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Abstract 

This study presents an innovative hybrid deep learning (DL) framework that reformulates the 

sagittal MRI-based anterior cruciate ligament (ACL) tear classification task as a novelty 

detection problem to tackle class imbalance. We introduce a highly discriminative novelty 

score, which leverages the aleatoric semantic uncertainty as this is modeled in the class scores 

outputted by the YOLOv5-nano object detection (OD) model. To account for tissue continuity, 

we propose using the global scores (probability vector) when the model is applied to the entire 

sagittal sequence. The second module of the proposed pipeline constitutes the MINIROCKET 

timeseries classification model for determining whether a knee has an ACL tear.  To better 

evaluate the generalization capabilities of our approach, we also carry out cross-database 

testing involving two public databases (KneeMRI and MRNet) and a validation-only database 

from University General Hospital of Larissa, Greece.  

Our method consistently outperformed (p-value<0.05) the state-of-the-art (SOTA) 

approaches on the KneeMRI dataset and achieved better accuracy and sensitivity on the 

MRNet dataset. It also generalized remarkably good, especially when the model had been 

trained on KneeMRI. The presented framework generated at least 2.1 times less carbon 

emissions and consumed at least 2.6 times less energy, when compared with SOTA. 

The integration of aleatoric semantic uncertainty-based scores into a novelty detection 

framework, when combined with the use of lightweight OD and timeseries classification 

models, have the potential to revolutionize the MRI-based injury detection by setting a new 

precedent in diagnostic precision, speed and environmental sustainability. Our resource-

efficient framework offers potential for widespread application. 

Keywords: ACL, object detection, MRI, injury, classification, novelty detection, aleatoric 

uncertainty 
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1. Introduction 

1.1. Background 

The economic and societal impacts of anterior cruciate ligament (ACL) injuries are far-

reaching, as they represent over 50% of all knee-related injuries and affect each year millions 

of individuals globally [1]. Only in the United States, the financial burden of ACL injuries 

exceeds $7 billion annually [2]. 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 [3]. This, in turn, contributes to a heightened likelihood of developing knee 

osteoarthritis [4], [5]. 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 [2]. 

Although arthroscopy is considered the "gold standard" for diagnosing intra-articular knee 

pathology, it has limitations due to its invasive nature and potential complications [6]–[8]. 

Recently, magnetic resonance imaging (MRI) has emerged as the most widely adopted non-

invasive imaging technique for evaluating ACL injuries [9]. 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 [10], [11]. 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 [12], [13]. 

In recent years, deep learning (DL) techniques have demonstrated promising capabilities in 

addressing the challenges associated with medical image interpretation by automatically 

learning complex, nonlinear patterns [14]–[16]. 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 
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potential to significantly enhance the analysis and interpretation of knee MRI datasets, and 

further advancements in the field of ACL tear diagnosis. 

 

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 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 deep learning 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. 
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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. [17] 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. [18] proposed an interpretable lightweight 3D deep-neural 

network model, outperforming (p-value<0.05) previous state-of-the-art (SOTA) models on the 

Chiba and Stanford knee datasets [19]. Astuto et al. [20] employed 3D CNNs to diagnose and 

grade ACL damage. Dunnhofer et al. [21] 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 [22].  
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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 [23]. In brief, our framework first attempts to accurately model 

"normality" by training an OD model (YOLOv5-nano [24]) 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 

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 [25]) 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 [26]. This is also 

backed by a growing literature demonstrating that sagittal plane factors are responsible for 

ACL injury mechanisms [27].  Consequently, only data from the sagittal plane is used in this 

study.  

Jo
ur

na
l P

re
-p

ro
of



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 [19] and KneeMRI [28], 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 [18], [21] with regard to 

accuracy, resource efficiency and environmental cost.  

2. Materials and methods 

2.1. Datasets and annotation 

In this study, we utilized two public datasets (MRNet [19] and KneeMRI [28]) and one 

validation-only dataset sourced from UGHL in Greece.  

MRNet [19] 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 [28] 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. 

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. 

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 [24], 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 (Figure 1): 
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• 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 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 [25]) 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 
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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 1: An illustration of the proposed hybrid DL. Highlighted is our core innovative 

contribution, that is a novelty score that capitalizes on the global aleatoric semantic 

uncertainty as this is modelled in the class scores outputted by object detection model. 

A novelty score that also incorporates critical clinical (ACL geometry) information and 

can be rapidly acquired. 

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.    
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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. 

 

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. 

 

 

 

 

 

 

 

Jo
ur

na
l P

re
-p

ro
of



Table 1: Pseudocode of the hybrid architecture training and inference protocols. 

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. 
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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 

 

We trained (Table 2) 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 optimization was set to automatically choose the best 

method ('auto'). Finally, the random_state parameter, used to seed the random number 
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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. 

Table 2: Model structured details for YOLOv5-nano and RidgeClassifier. 

Model Component  YOLOv5-nano  RidgeClassifier 

Parameters 1.9 million  

Layer Settings  CSP-Darknet53 backbone, 

SPPF, PANet  

N/A 

Activation Functions SiLU (Swish) for hidden 

layers, Sigmoid for output 

layer 

N/A 

Optimization Methods  SGD, Adam  Linear Regression with L2 

Regularization 

Training Epochs  150 N/A 

Image Size  640x640 pixels  N/A 

Alpha Parameter  N/A 1.0 

Max Iterations  N/A None 

Fit Intercept  N/A True 

Tolerance N/A 0.0001 

Solver N/A Auto 

                                                            
1 https://github.com/ThanosUTH/ACL-Tear-Diagnosis- 
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Random State  N/A None 

System Specs  Python 3.10, Ubuntu Linux 22.04, NVIDIA RTX A6000 (48GB) 

 

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.  

2.6. Statistical analysis 

We conducted a statistical analysis to compare the performance of our proposed method 

against two state-of-the-art approaches: the SOTA methods [18], [21]. We used two datasets 

for this evaluation. For the first dataset, we used the MRNet dataset with its predefined 

training and testing splits. Our proposed method, along with the methods from Dunnhofer et 

al. and Jeon et al., was trained on the training set and evaluated on the testing set. We 

calculated performance metrics such as Accuracy, Sensitivity, Recall, Specificity, AUC. To 

assess the statistical significance of the differences in performance, we performed 

permutation tests, where the training labels were shuffled 1000 times, and p-values were 

obtained by comparing the actual accuracy with the distribution of accuracies from the 

shuffled data. 
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For the second dataset, we employed 5-fold cross-validation to evaluate the models. Each 

method, including our proposed one, was trained and tested across five different splits of the 

data, with each subset serving as a test set once. We averaged the accuracies from these folds 

and used paired t-tests to compare the cross-validated accuracies of our proposed method 

against the methods by Dunnhofer et al. and Jeon et al. This approach allowed us to rigorously 

determine if the performance improvements of our proposed method were statistically 

significant and not due to random chance. 

 

3. Results 

3.1. Accuracy evaluation 

Table 3 outlines the comparison results between the proposed framework and the SOTA 

methods in terms of ACL tear classification accuracy in single-database experiments (Exp1, 

Exp4). Our method consistently outperformed (p-value<0.05) 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.   
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Table 3: Comparison between the proposed and other SOTA approaches in terms of ACL tear 

classification performance in single database experiments. Boldface indicates best performance. 

Approach Experiment Database Accuracy AUC Sensitivity Specificity P-value 
Dunnhofer et al. 

(2022) [21]  
Exp1 MRNet 0.886 0.976 0.815 0.944 0.01* 

Exp4 KneeMRI 0.834 0.914 0.806 0.843 0.00* 

Jeon et al. (2021)  
[18]  

Exp1 MRNet 0.911 0.963 0.944 0.901 0.00* 

Exp4 KneeMRI 0.826 0.851 0.801 0.874 0.00* 

Proposed 
Exp1 MRNet 0.949 0.960 0.963 0.920 - 

Exp4 KneeMRI 0.960 0.960 0.917 0.968 - 
*p-value<0.05 

 

Figure 2: ROC curves and corresponding AUC scores illustrating the classification 

performance of the proposed models in Exp1 (a) and Exp4 (b). 
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Figure 3: 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. 

 

 

Figure 4: 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. 
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3.2. Resource efficiency evaluation 

Table 4 lists the generated CO2eq emissions, the power spent, and the 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. 

Table 4: 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. 

Model CO2eq (g) 
Energy 

(kWh) 

Equivalent 

distance traveled 

by car (km) 

Training 

time 

(h:min:s) 

Average inference 

time (ms) 

Jeon et al. 

(2021)  [18]  

51.921046  0.43277567  0.431238  0:55:00 2 

Dunnhofer et al. 

(2022) [21]  

347.505372  0.908115 2.886257  1:35:37 6 

Proposed 20.264802  0.208915 0.168312  0:36:06 1.4 
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3.3. Generalization capabilities evaluation 

Table 5 outlines the results of the proposed framework in terms of ACL 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.  

 

Table 5: 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). 

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 - - - 
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Figure 5: ROC curves and corresponding AUC scores illustrating the classification 

performance of the proposed models in Exp2 (a) and Exp5 (b). 

 

Figure 6: 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. 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 
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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 energy, when compared with the SOTA approaches. It is worth noting here that 

the numbers reported in Table 4 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 
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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. 

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. 
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6. Conclusions 

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 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. 
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Highlights  

• The formulation of the ACL tear diagnosis task as a novelty detection problem 

for the first time in order to address class imbalance. 
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• The integration of rapidly-obtained aleatoric semantic uncertainty-based scores 

into the novelty detection framework. 

• The inclusion of global tissue information into the decision-making process. 

• The implementation of the proposed framework in single-database experiments 

achieved superior performance in detecting ACL tears, while at the same time 

consumed notably less fuel and generated strikingly less carbon emissions 

during training and inference, when compared with two state-of-the-art 

methods. 

• Cross-database experiments verified the robustness and excellent generalization 

capabilities of the proposed framework. 
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