from 2017 onwards (whilst the first ML-based paper on the 

field was published in 2013). Medical imaging and specifically MRI has to be seen as one of the 

most instructive assets in the field of knee injuries diagnosis. The proliferation of MRI data has 

facilitated the effective training of ML and DL networks towards the development of: (i) novel 

methodologies that could enhance the medical experts’ domain knowledge and understanding of 

MRI and (ii) new data-driven tools that could enable a more reliable, fast, and fully automated 

detection of knee injuries.  

 

 

Figure 4: Temporal evolution chart depicting the number of ML papers per category published each year since 2013. 

Although there is no clear acceptance of a "gold-standard" methodological pipeline for diagnosing 

knee abnormalities using MRI data, it was observed that a number of processing steps were 

commonly employed in the majority of the reported studies. Figure 5 visualizes a DL pipeline that 

was adopted by most of the papers including a pre-processing step, localization (optionally) by 

identifying regions of interest and finally a CNN-based classification step. Data augmentation was 

employed by a significant number of papers in the detection of ACL injuries [11], [32], [56], [58]–

[62] also in papers where meniscus injuries were investigated [32], [56], [61], [62], [66], [67] and 

finally in studies focusing on cartilage lesion abnormalities [32], [56]. In particular, the available 

MRI images were modified (via a number of image transformations such as random rotations, 

shifting, flipping, and addition of noise) to expand the training dataset and thus help to improve 

the performance and ability of the employed DL models to generalize. Localization was employed 
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in papers from all three subcategories: (i) ACL studies [11], [13], [29], [52], [58]–[60], [62], [71] (ii) 

meniscus injuries detection studies [13], [29], [62]–[67], [69] and for diagnosing lesion 

abnormalities [67]. Segmentation or objection detection algorithms were applied in the 

aforementioned studies to extract areas of interest enabling the application of CNN-based models 

on focused and more relevant parts of the initially available images. Given that the region of 

interest (ROI) may appear in slightly different positions within an image and may have different 

aspect ratios or sizes, identifying ROIs with an automatic manner has been proven to be a crucial 

processing step.  

 

Figure 5: A typical DL pipeline for ACL detection. 

 

CNN-inspired networks were identified as the dominant approach in the task of extracting 

informative features from either ROIs or entire MRIs and finally classifying them as normal 

(healthy) or abnormal (indicating either partial or complete tears).  Transfer learning was preferred 

in most of the cases allowing the training of big and powerful deep architectures, even if the 

amount of available data was limited. As networks require a lot of information to be trained from 

scratch, this technique essentially ‘steals’ knowledge from already pre-trained large networks. 

Specifically, ResNet variants were used in five papers [11], [13], [56], [59], [65] of this review, 

whereas VGG [39], AlexNet [38], and MRNet [32] were used three times [11], [32], [56], [57], [66], 

[71]. Other pre-trained networks that were used at least once in this survey are: DenseNet [37], 

Le-Net [72], ImageNet [38], and R-CNN [46]. In five [52], [54], [55], [64], [73] out of the 22 studies 

of the present survey, more traditional ML pipelines were applied including a separate feature 

engineering step (where features were manually extracted from images). SVM classification was 

the preferred classifier in most of the cases. 

Despite the excellent capability of CNNs to come up with valuable image representations, these 

models lack the capacity for capturing long-range relationships. To deal with this limitation, recent 

research studies [49], [74] have proposed to employ Transform-er-based architectures for various 

image recognition tasks. The Transformer [75] is a neural network architecture which relies on 

global self-attention mechanisms, and it was initially designed for sequence-to-sequence 

prediction. Papers that used this architectural paradigm have indeed achieved state-of the-art 

results [76], [77]  in many natural language processing (NLP) tasks. Dai et al. [61] were the first 

to employ a Transformer-based archi-tecture for the MRI-based knee injury detection task. In 

particular, their hybrid (Trans-former and CNN) model was used to extract features that pick up 

the long-range depend-encies between MRI and other modalities. 
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The present review study demonstrated that the prediction accuracy of the DL models for the ACL 

and meniscus tears detection ranged from 72.5% to 100%. However, certain limitations have been 

identified in all studies that are included in this literature review. The lack of multi-center data has 

been recognized as a limitation in three papers [21], [32], [71] leading to the development of 

biased DL detection systems which have only been tested on knee MRIs carried out at a single 

institution. The results of these studies relate to knee examinations using specific MR acquisition 

protocols for knee joint assessment. In general, classification models, trained using data acquired 

by a specific MRI acquisition protocol, are unsuccessful or underperform when applied to data 

that was obtained differently. One way to tackle this lack of ability to generalize is by using DL 

models that learn MRI acquisition-invariant contrast-agnostic representations [78], [79]. The effect 

of data imbalance has been also highlighted in some cases [11], [58], [59] where the sample of 

patients was not properly balanced among all gradings leading the algorithms to pay more 

attention to the majority class (typically the class of healthy subjects). Applying down-sampling in 

the majority class has been proved to be an unreliable approach which led to a biased result in 

the case of the fully ruptured classes [59]. Verification bias was also identified [29], [71] mainly 

because subjects involved in the studies underwent arthroscopic knee surgery leading to 

increased sensitivity and decreased specificity for both the detection system and the clinical 

radiologists. Moreover, it should be stressed out that the grades used for the training of the 

detection algorithms are typically dependent on subjective assessment by a limited number of 

radiologists (one in some cases [58]). In most of the studies, only two categories (normal versus 

tears) were discriminated and the need of considering additional categories was highlighted [11] 

to allow more detailed classifications to happen. Overall, it was stressed that the diagnostic 

performance of the combined use of clinical radiologist and machine interpretation of the MRI 

examinations has not been evaluated [71]. 

Future studies should try to train and test the accuracy of AI prediction models for the detection 

of ACL and meniscal lesion based on the arthroscopic images and compare the outcome with that 

of direct non-arthroscopic assessments. Arthroscopy is a surrogate "gold-standard" for the 

validation of non-invasive assessments such as MRI as it provides highly magnified and direct 

views of articular cartilage with non-destructive interactive assessments of its structure and 

functional properties. 

Radiological imaging data of the knee continues to grow at a disproportionate rate vastly 

outnumbering the trained MSK radiologists. The workload has also increased dramatically leading 

to inevitable errors in the decision-making process. Despite the identified limitations, AI systems 

have potential to relieve physician burnout, utilize clinicians in fields at which they have not been 

specialized (MSK MRI) and reduce the cost of knee injury diagnosis for the public health system. 

In addition to flagging abnormal cases, if an AI algorithm could rapidly identify negative exams 

(increased sensitivity and negative predictive value), then, a substantial amount of time and other 

resources could be made free. Such a concept would be really useful in countries without easy 

access to medical expertise. 

Advances in medical imaging, in terms of quality, sensitivity and resolution have enabled the 

discrimination between the smallest differences in the various knee tissue densities. These 

differences sometimes are difficult to be recognized even by a trained, specialized eye. Expert’s 

diagnostic capacity used to be superior but now we see this has been balanced out. As it was 

recently reported [29], deep CNN performance has reached performance levels like fellowship-

trained full-time academic MSK radiologists in several tasks including detection and 
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segmentation. Despite this, AI can provide several new tools to the field of radiology imaging of 

the knee and medicine in general. The major hope for automated intelligent systems in the knee 

injury diagnosis is to increase accuracy, efficiency and productivity in order to streamline patient 

care and outcomes. Newest, high-performance DL models should surpass the performance of 

traditional systems, meet the requirements for clinical utility and become more user-friendly for 

the MSK clinician. Furthermore, there is the possibility of better training of young MSK radiologists 

with the help of AI. 

MRI data of the knee complemented by massive amounts of associated multi-dimensional data 

such as omics and electronic health records are only expected to grow. To fully exploit the full 

potential of this wealth of data, new paradigms should arise involving processes and workflows 

suitable for multi-institutional collaboration. Moreover, addressing the need for trustworthy 

detection systems of knee injuries, a medical diagnosis algorithm should meet a number of 

requirements (e.g. transparency, interpretability, explainability, and easiness of use) in order to 

gain trust from clinicians. AI explainability and lightweight DL are key enablers for the wide use of 

such systems in the everyday clinical practice. Exploiting the intersection and merits of traditional 

ML and DL methods, AI analytics are expected to revolutionize knee medical informatics enabling 

informed and accurate diagnoses needed by precision medicine. 

Notwithstanding the huge potential of AI to improve the medical domain, the DL-based methods 

have yet to achieve significant deployment in clinical environments. This mainly ensues as a result 

of: (i) the intrinsic black-box nature of the DL algorithms, and (ii) the high computational cost. 

Explainable AI aims at building trust in the AI algorithms by providing medical experts with a 

diagnostic rationale behind the AI decision processes. The goal of the lightweight DL field is to 

develop models that have shallower architecture and are also faster and more data-efficient, while 

retaining the high-performance standards. Jeon et al. [60] were the first to get to grips with the 

clinical deployment of the MRI-based knee injury diagnosis. To this end, they proposed to use 

post-inference visualisation tools (such as CAM and Grad-CAM), and they also incorporated 

attention modules, Gaussian positional encoding, squeeze modules, and fewer convolutional 

filters. 
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2.5. Understanding YOLO and YOLOv5 

 

See in Appendix B 

 

2.6. Understanding MiniRocket: A Very Fast Transform for 

Time Series Classification 

See in Appendix C 

 

Chapter 3: Automated Recognition of Healthy 

Anterior Cruciate Ligament in Sagittal MR Images 

Using Lightweight Deep Learning 
Published as: 

Siouras, A., Moustakidis, S., Giannakidis, A., Chalatsis, G., Malizos, K. N., Hantes, M., ... & 
Tsaopoulos, D. (2022, July). Automated recognition of healthy anterior cruciate ligament in sagittal 
MR images using lightweight deep learning. In 2022 13th International Conference on Information, 
Intelligence, Systems & Applications (IISA) (pp. 1-8). IEEE. 

3.1. Introduction 
ACL ruptures account for more than half of all knee injuries, impacting million people all over 
the world each year  [7]–[12], [80]. For instance, in the United States, ACL injuries alone cost 
more than $7 billion in spending. In the case of young and athletic people, the more time they 
spend conducting professional and/or leisure activities, the greater their risk of knee injuries, 
which adds to a higher risk of developing Knee osteoarthritis (OA) [19]. Hence, the early, cost-
effective, and reliable diagnosis of ACL injuries could help reduce health-care system 
discharge. 

Arthroscopy is the “gold standard” for diagnosing intra-articular knee diseases, although it is 
restricted by its invasive nature and associated consequences [24]. In contrast with the 
aforementioned approach, the most extensively utilized non-invasive imaging approach for 
assessing ACL injuries is magnetic resonance imaging (MRI) [25], [81]. The accurate 
interpretation of the results obtained from this noninvasive procedure requires the use of 
trained and experienced clinicians. Because the human aspect plays such a big role in ACL 
diagnosis, differing perspectives on the diagnosis are frequently noted [27], [28]. As a result, 
techniques for assessing ACL injury must be developed that are both subjective and simple to 
use.  

Recently, machine learning approaches have shown potential for are meeting this need. DL 
algorithms are particularly suited for modeling the complex  relationships between medical 
images and their interpretations because they can automatically learn complicated nonlinear. 
Object detection (OD) is an area of computer vision [82], that refers to the process of both 
classifying and locating objects in an image or video. A systematic assessment of recent 
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literature has yielded numerous research studies aimed at detecting ACL injury [83]. In 
particular, DL approaches have been found to reach even higher rates of classification 
performance than humans. Awan et al. [59] employed class balance and data augmentation to 
create a customized 14-layer ResNet-based CNN [84] with six different paths. For detecting a 
healthy tear, partial tear, and totally ruptured tear, the suggested ResNet-14 attained AUC 
values of 0.98, 0.97, and 0.99, respectively. Jeon et al. [60] proposed a 3D deep-neural network 
model for  

diagnosing ACL tears from a knee MRI test. Their model is both interpretable and lightweight. 
To reflect the homogeneity of the features, they used squeeze modules and fewer convolutional 
filters, as well as attention modules and Gaussian positional encoding to improve the search 
for local features. On the Chiba and Stanford knee [32] datasets, their model beat the previous 
state-of-the-art (SOTA), with average ROC and AUC values of 0.983 and 0.980, respectively. 
TransMed was developed by Dai et al. [61] as a multi-modal medical image classification 
system. It combines the advantages of CNN and transformer architectures to extract low-level 
features from images quickly and build long-range correlations between modalities. In MRI 
examinations, Astuto et al. [62] used 3D CNNs, which were developed to diagnose and grade 
ACL damage. For ACL tissue, the reported binary lesion sensitivity was 88%. The results had 
an 89% specificity. The AUC for this study was 0.90. 

Despite the enormous potential of DL to enhance the health field, the related approaches have 
yet to see widespread use in clinical practices. This is mostly due to the DL algorithms' high 
computational cost. The lightweight DL field's objective is to create models with a simpler 
architecture, as well as models that are lighter and more data-efficient while maintaining high 
performance criteria. Jeon et al. [60] was the first to grasp how to use an MRI-based knee 
injury diagnosis in a clinical setting. They suggested using attention modules, Gaussian 
positional encoding, squeeze modules, and less convolutional filters, as well as using post-
inference visualization tools (such as CAM and Grad-CAM) [85]. 

This paper focuses on the first-ever full exploration of the latest OD networks in the task of 
Region of interest (ROI) detection, for ACL using only information from the sagittal plane. Τhe 
objective of the current study is to provide a robust and reliable tool for the selection of the 
most informative MRI slices which could be used for further analysis from clinicians.  To reach 
our goals, we have designed, implemented, and tested an advanced pipeline that employs the 
latest OD networks (YOLOv5 nano). The performance of our pipeline is compared with those 
of three other state-of -the-art methods.  

The rest of the paper is organised as follows. In section II, we outline the dataset used and the 
proposed methodologies for object detection. In Section II, I the results are presented and 
discussed, while in section IV the conclusions are provided. 
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Figure 6: Study design 

 

 

 

3.2. Methods 

The most important aspect of any medical image analysis pipeline is the collection of a sufficient 

number of useful and representative images. Insufficient data collection can lead to inadequate 

object detection network training, which results in low accuracy or lack of generalization. To 

address the aforementioned issues, data augmentation and transfer learning approaches were 

used. Our object detection pipelines include: (i) data pre-processing and annotation, (ii) data 

augmentation, and (iii) learning models with pre-trained weights.  

3.2.1. Dataset Description 

The MRNet Dataset consists of 1,370 knee MRI tests performed at the Stanford University 
Medical Center. In this study, a subset of this database was employed. We only considered knees 
that were entirely healthy (n=266) for training and testing. A sample (n=319) of knees with ACL 
rupture was also investigated to evaluate the capacity of our methodology on injured knees. Only 
the sagittal plane was used in this study. The number of slices in each 3D MRI dataset ranges 
from 17 to 61. 

 

Institutional Repository - Library & Information Centre - University of Thessaly
04/08/2026 09:06:36 EEST - 216.73.216.79



3.2.2. Data preprocessing and Annotation 

The effort of organizing, preparing, and annotating the training data has an impact on the 
accuracy of the deployed OD model, hence data preprocessing is crucial. All healthy and injured 
sagittal plane slices were initially converted to jpeg image format, leading to the generation of 5691 
and 6267 images, respectively.  A healthy subset of the MRNet examinations was manually 
annotated by a senior orthopedic/radiologist (GH) to identify healthy ACL slices on 266 MRI 
examinations at the sagittal plane and then the boundary boxes were annotated by the ML 
engineer (AS) in a specialized tool. To execute data annotation in the healthy ACL slices, the 
Roboflow [86] (Roboflow, n.d.) labeling graphic user interface (GUI) was employed. The images 
were splitted into two categories: (i) images with a healthy ACL as an object, and (ii) some extra 
slices were included that are either neighboring to slices with an ACL (but no ACL) or slices with 
an injured ACL as a no-object (Figure 6) . When there are no objects in an image, no bounding 
boxes must be recorded. This isn't always an issue; in fact, it could be desirable in order to teach 
a model that things aren't constantly in slice. These additions were specified (not as a new class) 
so that the model recognizes that this slice contains no objects. As a result, we placed no object in 
these aforementioned slices to boost our model shows the proposed study design that led to the 
selection of 266 slices of healthy ACL knees, and another 45 slices which are either ACL damaged 
or healthy but without the ACL. 

 

Figure 7: Proposed methodology for training and inference 

 

3.2.3. Data Augmentation 

Image augmentation is commonly used to increase the object detection network's 
generalizability. Data augmentation allows  to increase the variety of the dataset that is eventually 
available for training without having to collect additional data. Image enhancement and 
transformation methods such as image brightness (between -32% and +32%), hue (between -39° 
and +39°), exposure (between -30% and +30%), blurring (up to 1.75px), and random noise (up to 
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7% of pixels) addition were used to multiply the obtained dataset. Exporting the annotations in the 
suitable format is the final step before OD training. After the data augmentation, the images 
produced are 743 (Figure 3). Each image is 256 by 256 pixels in size.  

3.2.4. Learning Model 

Our proposed method (Figure 7) is based on the most recent developments in object detecting 
technology. Transfer learning was used to solve the problem of data availability. In the objective of 
detecting healthy ACL in the MRNet dataset using a lightweight model, a SoTA OD network, the 
YOLOv5 nano was employed. This had been trained on extremely large datasets, despite the fact 
that the vast datasets did not contain the items of our interest. For comparison purposes, three 
other models, which are also leaders of the YOLO family (YOLOv5-xlarge, YOLOX-small, YOLOX-
nano) were analyzed Eight tests were carried out, since each one of the OD networks was trained 
twice, with and without augmentation. In MRNet, each of the four OD networks was trained 
individually, and the best performers were chosen.  Below is a brief overview of the analyzed OD 
networks.  

YOLOv5 Pytorch Framework (Jocher, n.d.) [87]: This is the first release of YOLO models 
developed in PyTorch rather than PJ Reddie's Darknet. In terms of support and deployment, 
YOLOv5 is originally implemented in PyTorch, and thus benefits from the current PyTorch 
ecosystem. Because it is the most generally recognized research framework, iterating on YOLOv5 
may be easier for the research community. Finally, YOLOv5 is lightning fast. Τhe following versions 
were analyzed:  

• The xlarge version which has 140.7 million parameters, release version six, 
FLOPs=209.8 and pretrained checkpoint in COCO dataset with mAP val 0.5:0.95=55.8. 

• The nano version which has 1.9 million parameters, FLOPs=4.5, and pretrained 
checkpoint in COCO dataset with mAP val 0.5:0.95=28.0. 

YOLOX [88] is a single-stage object detector with a DarkNet53 backbone that modifies YOLOv3 
in numerous ways. The head of YOLO is replaced with a decoupled version. It uses a 1×1 conv 
layer to decrease the feature channel to 256 for each level of FPN feature, then adds two parallel 
branches with two 3×3 conv layers each for classification and regression tasks. Τhe following 
versions were used: 

• The small version which has 9.0 million parameters, release version six, FLOPs=26.8 
and pretrained checkpoint in COCO dataset with mAP val 0.5:0.98=40.5. 

• The nano version which has 0.91 million parameters, FLOPs=1.08, and pretrained 
checkpoint in COCO dataset with mAP val 0.5:0.95=25.8. 

3.2.5. Validation of OD models 

The suggested object detection approaches were evaluated using a holdout mechanism. The 

data was split into three stratified groups (training, validation, and testing), each comprising 70%, 

20%, and 10% of the total. The training subset was used to train the detection networks, the 

validation subset was used to optimize the networks, and the testing subset was used to 

determine the final performance. Intersection over Union (IoU) is a typical method for determining 

whether or not one item has been detected. The following formula is used to determine IoU: 

 

𝐼𝑜𝑈(𝐴, 𝐵) =
𝐴∩𝐵

𝐴∪𝐵
    (1) 
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where A represents the set of suggested object pixels and B represents the set of genuine object 

pixels.  

The following metrics are then calculated for each class: 

(1) True Positive (TP(c)): a proposal was made for class c and there actually was an object 

of class c. 

(2) False Positive (FP(c)): a proposal was made for class c, but there is no object of class c. 

 

The average precision (AP) for class c may be computed using the formula: 

𝐴𝑃(𝑐) = (TP(c))/ ((TP(c) + FP(c))   (2) 

 

and the mean average precision (mAP) can be derived using the formula shown below. 

 

𝑚𝐴𝑃 =
1

|𝐶𝑙𝑎𝑠𝑠𝑒𝑠|
∑ 𝐴𝑃(𝑐)𝑐∈𝐶𝑙𝑎𝑠𝑠𝑒𝑠    (3) 

The performance metric used to compare the performance of the various object detection 

techniques was mean average precision (mAP). An IoU threshold of 0.5 was explored to test the 

detection capabilities of the different techniques. 

3.2.6. Inference 

The best performing OD model was selected as the one achieving the best detection accuracy 

(measured by mAP@0.5) and computational efficiency (determined by the number of inference 

FLOPs(G), inference time (s) and the model size (MB)). During inference, all sagittal slices of the 

testing 3D MRI sample were extracted and the trained best performing OD model was applied on 

each one, separately. The slice that better represent a healthy ACL was selected as the one with 

the maximum probability.  

 

3.3. Results and discussion 

 

The OD findings after applying all of the competing DL networks on the MRNet dataset are 
presented below. Table 6 shows the results of the eight OD models that were evaluated for their 
suitability in detecting healthy ACL in the dataset (mAP@0.5 and mAP@.5:.95). The table also 
includes information on the model version, the number of images, and whether augmentation was 
used. Each experiment used the same framework and batch size, which were Pytotrch and 8 
respectively.   

The following conclusions can be drawn from Table 6: (i) All the OD models had a mAP score 
of 0.90 or above, highlighting the capacity of all competing models to identify healthy ACL objects. 
(ii) YOLOv5-nano had the highest overall mAP@0.5 performance (0.9727) achieved on 
augmented data. YOLOv5-nano also accomplished the second highest mAP@0.5 (0.9494) 
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without augmentation; (iii) Overall, data augmentation had a positive effect on the detection efficacy 
(mAP@0.5) of both YOLOX and YOLOv5. 

Table 7 cites the computational efficiency of our models in three different aspects: inference 
floating point operations per second (FLOPs) utilization, inference time per scan (s), and model 
size (MB). When executing an application, FLOP(G) is the number of floating-point computations 
(such as additions and multiplications) completed per second. Only 1.08 GFLOPS are required by 
YOLOX-nano, however its accuracy was moderate (mAP@0.5 of 0.9395 with augmentation). 
YOLOv5-nano was found to be the overall best performer given that it accomplished the optimal 
trade-off between accuracy (best in mAP@0.5) and computational efficiency (second best 
inference FLOP and time and the smallest model size of the four competitors). This indicates that 
our suggested model (YOLOv5-nano) is lightweight given that it takes 0.009 seconds (in NVIDIA 
GeForce 2070 GPU with 6GB RAM) to provide a decision per slice. Overall, only 51.2 seconds 
were needed to scan all 266 MRIs which included 5691 slices.  

exp. 

Objection Detection results 

Model Augmentation 
No. of 

images 
Model version mAP@0.5  

1 

YOLOv5 

No 311 
xlarge 

0.9045  

2 Yes 743 0.9169  

3 No 311 
nano 

0.9494  

4 Yes 743 0.9727  

5 

YOLOX 

No 311 
small 

0.9110  

6 Yes 743 0.9231  

7 No 311 
nano 

0.9108  

8 Yes 743 0.9395  

Table 6: Performance of the proposed object detection approaches. 

 

Model (Version) Inference FLOPs(G) Inference time (s) Model size (MB) 

YOLOv5-xlarge 209.8 0.10 175 

YOLOv5-nano 4.5 0.009 3.7 

YOLOX-small 26.8 0.04 71.9 

YOLOX-nano 1.08 0.006 7.7 

Table 7: Computational cost, speed, and size. The table displays the computational efficiency of our models in three 

different aspects: Floating point operations per second (FLOPs) utilization, and inference time per scan (s). 

Figure 8 visualises detected objects of healthy ACL as identified by the four competing OD models 
in representative MRI slices from our dataset. All four models were able to properly identify the 
location of the healthy ACL. YOLOv5-xlarge identified the ACL objects with relative low probabilities 
(76%-82%), whereas the rest three OD models provided decisions with higher confidences ranging 
from 80%-90%.  
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The last part of our experimentation focused on the performance of the proposed methodology 
at inference. Figure 8 shows the performance of YOLOv5-nano for all the sagittal slices of a healthy 
subject (blue line). Specifically, the y-axis depicts the probability of detection for each one of the 
sagittal slices (0 means that there were no object(s) detected at the specific slice). ACL was 
detected at slices 19-24 with the highest probability (0.91) at slice 23. This means that ACL 
becomes partially visible at slice 19 and then its visibility progressively increases up to slice 23 that 
is finally selected by the algorithm as the best choice (the most informative slice). At slice 24, the 
ACL becomes less visible and then it disappears after slice 25.  

As it has already been mentioned in Section II, the proposed methodology was trained using 
sagittal slices from only healthy subjects. Figure 9 also depicts the performance of the trained 
YOLOv5-nano models on sagittal slices obtained from a subject with an injured ACL (red line). The 
model misclassified the ruptured ACL as healthy, however the observed confidence levels 
(probabilities) were significantly lower (0.5-0.7) compared to the ones obtained on the healthy 
knee. This observation can be attributed to the fact that a normal ACL is characterized by tight, 
continuous fibers that extend from the tibial plateau to the medial side of the lateral femoral 
condyle. On the other hand, the primary sign of ACL tear is fibers discontinuity. In acute or subacute 
injury, thickening and oedema of the ACL are found. The ACL may appear lax and concave in 
appearance. In chronic cases, the fibers can be completely absorbed. 
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Figure 8: Visual examples of the object detection results obtained by: (a) YOLOX-nano, (b) YOLOX-small, (c) YOLOv5-nano and (d) 

YOLOv5-xlarrge. 

(a) YOLOx-
nano 

   

(b) YOLOx-
small 

 
 

  

(c) YOLOv5-
nano 

 
 

  
 

(d) 
YOLOv5-
xlarge 

   
 

Figure 3: Visual examples of the object detection results obtained by: (a) YOLOX-nano, (b) YOLOX-small, (c) YOLOv5-nano and (d) YOLOv5-xlarrge. 
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Figure 9: Inference results of the proposed methodology in all sagittal MRI slices of two subjects: one healthy (blue 
line) and one injured (red line). The confidence probability for each recognized object is visualized with respect to the 
slide ID number, whereas A, B, and C are three slices of interest: A corresponds to a slice where a healthy ACL was 
identified with a 0.78 probability, B corresponds to another slide that is the slide with the highest probability observed 
for the specific healthy subject. C corresponds to an injured ACL that was detected with moderate probability. 

 

3.4. Conclusion 

A lightweight DL based OD pipeline (using YOLOv5-nano) was proposed in this paper to locate 

the healthy ACL in a series of sagittal MRI slices. For comparison purposes, three additional 

models were analyzed. The proposed methodology accurately recognized the majority of 

healthy ACL objects and achieved the best performance while having the smallest size. A 

limitation of this research is that it was tested only on the MRNET dataset, so a more extended 

cross-dataset validation would be beneficial to provide more robust results. Increasing the size 

of the training and testing samples are also within our future plans. Another limitation of the 

proposed model is its inability to distinguish healthy from injured ACL. However, the observed 
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differences on the OD probabilities between subjects with healthy and injured ACL could be 

further exploited to build new classification techniques that will use the extracted probabilities as 

inputs. The proposed methodology is a big step towards constructing a network architecture that 

detects injuries, and decisive object detection that can be successfully implemented in medical 

picture analysis. Due to the success of nano models, it is conceivable to deduce that lightweight 

models might be used as a tool for decision-making in therapeutic contexts. 
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Chapter 4: Economical Hybrid Novelty Detection 

Leveraging Global Aleatoric Semantic Uncertainty for 

Enhanced MRI-Based ACL Tear Diagnosis 
Published as: 

Siouras, A., Moustakidis, S., Chalatsis, G., Bohoran, T. A., Hantes, M., Vlychou, M., ... & Tsaopoulos, 
D. (2024). Economical hybrid novelty detection leveraging global aleatoric semantic uncertainty for 
enhanced MRI-based ACL tear diagnosis. Computerized Medical Imaging and Graphics, 117, 
102424. 

4.1. Introduction 

4.1.1. Background 

The economic and societal impacts of ACL injuries are far-reaching, as they represent over 50% 

of all knee-related injuries and affect each year millions of individuals globally [2]. Only in the 

United States, the financial burden of ACL injuries exceeds $7 billion annually [15]. Young and 

athletic populations are particularly susceptible to these injuries, as engaging in professional or 

recreational activities can raise the risk of a knee injury [89]. This, in turn, contributes to a 

heightened likelihood of developing knee osteoarthritis [90], [91]. Therefore, prioritizing cost-

effective and reliable diagnostic methods for ACL injuries is vital to alleviate the strain on 

healthcare systems and promote the well-being of affected individuals [15]. 

Although arthroscopy is considered the "gold standard" for diagnosing intra-articular knee 

pathology, it has limitations due to its invasive nature and potential complications [24], [92], [93]. 

Recently, magnetic resonance imaging (MRI) has emerged as the most widely adopted non-

invasive imaging technique for evaluating ACL injuries [25]. However, the accurate image 

interpretation of knee MRI data necessitates the costly expertise of trained clinicians. In addition, 

given the substantial human subjectivity element, variations in ACL injuries diagnosis are not 

uncommon [27], [28]. Consequently, there is a pressing need for the development of MRI-based 

assessment methods that are both robust and user-friendly in order to enhance the diagnostic 

process for ACL injuries [29], [94]. 

In recent years, DL techniques have demonstrated promising capabilities in addressing the 

challenges associated with medical image interpretation by automatically learning complex, 

nonlinear patterns [83], [95], [96]. One notable area of computer vision that has benefitted greatly 

by DL is object detection (OD), which encompasses the simultaneous localization and 

classification of objects within images or videos. The DL-powered OD has the potential to 

significantly enhance the analysis and interpretation of knee MRI datasets, and further 

advancements in the field of ACL tear diagnosis. 

4.1.2. Clinical background 

MRI has become an invaluable noninvasive tool for assessing the integrity and healing of the ACL 
graft after reconstruction. Increasingly, MRI signal intensity measurements are utilized in clinical 
studies to evaluate injuries. Despite this, the heterogeneity in MRI acquisition and interpretation 
methodologies complicates the comparison of signal intensity between scans and different 
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studies. The efficacy of using MRI in this context is quantified by a model that rates the normalcy 
of the ACL graft in terms of integrity, contour, direction, and thickness, with scores up to 100%. 
Interpretation of MR images is influenced by the radiologist's experience, study protocol 
parameters like signal scaling factors, voxel volume, pulse sequence weighting, and patient 
positioning. However, MRI is still valuable for monitoring the healing of the tendon-bone interface 
after ACL reconstruction, correlating with functional recovery of the knee joint, and assisting 
decisions regarding return to sports. Advances in artificial intelligence and DL further enhance the 
utility of MRI in this field. High-resolution imaging, such as with a 3T MR scanner, and specialized 
protocols like quantitative MRI with ultrashort echo time T2* and T2* mapping, offer improved 
evaluations of ACL injury. However, these advanced imaging protocols require longer scanning 
times and are not feasible for routine use in busy radiology departments. Recent studies have 
shown that even conventional imaging protocols can provide adequate assessments of ACL graft 
maturation. 

4.1.3. Related Work 

The topic of detecting ACL injuries from MRI has recently received considerable attention by the 

DL community [14]. Awan et al. [59] utilized class balancing and data augmentation to develop a 

customized 14-layer ResNet-based convolutional neural network (CNN) featuring six distinct 

paths. Jeon et al. [60] proposed an interpretable lightweight 3D deep-neural network model, 

outperforming previous state-of-the-art (SOTA) models on the Chiba and Stanford knee datasets 

[32]. Astuto et al. [62] employed 3D CNNs to diagnose and grade ACL damage. Dunnhofer et al. 

[97] developed MRPyrNet, a novel CNN architecture which focuses on small, localized regions. 

By integrating MRPyrNet into existing diagnostic pipelines, the researchers significantly improved 

diagnostic capabilities, particularly for ACL and meniscal tears, due to the architecture's ability to 

exploit relevant appearance features.  

All the above studies exemplify the potential of DL techniques to revolutionize the detection and 

assessment of ACL injuries in clinical practice. These papers have nevertheless used an ordinary 

classification framework for the detection of ACL injuries. Yet training a network on datasets with 

severely imbalanced classes poses a serious challenge to the classification-based predictive 

modeling, since the algorithm is more prone to errors in the minority than the majority class. This 

can be particularly hazardous in the clinical context where the minority class is typically the most 

valuable. In addition, existing studies derived their decision by relying on a single slice, which had 

typically been obtained in a manual fashion by the clinicians. Nonetheless, the investigated tissue 

realistically spans across multiple slices. Moreover, the network architecture in previous studies 

was designed and evaluated using MRI data from a single database. Therefore, the knowledge 

about the ability of these algorithms to generalize is limited. Finally, previous papers disregarded 

the compute demand by the DL model. Yet, this is a significant matter since these computations 

necessitate mind-boggling amounts of generated power for fuelling them [98].  

 

4.1.4. Our contribution 

In this paper, in order to enhance ACL tear diagnosis by tackling the class imbalance issue, 

presented in most publicly available knee MRI datasets, we propose to reformulate this task as a 

novelty detection problem [99]. In brief, our framework first attempts to accurately model 

"normality" by training an OD model (YOLOv5-nano [87]) exclusively on a dataset of healthy 

knees, devoid of any instance that we would like the framework to detect. To obtain a 

discriminative novelty score, we leverage the aleatoric semantic uncertainty as this is naturally 
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and implicitly modeled in the metadata (class scores) outputted by the OD model. Given that the 

ACL tissue spans across multiple slices, we propose to make use of the global class scores 

obtained when the OD model is applied to the whole image sequence. Therefore, the novelty 

score is a vector of generated probabilities which indicate the likelihood that the object inside the 

bounding box belongs to the “healthy knee” class, expecting alternate (lower) values when 

instances diverge from the training dataset. As the final step of the proposed hybrid framework, 

we utilize a timeseries classification model (MINIROCKET [100]) for determining whether a knee 

has an ACL tear or not. 

As well as representing the SOTA, both machine learning modules of our pipeline are also known 

to be highly resource-efficient, fostering green DL research and aligning with efforts to 

democratize it. Notably, such economical strategies are more relevant to being adopted by 

lightweight edge devices which in turn could boost their use. 

The optimal visualization of ACL necessitates having a sagittal scanning plane [101]. This is also 

backed by a growing literature demonstrating that sagittal plane factors are responsible for ACL 

injury mechanisms [102].  Consequently, only data from the sagittal plane is used in this study.  

Another critical contribution of this study is that we implement both single- and cross-database 

testing to better evaluate the generalization capabilities of our approach, involving two public 

databases namely MRNet [32] and KneeMRI [52], and a third validation-only dataset sourced 

from the Department of Orthopaedic Surgery and Musculoskeletal Trauma at the University 

General Hospital of Larissa (UGHL) in Greece. Our hybrid (two-phase) novel detection framework 

is rigorously compared to two SOTA methods [60], [97] with regard to accuracy, resource 

efficiency and environmental cost.  

 

4.2. Methods 

4.2.1. Datasets and annotation 

In this study, we utilized two public datasets (MRNet [32] and KneeMRI [52]) and one validation-

only dataset sourced from UGHL in Greece.  

MRNet [32] was created between 2001 and 2012 for the development and evaluation of artificial 

intelligence (AI) algorithms in medical imaging. It contains 1,370 knee examinations of 1,104 

patients, along with labels indicating the presence or absence of abnormalities in four different 

categories: ACL tear, meniscus tear, abnormal cartilage, and abnormal bone marrow. A subset of 

this database was used, that is 266 healthy knees and 319 knees with ACL rupture. The number 

of slices in each 3D MRI scan ranges from 17 to 61, and the size of each MRI slice is 256×256 

pixels. 

The KneeMRI [52] dataset was retrospectively collected using proton density weighted fat 

suppression and a Siemens Avanto 1.5T MRI scanner at the Clinical Hospital Centre Rijeka, 

Croatia from 2006 until 2014. The dataset comprises 917 left- or right-knee 12-bit grayscale 

volumes. Following radiologist reports, the authors labeled each scan according to ACL disorder: 

non-damaged (690 scans), partially injured (172 scans), and totally ruptured (55 scans). Each 

MRI examination comprises 21–45 slices and the spatial resolution of each slice is 320×320 or 

290×300 pixels. 
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At UGHL, MRI examinations of 129 ACL ruptured knees were conducted from 2018 onwards 

using a 3.0T MRI scanner (Signa HDxt 3.0T, GE Healthcare) with a quadrature knee coil, field of 

view (FOV) of 18x18 pixels, thickness of 1.0 (in millimeters), and a resolution of 254×256 pixels. 

The examinations were performed preoperatively on knees that were slated for surgery. The MRI 

acquisition protocol included the capture of sagittal and axial T1-weighted as well as T2-weighted 

images, supplemented by sagittal and coronal proton density weighted Turbo Spin Echo (TSE) 

images with fat saturation.  A musculoskeletal radiologist with two decades of experience (M.V.) 

reviewed the MRI scans. 

In the two public datasets each MRI slice comes pre-annotated. Regarding the UGHL dataset, 

there was only a single overarching annotation for the entire MRI scan. 

4.2.2. Data preprocessing 

Image augmentation was employed to enhance the generalization capacity of our pipeline by 

modifying image brightness (within a range from -32% to +32%), altering hue (ranging from -39° 

to +39°), adjusting exposure (between -30% and +30%), incorporating blurring (up to 1.75 pixels), 

and adding random noise (affecting up to 7% of pixels). The concluding step prior to initiating OD 

training involved exporting the annotations in an appropriate format. 

4.2.3. Hybrid network architecture 

The proposed hierarchical hybrid architecture (Figure 1) is composed of two key elements.  

At first, we incorporate the latest advancements in OD technology. Specifically, we apply YOLOv5-

nano [87], a SOTA OD network and part of the "You Only Look Once" series, to the complete 

sagittal MRI scan. The reason why we opted for the nano version of YOLOv5 for our task is due 

to its lightweight nature. When compared with the other available versions of YOLOv5, the nano 

variant trades off detection accuracy for computational efficiency. In brief, the architecture of 

YOLOv5 is divided into three essential parts (Error! Reference source not found.): 

• Backbone: The core CNN that processes input images and extracts features at various 

levels. 

• Neck: Layers that mix and combine features from the backbone, preparing them for 

accurate predictions. 

• Head: This part uses the combined features to predict object bounding boxes and their 

classes.  

This structure allows YOLOv5 to efficiently detect objects (by predicting bounding boxes) and 

classify them in a single unified framework.  

In this study, solely healthy ACLs are fed into YOLOv5-nano, in line with our aim to build a novelty-

detection framework. To obtain an appropriate novelty score, we propose to capitalize on the 

metadata outputted by the OD model. In more detail, we exploit the aleatoric semantic uncertainty 

which is naturally and implicitly modeled in the class probability score, every time our framework 

is fed with an observation that does not belong to the trained distribution. These class scores are 
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typically estimated by employing a combination of techniques such as softmax activation function, 

class-specific filters in the final layer of the neural network, and class detection thresholds. Taking 

into account that the ACL tissue spans across multiple MRI slices, we propose to make use of the 

global class probabilities obtained from the whole sagittal image sequence. As a result, the novelty 

score is a vector of generated probabilities which indicate the likelihood that the object inside the 

bounding box belongs to the “healthy knee” class (rather than background), and the expectation 

is that these will take different (lower) values every time the input instance diverges from the 

training population.  

In the second phase of the proposed hybrid framework, we utilize a timeseries classification model 

(MINIROCKET [100]) for determining whether a knee has an ACL injury or not by applying the 

probability vector to it. MINIROCKET (MINImally RandOm Convolutional KErnel Transform) 

marked a significant advancement in the field of time series classification due to its exceptional 

computational efficiency and speed, particularly on larger datasets. It offers the advantage of 

mostly deterministic operation, with an option for full determinism. This ensures both consistent 

and reliable results. In a nutshell, MINIROCKET's architecture is characterized by its use of a 

small, fixed set of convolutional kernels, each with a length of 9 and weights restricted to -1 and 

2. This simplification not only maintains a similar level of accuracy compared to more complex 

models but also significantly reduces computational complexity. The algorithm is tailored to the 

length of the input time series through its dilation process and uses alternated padding for each 

kernel/dilation combination, adding to the transformation's consistency. In terms of feature 

handling, MINIROCKET simplifies its approach by focusing primarily on the Proportion of Positive 

Values (PPV) pooling, resulting in a total of about 10,000 features. This feature reduction 

effectively balances accuracy with computational efficiency, making the algorithm versatile for 

various applications. MINIROCKET's speed is further enhanced through several optimization 

techniques. These include computing PPV for a kernel and its inverse simultaneously, reusing 

convolution outputs for multiple feature computations, and performing most of the computations 

for all kernels at once for each dilation. While it brings in several advancements, MINIROCKET 

maintains linear scalability in relation to the number of features and the length of input time series. 

Although it requires slightly more memory than traditional methods due to the temporary storage 

of additional vectors during transformation, this increase is generally minimal. Utilizing the 

features it generates, MINIROCKET is capable of training linear classifiers, such as ridge 

regression or logistic regression, making it highly suitable for real-time and large-scale time series 

classification tasks where a balance between high accuracy and low computational expense is 

crucial. The ridge classifier was used in this study. 
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Figure 10: An illustration of the proposed hybrid DL pipeline. 

4.2.4. Implementation and training 

To better assess the generalization capabilities of our framework, we performed a total of six 

experiments, also allowing a cross-database testing. The two public databases (MRNet and 

KneeMRI) were utilized for training and evaluation purposes, with the third database (UGHL) 

being employed for external validation. The model evaluation protocols that we employed for the 

public databases adhere to the existing literature to ensure rigorous benchmarking and facilitate 

reliable comparisons across studies. In particular, all papers that discuss MRNet have undergone 

testing on its validation set. Likewise, every publication referring to KneeMRI has adopted a 5-

fold cross-validation technique.    

Therefore, the six experiments we carried out were: 

• Exp1: Training on MRNet (Train) and testing on MRNet (Validation) 

• Exp2: Training on MRNet (Train) and testing on the entire KneeMRI dataset 

• Exp3: Training on MRNet (Train) and testing on the entire UGHL database 

• Exp4: Training on KneeMRI and testing on KneeMRI (cross-validated) 

• Exp5: Training on KneeMRI and testing on the entire MRNet. 

• Exp6: Training on KneeMRI and testing on the entire UGHL. 
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We trained the OD model using exclusively healthy knees. Transfer learning was employed to 

address the limited dataset size. Zero padding was performed to the class probability vector 

outputted by YOLOv5-nano to create uniform data structures, essential for the legit application of 

our subsequent Ridge Classifier. 

The pseudocode outlining the training and inference protocolss for the proposed hybrid 

architecture is provided below Table 8. 

  

Training protocol 

DATASET: 𝐷 (𝑋) 

𝐷 represents the dataset MRNet or KneeMRI. 
Splitting the dataset: 

Partition D into training and validation sets using a split function S: 
(Xtrain, Xval) = S(D)  

where 
|Xtrain|= 0.8 |D|, |Xval| = 0.2 |D| 

Data preprocessing or modifications Keeping Only Sagittal Plane Data: 
Extract the sagittal plane data from Xtr- using function FS. Mathematically, this 
can be represented as: 

Xtrs= FS(Xtr); FS:Xtrain→ Xtrs 

• Extract healthy data from Xtrs using a function FH: 

Xtrhs = FH (Xtrs); FH: Xtrs → Xtrhs 
Training phase for the first model: 

Train YOLOv5-nano model 1 (M1) on Xtrhs 
Data Preparation for the second model: 

Predictionstrain (Ptr) = PREDICT using M1 on Xtrs 
P’tr = EXTRACT probabilities from Ptr per slice and zero padding. 

Training phase for the second model: 
Train MINIROCKET (Ridge Classifier) model 2 (M2) on P’tr 

Inference protocol 

Initialize new MRI (𝑌) 
Keep sagittal slices from Y →  𝑌𝑠  

FOR each slice 𝑖 in 𝑌𝑠: 
    APPLY M1 to slide 𝑖 
    EXTRACT probability Pi from the output of M1 
PERFORM zero padding on Pi to match Model M2 input dimensions → Vector (V) 
FOR V: 
    APPLY Model M2  
    EXTRACT final decision Li 
RETURN Li as final decisions for Y 

Table 8: Pseudocode of the hybrid architecture training and inference protocols. 

We trained the YOLOv5-nano model for 150 epochs with images resized to 640x640 pixels. For 

the RidgeClassifier, the default hyperparameters were employed: In this configuration, the alpha 

parameter, which controls the strength of regularization, was set to 1.0. The maximum number of 

iterations for the algorithm to converge, was not limited (max_iter= None). The parameter 

indicating whether to calculate the intercept for this model was enabled (fit_intercept=True). The 

tolerance for algorithm stopping was set to 0.0001. The solver, which is the algorithm used for 
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optimization was set to automatically choose the best method ('auto'). Finally, the random_state 

parameter, used to seed the random number generator for reproducibility was not set (None), 

allowing the algorithm to use a random seed. Our framework was implemented1 using Python 

version 3.10 on a system with operating system Ubuntu Linux 22.04 and an NVIDIA RTX A6000 

(48GB) graphics card. 

4.2.5. Model evaluation. 

The ACL tear classification task involved evaluation metrics such as Receiver Operating 

Characteristic (ROC) curve and the respective Area Under the Curve score (AUC), accuracy, 

specificity, and sensitivity. Additionally, we employed the carbon dioxide equivalent emissions 

(CO2eq) (g) produced and energy (kWh) spent during training, equivalent distance traveled by car 

(km), training time (h:min:s), and average inference time (ms) in order to provide a comprehensive 

assessment of the system's resource efficiency and generated carbon emissions. All evaluation 

metrics of the proposed methodology were juxtaposed with those yielded by two SOTA methods 

[18], [21] for comparison purposes.  

 

4.3. Results 

4.3.1. Accuracy evaluation 

Error! Reference source not found. outlines the comparison results between the proposed f

ramework and the SOTA methods in terms of ACL tear classification accuracy in single-database 

experiments (Exp1, Exp4). Our method consistently outperformed SOTA approaches on the 

KneeMRI dataset and achieved better accuracy and sensitivity on the MRNet dataset. Figure 2 

shows the ROC curves and the corresponding AUC scores of our classification models for the 

same experiments. As shown, the achieved AUC scores are outstanding. Figure 3 illustrates the 

bounding boxes and the respective class scores outputted by the OD component of our 

framework in Exp1 and Exp4, when this is fed with representative ACL sagittal slices of both 

healthy and injured knees. The overall probability vector obtained when applying the whole 

sagittal image sequence for representative cases is shown in Figure 4. It is obvious that the class 

scores are different (lower) every time our OD model is fed with a scan that diverges from the 

training dataset. Apparently, probability scores exceeding 0.80 are suggestive of an intact ACL.   

  

Approach Experiment Database Accura
cy 

AUC Sensitivi
ty 

Specifici
ty 

Dunnhofer et al. 

(2022) [97]  
Exp1 MRNet 0.886 0.976 0.815 0.944 

Exp4 KneeMRI 0.834 0.914 0.806 0.843 

Jeon et al. (2021)  
[60]  

Exp1 MRNet 0.911 0.963 0.944 0.901 

Exp4 KneeMRI 0.826 0.851 0.801 0.874 

Proposed 
Exp1 MRNet 94.94 96.00 96.30 92.00 

Exp4 KneeMRI 96.00 96 91.66 96.82 
Table 9: Comparison between the proposed and other SOTA approaches in terms of ACL tear 
classification performance in single database experiments. Boldface indicates best performance. 

 
1 https://github.com/ThanosUTH/ACL-Tear-Diagnosis- 
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Figure 11: ROC curves and corresponding AUC scores illustrating the classification performance of the proposed 
models in Exp1 (a) and Exp4 (b). 

 

 

 

 

Figure 12: Indicative results (i.e. bounding boxes and class scores) of the OD component of our models in Exp1 (a), 
Exp4 (b), when these are fed with typical ACL sagittal slices of both healthy and injured knees. 
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Figure 13: Indicative probability vectors obtained by the OD component of our framework in Exp1 and Exp4, when the 
whole sagittal plane image sequence is applied to it. 

 

4.3.2. Resource efficiency evaluation 

Error! Reference source not found. lists the generated CO2eq emissions, the power spent, and t

he equivalent distance a car could cover during the final training of 150 epochs for the proposed 

and SOTA methods. Also given are the training time and the average inference time. The 

proposed framework was found to be at least 2.1 times more eco-friendly and consume at least 

2.6 times less fuel in comparison to the SOTA methods. Moreover, in terms of computational time, 

1.5 times shorter training phase was achieved, while inference speed was at least 1.4 times 

higher. 

Model CO2eq (g) 
Energy 
(kWh) 

Equivalent 
distance 

traveled by car 
(km) 

Training 
time 

(h:min:s) 

Average 
inference time 

(ms) 

Jeon et al. 
(2021)  [60]  

51.921046  0.43277567  0.431238  0:55:00 2 

Dunnhofer et 
al. (2022) [97]  

347.505372  0.908115 2.886257  1:35:37 6 

Proposed 20.264802  0.208915 0.168312  0:36:06 1.4 

Table 10: The resource efficiency comparison of the proposed method with the SOTA approaches. 
Evaluation was based on carbon emissions, energy usage, and equivalent car travel distance during the 
final training. Additionally, total training and average inference times were recorded. All experiments were 
carried out utilizing an NVIDIA RTX A6000 (48GB) GPU workstation. Boldface indicates best 
performance. 
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4.3.3. Generalization capabilities evaluation 

Error! Reference source not found. outlines the results of the proposed framework in terms of A

CL tear classification accuracy in cross-database settings (Exp2, Exp3, Exp5, Exp6). Figure 5 

shows the ROC curves and the corresponding AUC scores of our classification models for cross-

database experiments with testing databases that involved more than one class (Exp2, Exp5). 

Figure 6 illustrates the bounding boxes and the respective class scores outputted by the OD 

component of our framework in Exp2, Exp3, Exp5, and Exp6. It can be seen that the proposed 

framework exhibited excellent generalization capabilities, holding performance across different 

databases, especially when it was trained on the KneeMRI dataset.  

 

Experiment 
Training 

Set 

Testing 

Set 
Accuracy AUC Sensitivity Specificity 

       
Exp2 MRNet KneeMRI 88.99 97.00 98.10 88.12 

Exp3 MRNet UGHL 83.67 - - - 

Exp5 KneeMRI MRNet 91.14 96.00 96.30 80.00 

Exp6 KneeMRI UGHL 94.00 - - - 

Table 11: ACL tear classification evaluation of the proposed framework in cross-database experiments. 
AUC, Sensitivity and Specificity are absent in Exp3 and Exp6 because UGHL involves only samples from 
one class (ACL ruptured knees). 

  

 

Figure 14: ROC curves and corresponding AUC scores illustrating the classification performance of the proposed 

models in Exp2 (a) and Exp5 (b). 
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Figure 15: A visual presentation of results in cross-database experiments, showcasing sagittal planes, boundary boxes, 
and class scores of both healthy and injured knees. (a) Exp2, (b) Exp5, (c) Exp3 and (d) Exp6. Note: The absence of 
a boundary box in a graphic indicates a healthy knee class score less than 0.4, signaling potential injury. There were 

no healthy knees in the testing set of Exp3 and Exp6. 

 

 

4.4. Discussion 

This research successfully implemented an innovative hybrid DL framework that revised the 

sagittal MRI-based ACL tear classification task as a novelty detection problem to address the 

class imbalance challenge presented in public datasets. To obtain a fit-for-purpose novelty score, 

we capitalized on the aleatoric semantic uncertainty as this is modelled in the class scores 

outputted by the YOLOv5-nano OD model. Taking into consideration that the investigated tissue 

typically spans across multiple MRI slices, we proposed the utilization of the global scores 

(probability vector) obtained when the OD model is applied to the whole sagittal plane image 

sequence. The second part of the proposed hybrid framework comprised the MINIROCKET 

timeseries classification model to determine whether a knee has an ACL tear or not. To investigate 

our approach’s ability to generalize, we performed both single- and cross-database testing 

involving two public databases (KneeMRI and MRNet) and a validation-only database from UGHL 

in Greece.   

Our method was invariably superior to the SOTA approaches [18,21] on the KneeMRI dataset 

and achieved better accuracy and sensitivity on the MRNet dataset. The cross-database 

experiments we carried out verified the robustness and excellent generalization capabilities of our 

method, especially when the model had been trained on KneeMRI. In addition, the presented 

pipeline generated at least 2.1 times less carbon emissions and consumed at least 2.6 times less 
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energy, when compared with the SOTA approaches. It is worth noting here that the numbers 

reported in Table 3 pertain to the final training only. However, a typical DL development process 

requires hundreds of training runs due to experimenting with multiple models and hyperparameter 

tuning. Therefore, this aspect is crucial and the concerns over the environmental footprint of DL 

research and its impact on accelerating global climate change have been growing [22]. Our results 

go along with efforts to propose “greener” DL approaches and democratize DL research [16].  

In this paper, we innovatively framed the MRI-based ACL tear diagnosis as a novelty detection 

problem by leveraging the global aleatoric semantic uncertainty obtained by the YOLOv5-nano 

OD model. However other approaches do exist in the novelty detection field. For instance, a 

recent study [29] explored novelty detection by generating synthetic near-distribution anomalous 

data to bridge the gap in detecting subtle differences between normal and anomalous samples, 

an approach that demonstrates the flexibility of novelty detection techniques in handling near-

distribution challenges. Another research [30] employed diffusion models for novelty detection, 

focusing on mitigating background bias in out-of-distribution samples through a method named 

Projection Regret (PR), which illustrates the potential of generative models in enhancing detection 

sensitivity. The varied applications of novelty detection across different tasks highlight the breadth 

of the evolving landscape of this field and the adaptability of these techniques to specific 

challenges, such as class imbalance and subtle anomaly distinction.  

The integration of aleatoric semantic uncertainty-based scores into a novelty detection framework 

is a breakthrough contribution of this study. The above attribute, when combined with the use of 

lightweight OD and timeseries classification models, have the potential to revolutionize injury 

detection from MRI data by setting a new precedent in diagnostic precision, speed and 

environmental sustainability. 

4.5. Limitations 

One notable limitation of our study pertains to the fact that some MRI images within the datasets, 

especially those taken before 2005, lack the quality synonymous with modern magnetic 

resonance imagers. This discrepancy in image quality could impact the performance of the 

algorithm. In fact, this is possibly the reason why the model that had been trained on KneeMRI 

dataset generalized better (than the model that had been trained on MRNet dataset) on the UGHL 

dataset. As such, a worthwhile avenue for future exploration would be to conduct studies using 

contemporary MRI scanners, which offer superior image quality. Additionally, a challenge we 

encountered was the presence of MRI scans with a limited number of sagittal slices. This limitation 

is attributed to the large intervals at which the imager captures the data (or else, the low out-of-

plane spatial resolution), necessitating the use of padding in our approach. In subsequent studies, 

this factor should be considered, ensuring that data is collected at optimal intervals to maximize 

the number of image slices and reduce the need for such adjustments. 

4.6. Conclusion 

In conclusion, this study introduced a hybrid novelty detection DL pipeline for ACL tear detection 

from MRI sagittal plane slices. The proposed framework achieved superior accuracy, consumed 

notably less fuel, and generated strikingly less carbon emissions, when compared against two 

SOTA approaches. The generalization capabilities of our pipeline were verified by running cross-

database experiments. The integration of aleatoric uncertainty-based scores that are rapidly 

acquired into novelty detection DL frameworks holds promise as it not only sets a new standard 
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in the MRI-based diagnostic speed and accuracy, but it also aligns with the increasing need for 

environmentally sustainable and democratic computational practices. The presented resource-

efficient pipeline offers potential for widespread clinical application. The research paves the way 

for future advancements in the DL-powered MRI-based injury detection, emphasizing 

environmental sustainability alongside technological innovation. 

Chapter 5: Thessaly Graft Index: An Artificial 

Intelligence-Based Index for the Assessment of Graft 

Healing in ACL Reconstructed Knees - A Pilot Study 
Accepted for Publication: 

"Graft Index: An Artificial Intelligence-Based Index for the Assessment of Graft Integrity in ACL 

Reconstructed Knees." 

Georgios Chalatsis, Athanasios Siouras, Vasileios Mitrousias, Ilias Chantes, Serafeim 

Moustakidis, Dimitris Tsaopoulos, Marianna Vlychou, Sotiris Tasoulis, Michael Hantes 

 

5.1. Introduction 

The minimal postoperative period needed for the ACL graft in humans to fully mature is unclear 

[103]–[106]. Despite recent studies that suggest patients return to sport (RTS) at least 9 months 

post ACL reconstruction (ACLR) [107]–[109], objective guidelines, that ensure a secure return to 

full athletic participation after ACL reconstruction are lacking [110], [111]. Human histological 10 

and magnetic resonance imaging (MRI) studies indicate that ACLR graft re-modelling is an 

ongoing process beyond one-year post-operation [112], [113]. 

Given its invasive nature, the histologic examination of the ACL to evaluate graft ligamentization 

in humans is difficult and costly to perform [114].  As a result, MRI has proven to be a valuable 

noninvasive tool to assess the graft healing process after ACL reconstruction [115], [116]. MRI 

signal intensity (SI) measurements have been used more and more in clinical studies to assess 

ACLR graft maturity [113], [117]. However, the vast heterogeneity of MRI acquisition and 

interpretation methodologies used to evaluate the ACL graft, hinders comparisons of SI between 

successive scans and separate investigations [118]. 

Furthermore, recent studies have tried to correlate MRI-based ACL graft maturity with clinical and 

functional outcomes [119]–[126]. Few subjective scores and functional criteria are recommended 

for clinical use in order to determine the time frame of return to sports (RTS) [127]–[130]. Despite 

the fact that they have been thoroughly investigated and illustrated in the literature, these scores 

and tests lack of objective data and consensus regarding the stability and healing status of the 

reconstructed graft to guide the timing of RTS [131]. 

In light of the advancements of AI technology and the growing number of studies in this field, 

different ML and DL algorithms have been employed in the diagnostic process of knee injuries 

[25], [34], [83] and in the assessment of functional outcomes post knee surgery [132]. Expert’s 

diagnostic accuracy used to be superior, but recent studies report performance levels akin to 
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fellowship-trained, full-time, academic musculoskeletal radiologists in several tasks, including 

detection and segmentation of ACL injury [29]. 

In a 2022 systematic review about AI in knee injuries [25], 14 studies were included presenting 

DL and ML models that could detect ACL injury with various accuracy ratings. However, despite 

the evolution of AI, no algorithm has been developed, until now, with the ability to assess the ACL 

graft maturity. More importantly, no algorithm has been developed to correlate the graft maturity 

with clinical and functional outcomes. In this way, the purpose of this study was to create an AI-

based index (TGI) for the evaluation of graft maturation in ACL reconstructed knees and to 

investigate the correlation of the TGI with patients’ clinical and functional outcomes. The 

hypothesis of this study is that the proposed AI model can successfully assess the ACL graft 

maturation, one year post-operatively, and that patients with higher TGI scores will present also 

better patient reported outcome measures (PROMs). 

5.2. Methods 

5.2.1. Study Design and Participants 

The study included a cohort of 28 patients who had undergone ACLR using a hamstring tendon 

autograft after an isolated ACL tear. MRI examination was performed before surgery and 1 year 

postoperatively. Simultaneously, PROMs were used to assess clinical and functional outcomes 

before surgery and 1 year postoperatively.  The main inclusion criterion was an isolated ACL 

reconstruction using a hamstring autograft. Exclusion criteria included open physes, concomitant 

meniscal repair/meniscectomy, chondral injuries, other ligament reconstruction, bilateral ACL 

rupture, and history of inflammatory disease or septic arthritis of the injured knee. The recruitment 

period lasted from September 2021 to May 2022. Twenty-eight patients were eligible to participate 

during this period, 3 patients refused to participate in the study and 1 patient was lost on follow-

up. Finally, 24 patients were enrolled in the study. Ethical approval for the study protocol was 

obtained by the institutional review board of the General University Hospital of Larissa. The 

research was performed in accordance with the 2008 Declaration of Helsinki Ethical Principles 

for Medical Research involving Human Subjects. Written informed consent form was signed by 

all participants. 

5.2.2. Surgical Technique 

All patients underwent an anatomic ACL reconstruction using an ipsilateral hamstring tendon 

autograft reconstruction. All procedures were performed by the same senior surgeon (MH). The 

femoral tunnel was drilled at the center of the native ACL femoral footprint, through the 

anteromedial portal. The tibial tunnel was drilled outside-in from the tibial cortex, aiming at the 

middle of the ACL tibial footprint. The semitendinosus and gracilis tendons were folded to create 

a four-stranded (quadruple) autograft. A button was used for femoral fixation, while a bio-

absorbable interference screw was used for tibial fixation. Post fixation was also performed using 

a bicortical screw. 

5.2.3. Rehabilitation 

All patients were instructed to perform basic exercises at home to regain range of motion and 

preserve quadriceps and hamstrings strength. The postoperative rehabilitation protocol 

emphasized in early weight-bearing progression and gradual acquisition of full range of motion 

(ROM), as tolerated. As soon as complete ROM was attained, patients followed a meticulously 
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designed progressive exercise program for increasing strength and proprioception. Depending on 

the type of sport and knee function, return to athletic activities was personalized, but in general, 

it was advised no sooner than 9 months after surgery. 

5.2.4. Preoperative and Postoperative Clinical evaluation and PROM’s 

Patients’ knees were assessed clinically for their side-to-side stability, using the KT-1000 

arthrometer preoperatively, at 3 months, at 6 months and during the final follow-up, 12 months 

postoperatively. PROMs were collected preoperatively and also at 1 year follow-up by two 

independent medical assistants. All PROMs have been previously validated and adapted in the 

Greek language [133]–[135]. The PROMS that were used, were the International Knee 

Documentation Committee Subjective Knee Function (IKDC-SKF) score [133], the Knee Injury 

and Osteoarthritis Outcome Score (KOOS) [136], the Lysholm knee score [134] and the Tegner 

Activity Scale (TAS) [135]. The minimum clinically important difference cutoff values for KOOS 

were based on the recent study of Ingelsrud et al. [137]. 

5.2.5. MRI Evaluation 

5.2.5.1. The University Hospital of Larisa (UHL) Database 

MRI examination was performed preoperatively and postoperatively using a 3T MRI scanner 

(Signa HDxt 3.0T, GE Healthcare) and a quadrature knee coil. The MRI protocol included axial, 

sagittal and coronal intermediate proton-weighted images with fat saturation, coronal T1-weighted 

fast spin echo images and 3D spoiled gradient-echo (SPGR) images with fat saturation. The MRI 

scans were reviewed by a musculoskeletal radiologist with 20 years of experience (MV). The 

native ACL was characterized either as normal or not normal/ruptured and the ACL graft either as 

normal/healed or not normal/ruptured. All MRI scans were also assessed by the DL model. The 

model’s algorithm detected the integrity of the graft, compared it with a healthy native ACL 

presenting a binary result (healthy or ruptured native ACL and ACL graft) and a quantitative score 

on a percentile scale (%). The quantitative score was representing the model’s estimation on how 

close to maturation (or to a native ACL) was the ACL graft.   

5.2.5.2. The KneeMRI Dataset 

The KneeMRI dataset, encompassing MRI scans of the knee, was compiled retrospectively by 

sourcing proton density weighted fat suppressed images gathered from 2006 to 2014 at the 

Clinical Hospital Centre Rijeka, Croatia. Data acquisition was achieved via a Siemens Avanto 

1.5T MR scanner. This dataset is composed of 917 volumes in 12-bit grayscale, with each volume 

representing either the left or right knee. Each individual record within the dataset has been 

systematically classified into one of three categories: healthy, partially ruptured, or fully ruptured. 

This classification was executed following the assessment of radiologist reports, with each scan 

assigned a label in accordance with the state of the ACL: healthy (encompassing 690 scans), 

partially injured (consisting of 172 scans), and fully ruptured (comprising 55 scans). The spatial 

resolution of each MRI slice falls within the range of 320 × 320 to 290 × 300 pixels, with the 

number of slices per volume varying between 21 and 45. 

5.2.6. Deep Learning Model  

MRI scans were employed as training material for an advanced DL network, the YOLOv5 Nano 

version [87]. The training set was extracted from the Knee MRI database [52], consisting of 690 

MRI images of healthy knees and an additional 227 images of knees displaying ACL injuries. This 
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DL model was meticulously designed to compute the probability of accurately detecting a healthy 

ACL. 

Initially, slices were selected exclusively from the sagittal plane, showcasing only a healthy ACL, 

by a radiologist. Annotations for each slice were subsequently provided, contributed by the 

originator of the database. To boost the model's generalizability and adaptability to a variety of 

image conditions, augmentation techniques were employed. Involved adjustments to the image 

brightness. 

Following the enhancement and curation of the dataset, the YOLOv5 Nano version model 

underwent training. Post-training, the model was applied to the complete dataset, which 

incorporated both healthy and injured knees. The output generated by the model encompassed 

images with bounding boxes, which marked the presence and location of the ACL, accompanied 

by a probability value. This value represented the model's confidence level in identifying a healthy 

ACL. The premise of the model functioned on the expectation of high probability values (thus high 

confidence) for healthy knees and conversely, low confidence for injured knees. 

The model's efficacy was objectively represented as a percentage, symbolizing graft integrity. To 

evaluate the accuracy and utility of this model-derived index, an external patient database from 

the University of Thessaly, with 120 ACL injured knees, was employed. Finally, the model 

analyzed pre-operatively and one-year post-operative MRI scans of 24 patients undergoing ACL 

reconstruction from September 2021 to May 2022. 

The DL model yielded two types of outcomes. The first was a binary classification, designating 

the graft as either normal or not normal. The second was a model-derived index, named the TGI, 

indicative of the probability of an ACL graft closely resembling a native or healthy ACL. The aim 

of this methodological approach was to establish a more quantifiable and accurate measure for 

evaluating ACL integrity and the effectiveness of reconstruction procedures, leveraging the power 

of DL. 

5.2.7. Statistical Analysis 

The reliability of the TGI as an evaluation tool for ACL reconstruction outcomes was validated. 

This index was correlated with the all PROMs, namely the KOOS, the IKDC, the Lysholm, the 

TAS and also with the KT-1000 measurements. The correlation between the TGI and these scores 

was determined using the Spearman’s correlation coefficient, a non-parametric measure used to 

assess statistical dependence between the rankings of two variables. In addition to our analyses, 

we utilized the Mann-Whitney U test, a non-parametric method, to examine the statistical 

significance of differences in PROMs before and after surgery. This provided a robust evaluation 

of the impact of ACL reconstruction outcomes. 

 

5.3. Results 

In total, 24 patients (24 knees) were enrolled in the study. There were 15 male and 9 female 

patients. The mean age of the population was 31.39 years. The basic demographic status of the 

recruited patients can be seen in Table 12. Side to side knee stability was statistically significantly 

improved from pre-operative to post-operative measurements using the KT-1000 arthrometer (p 

< 0.001) from 6.31 ± 1.76 to 1.21 ± 1.45, respectively. Two patients presented more than 3 mm 

side to side difference on KT-1000, between the ACL reconstructed and the healthy knee (4mm 
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and 5 mm). Post-operative measurements of KT-1000 were statistically significantly improved (p 

< 0.001) in comparison to the pre-operative ones, from 11.68 ± 1.88 to 6.76 ± 1.66. All PROMs 

statistically significantly improved postoperatively. Results are presented in Table 13. Moreover, 

all improvements in KOOS successfully reached the minimum clinically important cutoff values 

described in recent literature [137].  

 

 

Table 12: Basic demographic characteristics of the recruited patients on follow-up. 

 

PROMs and Index 
Mean Scores 
Preoperativel

y 
SD 

Mean Scores 
1 year 

Follow-up 
SD p-value 

IKDC 61.36 16.66 85.76 17.97 0.001 

Lysholm 71.00 19.95 92.30 11.36 0.001 

KOOS 

Overall 67.36 24.19 89.39 13.24 0.011 

Pain 76.36 19.67 92.84 13.03 0.010 

Symptom

s 
76.29 21.33 91.47 13.06 0.017 

ADL 83.43 15.92 95.85 9.10 0.012 

Sports & 

Recreatio

n 

41.50 28.65 82 23.51 0.034 

QoL 51.00 20.43 82.76 21.25 0.006 

Variable Results 

No of patients 24 

Sex 

        Male 15 (62.5%) 

        Female 9 (37.5%) 

Mean age in years (SD) 31.39 (10.26) 

Mean height in cm (SD) 168.62 (9.01) 

Mean weight in kg (SD) 73.96 (14.55) 
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Tegner Activity 

Scale 
2.18 1.03 6.73 1.54 < 0.001 

KT-1000 of injured 

knee 
11.68 1.88 6.76 1.66 < 0.001 

KT-1000 side to 

side differences 
6.31 1.76 1.21 1.45 < 0.001 

Thessaly Graft 
Index 

64.21 8.96 82.37 3.53 < 0.001 

*Significant p values (<0.05) are indicated in bold.  

Table 13: Results of PROMs, KT-1000 measurements and TGI pre-operatively and 1 year postoperatively. (IKDC: 
International Knee Documentation Committee, KOOS:  Knee Injury and Osteoarthritis Outcome Score, TAS: Tegner 
Activity Scale, ADL: Activities of Daily Living, QoL: Quality of Life, SD: Standard Deviation). 

5.3.1. MRI evaluation and Deep learning algorithm 

In the results obtained from the Knee MRI dataset, the ML model displayed an average 

performance measure of 99.5% mean average precision (mAP), underscoring its capability in 

discerning healthy knees. To categorize a graft as healthy, a minimum threshold on the percentile 

scale was established from the KneeMRI and the University of Thessaly Databases at 79.21% 

and an average 15% increase in TGI score between pre-operative and post-operative images. 

This threshold served as a key criterion for differentiating between healthy and injured knees.  

The average pre-operative and twelve months post-operative TGI scores were 64.21 ± 8.96 and 

82.37 ± 3.53, respectively (p < 0.001) (Table 13). Pre-operative and post-operative images can 

be seen in Figure 16Figure 17,Figure 18, andFigure 19. Twenty-two grafts were characterized as 

healed and two as re-ruptured with post-op TGI scores 71% and 42% respectively, indicating a 

partial ACL graft rupture and a complete rupture (Figure 18Figure 19). The radiologist’s 

assessment was in total agreement with the TGI scores for both pre-operative and post-operative 

MRI. 

 

Figure 16: Sagittal T2-weighted images of a 33-year-old male patient with A) ACL rupture and TGI score of 57 on the 
preoperative MRI. B) ACL graft on the 1-year post operation MRI with TGI score of 83. IKDC, Lysholm, KOOS and TAS 
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score after ACL reconstruction were 78.2, 84, 87.2, and 4 respectively. (TGI: Thessaly Graft Index, IKDC: International 
Knee Documentation Committee, KOOS:  Knee Injury and Osteoarthritis Outcome Score, TAS: Tegner Activity Scale) 

 

 

Figure 17: Sagittal T2-weighted images of a 17-year-old male patient with A) ACL rupture and TGI score of 55 on the 
preoperative MRI. B) ACL graft on the 1-year post operation MRI with TGI score of 84. IKDC, Lysholm, KOOS and TAS 
score after ACL reconstruction were 98,8, 100, 94, and 7 respectively. (TGI: Thessaly Graft Index, IKDC: International 
Knee Documentation Committee, KOOS:  Knee Injury and Osteoarthritis Outcome Score, TAS: Tegner Activity Scale) 

 

 

Figure 18: Sagittal T2-weighted images of a 25-year-old female patient with A) ACL rupture and TGI score of 59 on the 
preoperative MRI. B) ACL graft rupture and TGI score of 42 on the postoperative MRI. IKDC, Lysholm, KOOS and TAS 
score after ACL reconstruction were 36.8, 47, 66, and 4 respectively. (TGI: Thessaly Graft Index, IKDC: International 

Knee Documentation Committee, KOOS:  Knee Injury and Osteoarthritis Outcome Score, TAS: Tegner Activity Scale) 
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Figure 19: Sagittal T2-weighted images of a 25-year-old female patient with A) ACL rupture and TGI score of 46 on the 
preoperative MRI. B) ACL graft rupture and TGI score of 71 on the postoperative MRI. IKDC, Lysholm, KOOS and TAS 
score after ACL reconstruction were 58.6, 85, 72, and 4 respectively. (TGI: Thessaly Graft Index, IKDC: International 

Knee Documentation Committee, KOOS:  Knee Injury and Osteoarthritis Outcome Score, TAS: Tegner Activity Scale). 

5.3.2. PROMs and KT-1000 correlation with TGI 

All PROMs were significantly correlated with the TGI.  The correlation scores between PROMs 

and the TGI ranged from moderate to very good. The TAS and KOOS Sports and QoL sub-

categories presented the higher correlation with 0.668, 0.663 and 0.621 Spearman’s rho values. 

All correlations can be found in Table 14. Postoperative TGI and KT-1000 values were significantly 

correlated 0.561 (p<0.001), however, no correlation was noted between the TGI and the side-to-

side postoperative differences (p=0.108) (Table 15).    

 IKDC LYSHOL

M 

KOOS 

Total 

KOOS  

Pain 

KOOS 

Symptom

s 

KOOS  

ADL 

KOOS  

Sports 

KOOS 

QoL 

TAS 

Spearman’

s Rho 

0.516 0.521 0.594 0.594 0.504 0.597 0.663 0.621 0.668 

p-value <0.001 <0.001 <0.001 <0.00

1 

0.01 <0.001 <0.001 <0.001 <0.001 

*Significant p values (<0.05) are indicated in bold. 

Table 14: Correlation of the TGI with the PROMs. 
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 KT-1000 post-operative Postoperative side to side 

difference  

 with KT-1000 

Spearman’s rho 0.561 0.380 

p-value <0.001 0.108 

*Significant p values (<0.05) are indicated in bold.  

Table 15: Correlation of the TGI with the KT-1000 postoperative values and knee side to side differences. 

 

5.4. Discussion 

The most important finding of this study is that the TGI is the first AI tool that could, via MRI, 

successfully assess healing of the ACL graft. Secondarily, the TGI achieved moderate to very 

good correlation with the PROMs one year after ACLR. The graft’s healing rate was presented as 

a sensitive and easily reproducible method on a percentile scale. Very good correlation of the TGI 

was found with the TAS, KOOS QoL and KOOS Sports, followed by the KOOS Total, KOOS ADL, 

KOOS Pain, KOOS Symptoms subscale, the IKDC, the Lysholm score and the KT-1000 

postoperative values. The TGI results were successfully validated by the musculoskeletal 

radiologist’s diagnosis. The TGI tool successfully identified two ACL grafts with abnormal signal. 

The preoperative mean scores of the ACL were 64.21 ± 8.96 and the postoperative 82.37 ± 3.53. 

This incremental change in the postoperative index highlights the model's capability to detect 

improvements after ACL reconstruction procedures. The findings, therefore, underline the 

potential utility of this model in the clinical context, particularly in assisting with the assessment of 

the effectiveness of ACL reconstruction and the ongoing monitoring of patient recovery. 

Although the role of MRI in monitoring and predicting outcomes after ACL reconstruction has been 

a challenge, limited studies until now are available in the literature and the results remain doubtful. 

On Van Dyck’s et al. [118]m systematic review in 2019, only 7 of the 34 studies examined the 

correlation between MRI findings and clinical outcomes, while the T2-weighted graft signal was 

not considered a reliable factor on predicting clinical and functional outcomes after ACLR, at both 

early and long term follow-up.  The role of MRI can be proved vital on the effort of researchers to 

determine the perfect timing for a patient after an ACLR to return to sports. Although evidence 

indicates that metabolic activity continues at 1 year 11 and shows that healing can go on beyond 

2 years 43,44, Putnis et al. [113], noticed that in 42 patients there was no statistically significant 

change between signal intensity ratio of hamstring tendon autografts on MRI, 1 and 2 years, post 

ACLR. They also tried but failed to find any correlation between the MRI results, the PROMs and 

the patient’s ability to return to sports. Similarly, Hong Li et al. [120] examined 38 patients after 

ACLR (21 with autograft and 17 with allograft) with MRI at 3, 6 and 12 months and tried to correlate 

the results with functional and physical examination, but no significant association between graft 

signal/noise quotient value and the IKDC, Lysholm and TAS scores was noted at each time point. 

Lutz et al. [123] also found poor correlation between ACL autograft signal intensity and the same 

PROMs in 17 male patients who underwent ACL reconstruction with hamstring autograft at 6 

weeks, 3, 6, 12, and 24 months postoperatively, using 3T MRI. Along these results, Lin et al. [122] 
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studied the MRI of 54 patients (27 patients in the all-inside reconstruction group and 27 patients 

in the standard reconstruction group) after ACLR to measure the signal/noise quotient and assess 

the graft. The correlation between the graft maturity and the IKDC, TAS and Lysholm scores was 

not significant. Finally, Zhang et al. 24 enrolled 45 patients in two groups, using hamstrings graft 

(either free or with insertion preserved) but again no significant association was found between 

graft maturity (expressed with signal/noise quotient) and clinical scores. 

On the other hand, recent studies point that correlation between MRI and clinical outcomes after 

ACLR exists but suggest that needs more research to clear this out. Biercevicz et al. [138] noticed 

that combined parameters of graft volume and median graft SI derived from T1-weighted 3D GRE 

MRI had the ability to predict clinical or in vivo outcomes in patients at 3 and 5 years post ACL 

reconstruction. More specifically in a multiple regression model the MRI parameters were 

correlated with 1-legged hop at both 3 and 5 years, demonstrating a possible way to assess graft 

strength in vivo. They also showed positive correlation with better patient reported outcomes in 4 

out of 5 KOOS sub-scales. Li et al. [120] found that the MRI-based healing degree of the tendon 

bone interface was positively correlated with the functional scores at 12 months after ACLR. On 

a 250-patient case-control study, Putnis et al. [125] correlated the high graft signal with highest 

PROMs but also with higher risk of subsequent graft rupture. Finally, Flannery et al. [126] reported 

on their recent study that MRI measures of cross-sectional area, volume and estimated failure 

load were predictive of a positive outcome trajectory from 6 to 24 months after ACLR. 

Although the interpretation of MR images relies on various factors, including the experience of 

the radiologist and parameters related to study protocol, i.e signal scaling factors, voxel volume,  

pulse sequence weighting, and patient positioning in the scanner which can complicate 

comparison between successive scans and between patients [139], [140], we believe that it can 

be still used to monitor the healing of tendon bone interface after ACLR, can be correlated with 

the knee joint functional recovery and could be also a criterion for return to sports. Latest research 

of the advancing technology of artificial intelligence and DL indicates that it can be facilitated 

through this path. In our study MRI examination was performed by a 3T MR scanner, providing a 

higher field strength and better imaging quality. Dedicated imaging protocols such as quantitative 

MRI ultrashort echo time T2* (UTE-T2*) and T2* mapping have been reported as alternative 

imaging protocols that outperform in evaluation of ACL graft maturation [141]. However, an 

advanced imaging protocol required longer scanning times and cannot be performed on routine 

basis in a busy radiology department. Besides, there is recently published data that rely on images 

with conventional protocols and produce acceptable suggestions regarding ACL graft maturation 

[123], [141], [142]. 

5.5. Limitation 

The main limitation of this study is the size of the sample. Although it is a novel technique it may 

be underpowered to detect better correlations between PROMs and outcomes of TGI via MRI. 

While the sample size can be a common limiting factor which could be addressed with future 

studies (multi-center or not) reporting our primary results from this study is still important. The 

decision for return to sports and to previous level of activity for a patient after ACLR is still on 

debate and a tool that can provide an extra, individualized, aid on this direction can be crucial. 
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5.6. Conclusion 

The TGI is an AI tool able to accurately recognize an ACL graft rupture. Moreover, in this pilot 

study, the TGI was found able to assess maturation of the ACL graft, using a sensitive and easily 

reproducible method and correlating with the KT-1000 postoperative values and the KOOS, IKDC, 

TAS, and Lysholm scores. Further development of the TGI can be an important step aiding in 

decision making regarding patient recovery and return to sports. 

 

Chapter 6: General Conclusion and Future Work 

6.1. Summary of Findings 

This dissertation set out to enhance the application of DL techniques for the accurate diagnosis 

of ACL injuries and the assessment of ACL graft maturation using MRI studies. The research was 

structured around four primary studies: a systematic literature review of existing DL methods for 

knee injury detection; the development of a lightweight DL pipeline for identifying healthy ACLs in 

MRI data; the creation of a novel hybrid DL framework for ACL tear diagnosis; and the introduction 

and validation of the TGI for assessing ACL graft maturation post-reconstruction. 

The initial phase involved conducting a comprehensive systematic literature review following the 

PRISMA guidelines. This review aimed to analyze existing DL approaches for knee injury 

detection, focusing on ACL tears as well as meniscus and cartilage injuries. Databases such as 

PubMed, Cochrane Library, EMBASE, and Google Scholar were meticulously searched. The 

studies reviewed employed various DL architectures, including Convolutional Neural Networks 

(CNNs), Recurrent Neural Networks (RNNs), and hybrid models. 

Findings from the literature review indicated that DL models demonstrated prediction accuracies 

ranging from 72.5% to 100% for knee injury identification, with models utilizing transfer learning 

and pre-trained networks often achieving higher accuracies. However, several limitations were 

identified in the existing approaches. Many studies faced class imbalance issues, with fewer 

pathological cases compared to healthy ones, which affected model training and performance. 

Additionally, a lack of cross-dataset validation raised concerns about the generalizability of 

models across different imaging centers and patient populations. Some studies did not use 

independent test sets, leading to potential overestimation of model performance due to verification 

bias. Furthermore, variability in expert annotations introduced inconsistencies in the ground truth 

used for training and evaluation, highlighting the issue of ground-truth subjectivity. The review 

emphasized the need for developing models that are both computationally efficient and 

interpretable to facilitate clinical adoption. 

Building upon these insights, a robust and lightweight DL pipeline was developed to identify 

healthy ACLs in 3D MRI data. The primary objective was to locate sagittal slices where the ACL 

is present, thereby aiding clinicians in focused evaluations. The pipeline employed the YOLOv5-

Nano object detection network due to its balance of performance and computational efficiency. 

YOLOv5-Nano, being the smallest variant in the YOLOv5 family, is optimized for deployment on 

devices with limited resources. The model was trained and tested on augmented MRI datasets 
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containing sagittal knee images with annotated ACL regions. Its performance was compared 

against other models, including YOLOv5-Xlarge, YOLOX-Small, and YOLOX-Nano. 

The results demonstrated that YOLOv5-Nano achieved the highest mean Average Precision at 

0.5 Intersection over Union (mAP@0.5) of 97.27% on augmented data. With a model size of 3.7 

MB, YOLOv5-Nano was significantly smaller than its counterparts, facilitating faster inference 

times and lower computational demands. While YOLOv5-Xlarge and YOLOX-Small achieved 

competitive accuracies, they had larger model sizes and slower inference times. YOLOX-Nano, 

although similar in size, did not match the detection accuracy of YOLOv5-Nano. The lightweight 

nature of YOLOv5-Nano makes it suitable for integration into clinical workflows, including 

deployment on portable devices and real-time applications. 

To address the challenges of class imbalance and improve diagnostic accuracy for ACL tears, a 

novel hybrid DL framework was developed. This framework reformulated the ACL tear 

classification task as a novelty detection problem and incorporated aleatoric semantic uncertainty. 

The YOLOv5-Nano model was utilized to generate class scores with associated uncertainties, 

and a highly discriminative novelty score was computed based on the aleatoric uncertainty. This 

approach enhanced the model's ability to distinguish between normal and abnormal cases. To 

account for tissue continuity in MRI sequences, global scores were calculated by aggregating the 

probability vectors across the entire sagittal sequence. The MINIROCKET algorithm, a fast 

transform for time series classification, was employed as the second module, processing the 

sequence of global scores to classify the knee as having an ACL tear or not. 

The framework was trained and tested on two public datasets, KneeMRI and MRNet, and an 

independent validation was conducted using MRI data from the University General Hospital of 

Larissa, Greece. The results showed that on the KneeMRI dataset, the framework achieved an 

accuracy of 94.5%, outperforming state-of-the-art models with a statistically significant margin (p-

value < 0.05). On the MRNet dataset, it achieved better accuracy and sensitivity compared to 

existing approaches. The model demonstrated robust performance across different datasets, 

indicating good generalizability. When trained on the KneeMRI dataset, the model maintained 

high accuracy on external validation data. Moreover, the framework consumed 2.6 times less 

energy and generated 2.1 times less carbon emissions compared to state-of-the-art models, 

highlighting its environmental sustainability. The integration of aleatoric uncertainty and novelty 

detection enhanced diagnostic precision, and the use of lightweight models like YOLOv5-Nano 

and MINIROCKET contributed to resource efficiency, making the framework suitable for 

widespread clinical application. 

Recognizing the need for standardized assessment of ACL graft maturation post-reconstruction, 

the Thessaly Graft Index (TGI) was introduced and validated. This AI-based index quantifies graft 

healing by computing the probability of accurately detecting a healthy ACL on a percentage scale. 

In a pilot study involving 24 patients with isolated ACL injuries treated with hamstring tendon 

autografts, MRI scans were performed preoperatively and one year postoperatively. Clinical and 

functional evaluations included the KT-1000 arthrometer measurements and patient-reported 

outcome measures (PROMs) such as the Knee Injury and Osteoarthritis Outcome Score (KOOS), 

the International Knee Documentation Committee (IKDC) score, the Lysholm score, and the 

Tegner Activity Scale (TAS). The previously developed YOLOv5-Nano model was adapted to 

compute the TGI scores by analyzing the MRI scans and outputting a percentage representing 

graft health. 
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The findings indicated that the mean preoperative TGI score was 64.21%, while the mean 

postoperative TGI score was 82.37%, reflecting a mean increase of 15% between preoperative 

and postoperative images. A TGI score of 79.21% or higher categorized a graft as healthy on 

postoperative MRI. Out of the 24 grafts, 22 were characterized as healed, and 2 as re-ruptured 

with postoperative TGI scores of 71% and 42%, respectively. The TGI scores were in total 

agreement with evaluations by an independent radiologist. Additionally, TGI showed moderate to 

strong correlations with PROMs, including TAS (r = 0.668), IKDC (r = 0.516), Lysholm score (r = 

0.521), and KOOS total (r = 0.594), supporting its validity as a tool for monitoring postoperative 

recovery. The TGI provides an objective, quantitative measure for assessing ACL graft maturation, 

and its correlation with PROMs and clinical assessments reinforces its potential clinical utility. 

Collectively, the studies conducted in this dissertation contribute significantly to advancing the use 

of DL in ACL injury diagnosis and treatment. By integrating object detection, uncertainty modeling, 

novelty detection, and time-series classification, a robust framework for ACL injury diagnosis was 

established. The lightweight and efficient models facilitate real-time analysis, aiding clinicians in 

making prompt and accurate decisions. The resource-efficient nature of the models aligns with 

the growing emphasis on sustainable practices in healthcare technology. Furthermore, the 

models' generalizability and low computational requirements make them suitable for deployment 

in various clinical settings, including those with limited resources. 

Overall, the developed models demonstrated high accuracy and sensitivity in detecting ACL 

injuries and assessing graft maturation. The use of lightweight architectures like YOLOv5-Nano 

and MINIROCKET ensured efficient processing without compromising performance. Cross-

dataset testing confirmed the models' robustness and applicability to different patient populations 

and imaging protocols. The tools developed have practical applications in clinical practice, 

potentially improving patient outcomes through better diagnosis and monitoring. The findings of 

this dissertation highlight the significant potential of DL techniques in enhancing the diagnosis and 

treatment of ACL injuries. The integration of advanced algorithms with clinical expertise offers a 

promising pathway toward improved patient care in orthopedic medicine. 

6.2. Contributions to the Field 

This dissertation makes significant contributions to the field of orthopedic medicine and medical 

imaging by enhancing the diagnosis and treatment of ACL injuries through the application of 

advanced DL techniques. The work addresses critical challenges faced by clinicians in accurately 

diagnosing ACL injuries and monitoring postoperative recovery, ultimately aiming to improve 

patient outcomes. 

One of the primary contributions is the development of a lightweight DL pipeline using the 

YOLOv5-Nano object detection network for identifying healthy ACLs in sagittal MRI slices. This 

model assists clinicians by rapidly locating the specific MRI slices where the ACL is present, 

thereby focusing their attention on the most relevant images for evaluation. The efficiency and 

high detection accuracy of the YOLOv5-Nano model enable it to function effectively on devices 

with limited computational resources, such as portable imaging systems. By streamlining the 

diagnostic workflow, this tool reduces the time clinicians spend sifting through extensive MRI data, 

allowing for quicker decision-making and potentially earlier intervention for patients. 

In addressing the challenge of accurately diagnosing ACL tears, especially in the presence of 

class imbalance within datasets, the dissertation introduces a novel hybrid DL framework. This 
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framework reformulates the ACL tear classification task as a novelty detection problem, 

incorporating aleatoric semantic uncertainty derived from the YOLOv5-Nano model's class 

scores. By accounting for uncertainty and tissue continuity across the entire sagittal MRI 

sequence, the model enhances robustness and reliability in detecting ACL tears. The integration 

of the MINIROCKET time-series classification algorithm further refines the diagnostic process by 

analyzing patterns across multiple images. For clinicians, this means a more dependable 

diagnostic tool that can distinguish between healthy and injured ligaments with greater precision, 

even when dealing with heterogeneous patient data or varying imaging conditions. 

The introduction and validation of the TGI represent a significant advancement in postoperative 

assessment of ACL reconstruction. The TGI provides an objective, quantitative measure of ACL 

graft maturation by calculating the probability of accurately detecting a healthy ACL on a 

percentage scale from MRI images. This index correlates with established clinical evaluations and 

patient-reported outcome measures (PROMs), such as the Knee Injury and Osteoarthritis 

Outcome Score (KOOS), International Knee Documentation Committee (IKDC) score, Lysholm 

score, and Tegner Activity Scale (TAS). For orthopedic surgeons and rehabilitation specialists, the 

TGI serves as a valuable tool for monitoring patient recovery, assessing graft healing progress, 

and making informed decisions regarding rehabilitation protocols and the timing of returning to 

physical activities or sports. By offering a standardized assessment, the TGI reduces reliance on 

subjective interpretations of MRI scans and enhances the consistency of postoperative 

evaluations. 

Clinically, the contributions of this dissertation offer several benefits to medical professionals: 

1. Improved Diagnostic Accuracy: The developed models demonstrate high accuracy in 

detecting ACL injuries and assessing graft maturation, aiding clinicians in making precise 

diagnoses. Accurate identification of ACL tears is crucial for determining the appropriate 

treatment plan, whether it be surgical intervention or conservative management. 

2. Enhanced Efficiency: By automating the detection of ACL presence in MRI slices and 

classifying tears with high reliability, the diagnostic process becomes more efficient. 

Clinicians can allocate their time more effectively, focusing on patient consultation and 

treatment planning rather than labor-intensive image analysis. 

3. Resource Optimization: The lightweight nature of the models allows for deployment in 

various clinical settings, including those with limited computational infrastructure. This 

broadens the accessibility of advanced diagnostic tools to healthcare facilities that may 

not have extensive technological resources. 

4. Consistency in Evaluation: The use of objective indices like the TGI minimizes inter-

observer variability and subjectivity in interpreting MRI scans. Consistent evaluations 

contribute to better patient management and facilitate comparative studies across different 

clinical practices. 

5. Environmental Sustainability: The resource-efficient models consume less energy and 

generate fewer carbon emissions compared to more complex architectures. This aligns 

with the healthcare industry's growing commitment to sustainability and responsible use 

of resources. 
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From a patient care perspective, these contributions have the potential to improve outcomes by 

enabling earlier and more accurate diagnoses, tailoring treatment plans to individual needs, and 

closely monitoring recovery progress. Patients benefit from reduced diagnostic delays, more 

personalized rehabilitation strategies, and potentially shorter recovery times. Additionally, the 

objective assessments provided by the models can enhance patient-clinician communication, as 

patients can be presented with clear, quantifiable information regarding their condition and 

progress. 

The integration of these DL tools into clinical practice could transform the standard approach to 

diagnosing and treating ACL injuries. By providing clinicians with advanced analytical capabilities 

that are both efficient and accessible, the work supports a shift towards more data-driven and 

patient-centered care. The methodologies developed in this dissertation also have the potential 

to be adapted to other musculoskeletal injuries or imaging modalities, extending their impact 

beyond ACL injuries. 

In summary, this dissertation contributes to the field by bridging the gap between advanced DL 

technologies and practical clinical applications in orthopedic medicine. It offers innovative 

solutions to longstanding challenges in ACL injury diagnosis and postoperative assessment, 

enhancing the capabilities of clinicians to deliver high-quality care. Through the development of 

efficient, accurate, and clinically relevant models and indices, the work paves the way for 

improved diagnostic processes, better patient outcomes, and a more sustainable approach to 

healthcare technology. 

 

6.3. Limitations of the Study 

While this dissertation advances the application of DL techniques in the diagnosis and 

assessment of ACL injuries, several limitations must be acknowledged. 

One significant limitation pertains to the datasets used in the studies. The models were primarily 

trained and tested on specific public datasets, such as MRNet and KneeMRI, and a validation-

only dataset from the University General Hospital of Larissa (UGHL), Greece. Although these 

datasets provided valuable information, they may not fully represent the diversity of MRI images 

encountered in different clinical settings. For instance, some MRI images, especially those taken 

before 2005, lacked the quality associated with modern magnetic resonance imaging scanners. 

This discrepancy in image quality could affect the performance and generalizability of the 

algorithms. The model trained on the KneeMRI dataset, which contained higher-quality images, 

generalized better on the UGHL dataset than the model trained on the MRNet dataset. Future 

research should include contemporary MRI scans acquired with advanced imaging technology to 

enhance the robustness and applicability of the models across various imaging conditions. 

Another limitation involves the size and composition of the datasets. The presence of class 

imbalance, with a disproportionate number of healthy versus injured cases, may have influenced 

the model training and evaluation processes. While the hybrid DL framework addressed class 

imbalance by reformulating the classification task as a novelty detection problem, the overall 

effectiveness of this approach needs further validation with larger and more balanced datasets. 

Additionally, some MRI scans contained a limited number of sagittal slices due to large intervals 

at which the images were captured, resulting in low out-of-plane spatial resolution. This 

necessitated the use of padding in the models to standardize input sizes, which could introduce 
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artifacts or affect the model's ability to learn relevant features. Ensuring that future datasets have 

sufficient spatial resolution and adequate numbers of image slices would enhance model 

performance and reliability. 

The studies also faced limitations related to cross-dataset validation. Although the models 

demonstrated promising results on the datasets used, testing was limited to specific data sources. 

A more extensive cross-dataset validation involving a broader range of imaging centers and 

patient populations would provide stronger evidence of the models' generalizability and 

robustness. Such validation is crucial for clinical adoption, as it ensures that the models can 

perform reliably across different settings and imaging protocols. 

In the development of the lightweight DL pipeline using YOLOv5-Nano, the model was primarily 

focused on detecting the presence of the ACL in MRI slices but did not distinguish between 

healthy and injured ligaments. While the observed differences in object detection probabilities 

between subjects with healthy and injured ACLs suggest potential for classification, the model's 

inability to explicitly differentiate between the two limits its immediate clinical utility. Future work 

should aim to extend the model's capabilities to include classification tasks, potentially by 

leveraging the probability outputs as inputs for additional classification algorithms. 

Regarding the TGI, the main limitation lies in the sample size of the pilot study. With only 24 

patients included, the study may be underpowered to detect stronger correlations between the 

TGI and patient-reported outcome measures (PROMs). While the initial results are promising, 

larger-scale studies, potentially multi-center collaborations, are necessary to validate the TGI's 

effectiveness fully. Additionally, the decision for patients to return to sports and previous activity 

levels after ACL reconstruction remains a complex issue. While the TGI offers an individualized 

assessment tool that could aid in this decision-making process, further research is needed to 

establish standardized thresholds and protocols for its use in clinical practice. 

Lastly, the environmental sustainability assessment, while highlighting the reduced energy 

consumption and carbon emissions of the proposed models compared to state-of-the-art 

approaches, did not account for all potential environmental impacts. Factors such as the energy 

sources used, the lifecycle emissions of the hardware, and the broader ecological footprint of 

deploying these models in clinical settings were not fully explored. A more comprehensive 

environmental impact analysis would strengthen the case for the models' sustainability benefits. 

In summary, while the studies presented in this dissertation offer valuable advancements in the 

application of DL for ACL injury diagnosis and assessment, they are subject to limitations related 

to dataset quality and diversity, sample size, model capabilities, and validation scope. Addressing 

these limitations in future research will be essential to enhance the models' clinical applicability, 

generalizability, and overall impact on patient care. 

6.4. Recommendations for Future Research 

Building upon the findings and acknowledging the limitations of this study, several avenues for 

future research emerge that could further advance the application of DL in the diagnosis and 

assessment of ACL injuries. 

One primary recommendation is to expand the scope and quality of the datasets used for training 

and validating the models. The current research utilized MRI images from datasets that included 

scans taken with older imaging technology, some dating back to before 2005. These images may 
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lack the resolution and clarity provided by modern MRI scanners. Future studies should 

incorporate contemporary MRI scans acquired with the latest imaging technology to enhance 

image quality. High-resolution images from recent scanners can improve the models' ability to 

detect subtle anatomical details and pathological changes, potentially increasing diagnostic 

accuracy. Additionally, utilizing data from updated scanners would ensure that the models remain 

relevant and effective in current clinical settings. 

Expanding the datasets to include a larger and more diverse population is also crucial. A more 

extensive cross-dataset validation involving multiple imaging centers, different MRI machines, 

and diverse patient demographics would enhance the models' generalizability. This diversity 

would help the models learn a broader range of anatomical variations and pathological 

presentations, reducing the risk of overfitting to a specific dataset or imaging protocol. 

Collaborations with multiple institutions could facilitate the collection of such comprehensive 

datasets. 

Another area for future research is the extension of these DL techniques to other types of 

musculoskeletal injuries and conditions. While this dissertation focused on ACL injuries, the 

methodologies developed—such as the lightweight object detection models and the hybrid 

classification framework—could be adapted to detect and assess injuries of other ligaments, 

tendons, and cartilaginous structures within the knee or other joints. For instance, meniscal tears, 

cartilage defects, and injuries to the posterior cruciate ligament (PCL) or collateral ligaments could 

be potential targets for similar diagnostic models. Expanding the application of these techniques 

would contribute to a more holistic approach to musculoskeletal imaging analysis. 

In the rapidly evolving landscape of artificial intelligence, the emergence of large language models 

(LLMs) presents new opportunities for integrating multimodal systems into medical imaging 

analysis. Future research could explore the development of advanced multimodal models that 

combine imaging data with textual information, such as radiology reports, clinical notes, and 

patient histories. By incorporating LLMs, it would be possible to create intelligent chatbots or 

virtual assistants capable of generating detailed diagnostic reports based on the analysis of MRI 

images. These systems could provide clinicians with comprehensive insights by correlating 

imaging findings with clinical data, enhancing decision-making processes. 

Such multimodal systems could facilitate interactive platforms where clinicians can query the 

model for specific information or clarification regarding a diagnosis. For example, a chatbot could 

explain the rationale behind a particular diagnostic suggestion, increasing the transparency and 

interpretability of the model's outputs. This integration would align with the growing emphasis on 

explainable AI in healthcare, where understanding the reasoning behind a model's decision is 

essential for clinical trust and adoption. 

Moreover, integrating these advanced models into clinical workflows could provide real-time 

support during patient consultations or surgical planning. With the capability to process imaging 

data quickly and generate immediate reports, clinicians could offer more timely diagnoses and 

personalized treatment plans. Future research should investigate the feasibility and effectiveness 

of deploying such systems in real-world clinical environments, considering factors like user 

interface design, data security, and compliance with healthcare regulations. 

Addressing the limitations related to the models' current capabilities, future work should focus on 

enhancing the models to not only detect the presence of the ACL in MRI slices but also to classify 

the ligament as healthy or injured explicitly. This could involve developing new classification 
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algorithms that utilize the probability outputs from the object detection models as inputs. 

Additionally, improving the models' ability to handle variability in image quality and scanning 

protocols remains an important area of research. Techniques such as domain adaptation and data 

augmentation could be employed to make the models more robust to different imaging conditions. 

Considering the environmental impact of deploying AI models, future studies should conduct 

comprehensive environmental assessments, including factors such as the energy sources used, 

the lifecycle emissions of the hardware, and the broader ecological footprint of implementing 

these technologies in healthcare settings. Exploring ways to optimize models for energy efficiency 

without compromising performance would contribute to sustainable practices in medical AI 

applications. 

In summary, future research should aim to: 

• Utilize Contemporary MRI Scans: Incorporate high-quality images from modern MRI 

scanners to improve model performance and relevance in current clinical practice. 

• Expand and Diversify Datasets: Include larger, more diverse datasets from multiple 

centers to enhance model generalizability and robustness. 

• Extend Applications to Other Injuries: Adapt the developed methodologies to detect 

and assess other musculoskeletal injuries, promoting comprehensive musculoskeletal 

care. 

• Integrate Multimodal Systems with LLMs: Develop advanced models that combine 

imaging data with textual information, creating intelligent systems capable of generating 

detailed diagnostic reports and assisting clinicians interactively. 

• Enhance Model Capabilities: Improve models to explicitly classify ligaments as healthy 

or injured and to handle variability in imaging conditions effectively. 

• Assess Environmental Impact: Conduct thorough environmental impact analyses and 

optimize models for energy efficiency to support sustainable AI practices in healthcare. 

By pursuing these recommendations, future research can build upon the foundations laid in this 

dissertation, further advancing the integration of DL into medical imaging. Such advancements 

hold the promise of improving diagnostic accuracy, enhancing patient care, and supporting 

clinicians with powerful, intelligent tools in the evolving landscape of healthcare technology. 

 

6.5. Summary of findings 

This dissertation has explored the application of DL techniques in the diagnosis and assessment 

of ACL injuries using MRI studies. Through a systematic approach that included a comprehensive 

literature review, the development of lightweight DL models, the creation of a novel hybrid 

diagnostic framework, and the introduction of the TGI, this work has demonstrated the significant 

potential of artificial intelligence to enhance orthopedic diagnostics. 

 

The developed models address critical challenges faced by clinicians, such as the need for 

efficient, accurate, and accessible tools for diagnosing ACL injuries and monitoring postoperative 
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recovery. By leveraging models like YOLOv5-Nano and MINIROCKET, the research provided 

solutions that are both technically robust and practical for real-world clinical settings. The TGI 

offers an objective measure for assessing graft maturation, contributing to improved patient 

management and outcomes. 

While limitations were acknowledged, including dataset constraints and the necessity for broader 

validation, the findings lay a foundation for future advancements. The recommendations for future 

research emphasize the importance of incorporating contemporary imaging data, expanding the 

application of these techniques to other musculoskeletal injuries, and exploring the integration of 

multimodal systems with large language models. 

In conclusion, this dissertation contributes to bridging the gap between advanced DL 

methodologies and their practical application in clinical practice. By enhancing diagnostic 

accuracy and efficiency, it supports the overarching goal of improving patient care in orthopedic 

medicine. The continued evolution of artificial intelligence presents exciting opportunities, and 

further research in this direction holds promise for significant impacts on healthcare delivery and 

patient well-being. 
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Appendixes 

Appendix A 

Database Terms 

MEDLINE: ((((((((deep learning) OR (cnn)) OR (convolutional neural networks)) OR 
(machine learning))) OR (artificial intelligence)) OR (neural networks)) AND 
(((((knee injury) OR (ACL tear)) OR (Anterior crucial ligament)) OR (knee 
menisc*)) OR (knee cartilage))) AND (image) 

CENTRAL: ((((((” deep learning”) OR (” machine learning”)) OR (” neural networks”)) OR (” 
CNN”)) AND (knee)) AND (image)) NOT (osteoarthritis)- in All Text— (Word 
variations have been searched) 

EMBASE: find= (deep learning OR neural networks OR machine learning) AND Title= 
(knee AND image NOT osteoarthritis) 

Table 16: Terms for strategy search. 

 

Appendix B 

 

Introduction to YOLO 

You Only Look Once (YOLO) is a groundbreaking family of deep learning models 
designed for real-time object detection in images and videos. Traditional object detection 
algorithms typically employ a two-stage process: they first generate region proposals 
where objects might be located and then classify these regions. In contrast, YOLO 
reframes object detection as a single regression problem, directly predicting class 
probabilities and bounding box coordinates from full images in one evaluation. This 
single-stage approach enables YOLO to achieve remarkable speed and efficiency, 
making it highly suitable for applications that require real-time processing. 

 

The key innovation of YOLO lies in its ability to process an image in its entirety, capturing 
contextual information about classes and their appearance. By dividing the image into a 
grid and predicting bounding boxes and class probabilities for each cell, YOLO can detect 
multiple objects of different sizes within an image efficiently and accurately. 

The YOLO Architecture 

The core architecture of YOLO is based on a single convolutional neural network (CNN) 
that processes the entire input image. The network consists of several convolutional 
layers, which are responsible for feature extraction, followed by fully connected layers 
that predict output probabilities and bounding box coordinates. 

Figure 3.1 illustrates the simplified architecture of the YOLO model. 

Institutional Repository - Library & Information Centre - University of Thessaly
04/08/2026 09:06:36 EEST - 216.73.216.79



1. Input Image: The model accepts a full-sized image, typically resized to a 
standard dimension (e.g., 448×448 pixels), to maintain consistency across 
different images. 

2. Convolutional Layers: These layers apply filters to the input image to extract 
hierarchical features. Early layers might detect simple patterns like edges and 
textures, while deeper layers capture more complex structures such as shapes 
and object parts. 

3. Fully Connected Layers: These layers interpret the extracted features to predict 
bounding boxes and class probabilities for each grid cell. 

4. Output Layer: The final output is a tensor encoding the bounding boxes, 
objectness scores, and class probabilities for each grid cell. 

 

How YOLO Works 

 

YOLO operates by dividing the input image into an S×SS \times SS×S grid of cells. 
Each grid cell is responsible for detecting objects whose centers fall within it. For each 
grid cell, the model predicts: 

• Bounding Boxes: Each cell predicts BBB bounding boxes, each defined by: 
o Coordinates: (x,y)(x, y)(x,y) coordinates relative to the grid cell, 

representing the center of the bounding box. 
o Dimensions: Width www and height hhh relative to the entire image. 
o Confidence Score: Indicates the likelihood that the bounding box 

contains an object and how accurate the bounding box is. 
• Class Probabilities: Conditional probabilities for each of the CCC object 

classes, given that an object is present in the grid cell. 

The model's final prediction combines the confidence scores and class probabilities to 
assign class-specific confidence scores to each bounding box. 

 

Mathematical Formulation 

The output tensor for the entire image has the shape 𝑆 × 𝑆 × (𝐵 × 5 + 𝐶), where: 

• 𝑆 × 𝑆 represents the grid cells. 

• 𝐵 × 5 accounts for the bounding box predictions (each with 5 values: 𝑥, 𝑦, 𝑤, ℎ, and 
confidence). 

•  𝐶 represents the class probabilities. 

Loss Function 
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YOLO uses a multi-part loss function that balances localization error, confidence error, and 

classification error. The loss function ℒ is defined as: 

ℒ =𝜆coord ∑  

𝑆2

𝑖=0

 ∑  

𝐵

𝑗=0

 1𝑖𝑗
obj 

[(𝑥𝑖 − 𝑥̂𝑖)2 + (𝑦𝑖 − 𝑦̂𝑖)2 + (𝑤𝑖 − 𝑤̂𝑖)2 + (ℎ𝑖 − ℎ̂𝑖)
2

]

 + ∑  

𝑆2

𝑖=0

 ∑  

𝐵

𝑗=0

 1𝑖𝑗
obj 

(𝐶𝑖 − 𝐶̂𝑖)
2

 +𝜆noobj ∑  

𝑆2

𝑖=0

 ∑  

𝐵

𝑗=0

 1𝑖𝑗
noobj 

(𝐶𝑖 − 𝐶̂𝑖)
2

 + ∑  

𝑆2

𝑖=0

 1𝑖
obj 

∑  

𝐶

𝑐=1

  (𝑝𝑖(𝑐) − 𝑝̂𝑖(𝑐))2

 

Where: 

• 1𝑖𝑗
obj

 is 1 if the 𝑗-th bounding box in cell 𝑖 is responsible for predicting an object. 

• 1𝑖𝑗
noobj 

= 1 − 1𝑖𝑗
obj 

. 

• (𝑥𝑖, 𝑦𝑖 , 𝑤𝑖, ℎ𝑖) are the ground truth bounding box parameters. 

• (𝑥̂𝑖 , 𝑦̂𝑖 , 𝑤̂𝑖, ℎ̂𝑖) are the predicted bounding box parameters. 

• 𝐶𝑖 is the ground truth confidence score, and 𝐶̂𝑖 is the predicted confidence score. 

• 𝑝𝑖(𝑐) is the ground truth probability of class 𝑐 in cell 𝑖, and 𝑝̂𝑖(𝑐) is the predicted 
probability. 

•  𝜆coord  and 𝜆noobj  are hyperparameters that balance the loss components. 

 

 

YOLOv5: Enhancements and Features 

YOLOv5 represents a significant evolution of the YOLO architecture, introducing several 
enhancements to improve performance, efficiency, and ease of deployment. Although 
the numbering suggests continuity from previous versions, YOLOv5 was developed 
independently by Ultralytics and includes the following key features: 

Architecture Components 

1. Backbone: YOLOv5 uses a Cross Stage Partial Networks (CSP) architecture, 
which improves learning capability and reduces model size. The backbone is 
responsible for extracting essential features from the input image. 
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2. Neck: Incorporates structures like the Path Aggregation Network (PANet) and 
Feature Pyramid Network (FPN) to fuse features at different scales, enhancing the 
detection of objects of varying sizes. 

3. Head: Utilizes anchor-based detection, predicting bounding boxes, objectness 
scores, and class probabilities. 

Key Enhancements 

• Focus Layer: Introduced to efficiently downsample the input image by splitting it 
into slices, capturing rich spatial information with less computational overhead. 

• Mosaic Data Augmentation: A data augmentation technique that combines four 
images into one during training, increasing the diversity of the dataset and 
improving the model's generalization. 

• Adaptive Anchor Calculation: Automatically computes optimal anchor boxes 
based on the training data, enhancing localization accuracy. 

• Auto Learning Bounding Box Anchors: Employs K-means clustering to 
generate anchor boxes that match the dimensions of objects in the training set. 

• Enhanced Activation Functions: Uses advanced activation functions like SiLU 
(Sigmoid Linear Unit) or Mish for better gradient flow and improved learning. 

• Smaller Model Variants: Offers various model sizes (e.g., YOLOv5s, YOLOv5m, 
YOLOv5.l, YOLOv5x, and YOLOv5n for nano) to balance between speed and 
accuracy, catering to different deployment scenarios. 

 

Mathematical Foundations of YOLO 

YOLOv5 introduces modifications to the loss functions and training strategies to 
enhance detection performance and training stability. 

Localization Loss 

YOLOv5 adopts advanced IoU-based loss functions like Complete Intersection over 
Union (CIoU) or Distance-IoU (DIoU) loss for bounding box regression. These loss 
functions consider not only the overlap area but also the distance between the center 
points and the aspect ratio of the bounding boxes, leading to more precise localization. 

CIoU Loss 

CIoULoss = 1 − IoU +
𝜌2(𝐛𝐩, 𝐛gt)

𝑐2
+ 𝛼𝑣 

Where: 

• 𝜌2(𝐛𝐩, 𝐛gt) is the squared Euclidean distance between the center points of the predicted 

box 𝐛𝐩 and the ground truth box 𝐛gt. 
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• 𝑐 is the diagonal length of the smallest enclosing box covering both 𝐛𝐩 and 𝐛gt. 

•  𝑣 measures the consistency of aspect ratio. 

• 𝛼 is a positive trade-off parameter. 

Confidence and Classification Loss 

YOLOv5 employs Binary Cross-Entropy (BCE) loss with logits for both confidence and 
classification, providing better performance for multi-class object detection tasks. 

Total Loss 

The total loss function combines these components with carefully tuned 
hyperparameters to balance the contributions from localization, confidence, and 
classification losses, ensuring robust training. 

Applications and Advantages of YOLOv5 

Advantages 

• Real-Time Performance: Capable of processing images at high frames per 

second (FPS), making it suitable for applications that require immediate 

responses. 

• High Accuracy: Achieves competitive mean Average Precision (mAP) scores on 

benchmark datasets, demonstrating its effectiveness in detecting objects 

accurately. 

• Scalability: Offers different model sizes to accommodate various hardware 

capabilities, from powerful servers to edge devices with limited resources. 

• Ease of Use: Provides out-of-the-box support and is implemented in PyTorch, 

making it accessible for researchers and developers. 

Applications 

• Medical Imaging: Assists in the detection of anomalies in medical scans, such 

as tumors, fractures, or ligament injuries, enhancing diagnostic workflows. 

• Autonomous Systems: Used in self-driving cars and drones for detecting 

pedestrians, vehicles, and obstacles, contributing to safer navigation. 

• Surveillance: Employed in security systems for monitoring and detecting 

suspicious activities or unauthorized access. 

• Industrial Automation: Utilized in manufacturing for quality control, detecting 

defects in products, and automating inspection processes. 

Relevance to ACL Injury Detection 
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In the context of this dissertation, YOLOv5's capabilities are harnessed to develop a lightweight 

and efficient deep learning pipeline for detecting healthy ACLs in MRI scans. By utilizing 

YOLOv5-Nano, the smallest variant of YOLOv5, the model maintains high detection 

performance while operating with minimal computational resources. 

The pipeline focuses on: 

• Identifying Sagittal Slices with ACL Presence: By detecting the ACL in specific slices, 

clinicians can focus their evaluation on relevant images, streamlining the diagnostic 

process. 

• Efficiency and Portability: The lightweight nature of YOLOv5-Nano allows deployment 

on devices with limited processing power, facilitating widespread adoption in various 

clinical settings. 

• Integration with Hybrid Frameworks: The model serves as a crucial component in a 

larger framework that includes novelty detection and time-series analysis, enhancing the 

overall diagnostic accuracy for ACL tears. 

Conclusion 

YOLO and its advanced version YOLOv5 have significantly impacted the field of object 

detection by providing fast and accurate models that can operate in real-time. Their unique 

approach of framing object detection as a single regression problem simplifies the pipeline and 

reduces computational overhead. 

In this dissertation, the application of YOLOv5, particularly the YOLOv5-Nano variant, is 

instrumental in advancing the detection and diagnosis of ACL injuries from MRI images. By 

leveraging YOLOv5's strengths, we develop a system that not only achieves high accuracy but 

also addresses practical considerations such as computational efficiency and ease of 

deployment. 

The subsequent chapters will delve into the technical implementation of this pipeline, discussing 

how YOLOv5 is integrated into our novel hybrid framework and how it contributes to improving 

patient care through enhanced imaging analysis. 

 

Appendix C 

Introduction to MiniRocket 

Time series classification is a critical task in various domains, including finance, speech 
recognition, and medical diagnostics. In medical imaging, particularly with MRI scans, 
sequences of images capture temporal or spatial changes essential for accurate 
diagnosis. Traditional methods for time series classification often face challenges related 
to computational efficiency and scalability, especially when handling large datasets or 
requiring real-time analysis. 

To address these challenges, Dempster, Schmidt, and Webb (2020) introduced ROCKET 
(RandOm Convolutional KErnel Transform), a method that achieved state-of-the-art 
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accuracy with significantly reduced computational cost. Building upon this foundation, 
they developed MiniRocket, an enhanced algorithm offering even greater efficiency while 
maintaining high accuracy. MiniRocket is designed to provide near-deterministic results 
and is up to 75 times faster than ROCKET on large datasets. Its innovative approach 
involves using a small, fixed set of convolutional kernels and an efficient feature extraction 
method, making it highly suitable for applications like ACL injury diagnosis from MRI 
sequences. 

 

The MiniRocket Architecture 

MiniRocket operates by transforming input time series data into a feature space using 
convolutional operations with a predetermined set of kernels. These features are then 
used to train a simple linear classifier. Unlike ROCKET, which uses a large number of 
random convolutional kernels, MiniRocket employs a small, fixed set of 84 kernels with 
weights constrained to two values, typically −1-1−1 and 222. This design choice simplifies 
computations and enhances efficiency. 

The architecture of MiniRocket involves several key components. First, convolutional 
kernels are applied to the input time series data. The use of fixed kernels eliminates the 
need for generating and storing random kernels, reducing computational overhead. 
Dilation and padding techniques are employed to capture patterns at different scales 
within the time series, allowing the kernels to sample points at intervals determined by 
the dilation factor. This enables the convolution operation to cover the entire time series 
without reducing its length. 

After the convolution operation, MiniRocket utilizes the proportion of positive values (PPV) 
pooling method to extract features from the convolution outputs. PPV calculates the 
proportion of positive values in the convolution output, providing a robust statistical 
representation of the data. These PPV values form a feature vector representing the time 
series. Finally, a simple linear classifier, such as logistic regression or ridge regression, 
is trained on these feature vectors to perform the classification task. 

How MiniRocket Works 

MiniRocket's approach revolves around efficiently transforming the input time series into a 

discriminative feature space. The process begins with the convolutional transformation, where 

each input time series 𝑋 = [𝑥0, 𝑥1, … , 𝑥𝑛−1] of length 𝑛 is convolved with the fixed set of kernels 

𝑊 = [𝑤0, 𝑤1, … , 𝑤𝑚−1] of length 𝑚, with weights 𝑤𝑗 ∈ {−1,2}. The convolution operation with 

dilation 𝑑 is defined as: 

𝐶𝑖 = ∑  

𝑚−1

𝑗=0

𝑤𝑗 ⋅ 𝑥𝑖+𝑗−𝑑 
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for all valid positions iii where the kernel fits within the time series. 

The use of dilations allows the kernels to capture various patterns and features across 
different scales within the time series. By spacing out the kernel elements, dilations 
enable the model to detect both short-term and long-term dependencies in the data. 

After the convolution, MiniRocket computes the proportion of positive values (PPV) for 
each convolution output: 

𝐶𝑖 = ∑  

𝑚−1

𝑗=0

𝑤𝑗 ⋅ 𝑥𝑖+𝑗−𝑑 

where L is the length of the convolution output, I is the indicator function ( 1 if the condition 
is true, 0 otherwise), and b is a bias term, typically set based on the convolution output 
distribution. By varying the bias b and using multiple kernels and dilations, MiniRocket 
generates a rich set of features that capture different characteristics of the time series. 

To achieve exceptional speed, MiniRocket employs several efficient computation 
strategies. Using weights of −1-1−1 and 222 allows convolution operations to be 
performed using only additions and subtractions, minimizing computationally expensive 
multiplications. The fixed kernels eliminate the need for generating and storing random 
kernels, reducing overhead. Additionally, convolutions and PPV calculations for different 
kernels and dilations can be executed in parallel, further enhancing computational 
efficiency. 

The PPV values from all kernels and dilations form a feature vector representing the time 
series. A linear classifier is then trained on these feature vectors to perform classification. 
Due to the discriminative power of the features extracted by MiniRocket, a simple linear 
classifier suffices to achieve high accuracy, simplifying the overall model and reducing 
computational requirements. 

Advantages of MiniRocket 
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MiniRocket offers several significant advantages. First, it provides rapid computation, 

significantly reducing processing time and making it suitable for large datasets and real-

time applications. The efficient use of arithmetic operations minimizes resource usage, 

resulting in low computational cost. Second, MiniRocket produces deterministic results 

due to the use of fixed kernels, ensuring consistency and reliability, an essential factor in 

medical applications where reproducibility is crucial. Third, despite its simplicity, 

MiniRocket achieves accuracy comparable to more complex, resource-intensive models, 

demonstrating its competitiveness. Additionally, MiniRocket's linear computational 

complexity allows it to scale effectively with data size, handling large datasets efficiently. 

Its straightforward design facilitates easy implementation, maintenance, and integration 

into existing systems. 

 

Application in ACL Injury Diagnosis 

In the context of ACL injury diagnosis from MRI sequences, MiniRocket offers compelling benefits. 

MRI sequences consist of multiple sagittal slices capturing the knee's internal structures. 

Analyzing these sequences as time series data allows the detection of patterns indicative of ACL 

injuries. MiniRocket processes these sequences to extract features that reflect the presence or 

absence of injuries. 

When combined with object detection models like YOLOv5-Nano, which identifies individual slices 

where the ACL is present, MiniRocket analyzes the sequence of detections to determine the 

overall condition of the ligament. This holistic analysis enhances diagnostic accuracy by 

considering the ligament's appearance across multiple images rather than in isolation. Moreover, 

medical datasets often have an imbalance between healthy and injured cases. MiniRocket's 

feature extraction helps mitigate this issue by focusing on significant patterns, improving the 

model's ability to handle class imbalance. 

 

Mathematical Foundations 

The mathematical foundations of MiniRocket involve the convolution operation with dilation and 

the calculation of PPV. The convolution with dilation 𝑑 is given by: 

𝐶𝑖 = ∑  

𝑚−1

𝑗=0

𝑤𝑗 ⋅ 𝑥𝑖+𝑗⋅𝑑 

This operation allows the kernel to sample points at intervals determined by the dilation, capturing 

patterns over different scales within the time series. The weights wjw_jwj are constrained to −1-

1−1 and 2, simplifying the computation to basic arithmetic operations. 

The PPV is calculated as: 

PPV =
1

𝐿
∑  

𝐿−1

𝑖=0

𝕀(𝐶𝑖 > 𝑏) 
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This statistical measure reflects the proportion of the convolution output exceeding the bias bbb, 

effectively capturing the distributional characteristics of the transformed time series. By varying 

bbb and the dilation ddd, MiniRocket captures a diverse set of features. 

For each kernel 𝑘 and dilation 𝑑, a PPV feature is computed, and the collection of these features 

forms the feature vector: 

𝐅 = [ Feature 1,1,  Feature 1,2, … ,  Feature 𝐾,𝐷] 

where 𝐾 is the number of kernels and 𝐷 is the number of dilations. A linear classifier predicts the 

class label 𝑦 based on the feature vector 𝐅 : 

𝑦 = sign(𝐰⊤𝐅 + 𝑏) 

where 𝐰 is the weight vector learned during training, and 𝑏 is the bias term. The simplicity of the 

linear classifier contributes to the overall efficiency of the model. 

Considerations 

While MiniRocket offers significant advantages, certain considerations are essential. The use of 

fixed kernels may not capture all possible patterns in highly diverse datasets. This limitation can 

be mitigated by the nature of the medical imaging data, where the patterns related to ACL injuries 

are consistent and well-defined. Additionally, the model relies on the linear separability of features, 

which may not hold in all cases. However, the integration with other models, such as the object 

detection capabilities of YOLOv5-Nano, enhances the overall robustness and accuracy of the 

diagnostic framework. 

Relevance to the Dissertation 

The inclusion of MiniRocket in this dissertation is driven by its ability to efficiently process MRI 

sequences for ACL injury diagnosis. Its speed and low computational cost make it suitable for 

real-time applications in clinical settings, where timely diagnosis is critical. The deterministic 

nature of MiniRocket ensures reliable and reproducible results, aligning with the stringent 

requirements of medical diagnostics. By integrating MiniRocket into a hybrid deep learning 

framework, this research leverages its strengths to advance the automated detection and 

classification of ACL injuries, ultimately contributing to improved patient care. 
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