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	 Degeneration of knee cartilage is a significant health concern, particularly among 
the elderly and individuals with a history of joint pain. Early diagnosis and classification are 
crucial for effective intervention and treatment. The proposed work aims to develop an AI-
based diagnostic model that combines 3D convolutional neural networks (CNN) with 3D vision 
transformer (ViT) to extract high-level spatial information from 3D MRI images and improve the 
recognition of subtle patterns in cartilage degeneration and classify degeneration into stages: 
healthy cartilage, mild cartilage, severe cartilage, cartilage lesions, and osteoarthritis-related 
changes. 3D CNN and 3D ViT were used to extract spatial hierarchies and features from MRI data 
and trained on annotated knee MRI scans to improve classification. 3D CNN and 3D ViT models 
outperform the methods in the classification of knee cartilage degeneration, providing accurate 
and reliable disease detection for bio-medical purposes. The model achieved an accuracy of 
90.46%. Combining 3D CNN with a 3D ViT effectively identifies cartilage degeneration in the 
knee. The technology helps increase diagnostic accuracy, shorten analysis time, and create 
personalized treatment plans. This strategy can improve patient outcomes through timely 
intervention and is particularly useful for early diagnosis and treatment of degenerative diseases.

Keywords: Biomedical Imaging; Cartilage Degeneration Classification; Knee Cartilage Degeneration; 
MRI Image Analysis; 3D Convolutional Neural Network (3D CNN); 3D Vision Transformer

(3D ViT).

	 Knee chondromalacia is a widespread 
complaint that affects a large number of people, 
such as the elderly or those who have a history of 
knee injuries. This leads to suffering, decreased 
ability to move, and stiffening, having a massive 
influence on the standard of living. This condition is 
a significant cause of disability and, in most cases, 
a disease that involves the gradual breakdown 
of cartilage in the joints. Magnetic Resonance 
Imaging (MRI) and Computer tomography (CT) 

scans are conventional diagnostic tools with poor 
sensitivity in the early detection of the initial 
stages of degenerative changes and quantitative 
assessment of cartilage health. The significant 
health concerns of knee cartilage degeneration are 
in the ageing population, excessive mechanical 
stress, and those who have a history of joint 
injuries. Cartilage degeneration is the ability of a 
joint to function correctly, which can cause pain, 
reduced mobility, and stiffness. This condition is a 
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leading cause of disability and knee pain, especially 
in older generations; it can also affect younger due 
to injury.1

	  It is crucial to understand knee cartilage 
degeneration and mitigate its impacts. The proposed 
study’s primary focus is the classification of knee 
cartilage degeneration using a combination of 3D 
CNN and a 3D vision transformer. The 3D CNN 
is used for feature extraction, and the Transformer 
is used for classification for bio-medical purposes. 
The five classes utilized in this study are healthy 
cartilage, mild cartilage degeneration, severe 
cartilage degeneration, cartilage lesions, and 
osteoarthritis-related changes. The knee joint is a 
complex structure consisting of the femur, tibia, 
and patella, and the ends of this bone are covered 
with cartilage or smooth tissue that acts as a 
cushion.2 The two main types of cartilage in the 
knee are articular cartilage and meniscal cartilage. 
An articular cartilage covers the ends of the bones 
in the joint. Also, it provides a smooth surface for 
movement, but compared to the meniscal cartilage, 
it provides stability and cushioning that contains 
two wedge-shaped discs.3 Meniscal cartilage is 
a flexible tissue between the knee thigh and shin 
bone that provides cushioning by distributing body 
weight evenly around the entire knee surface. 
However, sudden turns and twists can cause knee 
tears in the articular or meniscus cartilage while 
walking.4 So, over time, knee cartilage can wear 
down due to the potential for cartilage loss on the 
knee, or tissue quality degenerates with overuse and 
ageing. The knee cartilage pain, injuries, or locking 
of the knee can lead to difficulties while running, 
walking, and doing other activities.  Pain is the 
most common symptom of knee cartilage damage, 
but recurring swelling is a standard warning sign.5 
So, it can be difficult to point to cartilage damage 
as the reason for the knee pain. The symptoms of 
knee cartilage locking sensation while moving 
the joint, catching, or when knee blends can feel 
it snag during motion. The multidisciplinary team 
of medical doctors can diagnose and treat it as a 
knee injury.6 Knee cartilage degeneration cannot 
be cured, but many treatments and strategies 
help to improve the patient’s condition, such as 
medications like acetaminophen or NSAIDs, 
topical analgesics, physical therapy, and lifestyle 
modifications like weight management, low-impact 
exercise, corticosteroid injections, surgical options 

like arthroscopy, osteotomy, or joint replacement.7 
Those treatments improve the patient’s quality of 
life, and the motive of these treatments is to reduce 
pain, improve joint function and inflammation, and 
promote overall well-being. With medical imaging 
and data analysis advancements, techniques 
revolutionized its ability to understand and 
manage knee cartilage degeneration. Traditional 
imaging modalities such as MRI and X-rays, 
computed tomography (CT), and ultrasound 
imaging, optical Imaging, quantitative imaging 
biomarkers, machine learning & AI integration, 
biomechanical analysis, and molecular Imaging 
give necessary insights into the structural changes 
in cartilage and bone.8 These technologies provide 
detailed information on cartilage structures and 
compositions, generating research and clinicians to 
find disease progression, calculate treatments for 
effectiveness, and develop some new strategies. 9 
Researchers can improve their understanding of 
knee cartilage degeneration and patient outcomes 
with the composition of various imaging modalities 
and analysis techniques. These techniques have 
disadvantages in detecting early-stage degeneration 
and quantifying subtle changes in cartilage health.10

	 With the recent advancements in deep 
learning, medical imaging analysis has been 
transformed with the prominent use of 3D (CNNs) 
in volumetric data analysis. Still, CNNs remain 
limited in capturing long-term dependencies and 
contextual information, which is essential for 
classification purposes. The deficiencies discussed 
above are crucial, and this research aims to develop 
a fresh combined model of 3D CNNs and 3D 
(ViTs). Local features are identified using the 3D 
CNN, while the ViT is used to determine global 
spatial hierarchies. This integrated approach is 
expected to improve the accuracy of classifying 
knee cartilage degeneration into five progressive 
stages with the help of both models, which should 
provide a detailed feature extraction capability. 
3D CNN provides new possibilities for analyzing 
complex 3D medical images. Traditional 2D 
CNN processes only flat images but can handle 
volumetric data, unlike 3D CNN. It is well-suited 
for CT and MRI scans that give detailed 3D 
representations of the knee joint. 3D CNN applies 
convolutional filters to analyze three-dimensional 
data, capturing spatial hierarchies and patterns 
across different plates.11 Its ability to allow for the 
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extraction of features that are not declared in 2D 
slices improves the detection of early cartilage and 
facilitates a more accurate assessment of cartilage 
degeneration. 3D CNN can be trained in clinical 
settings to automatically segment and classify 
cartilage regions or identify degeneration patterns 
and predict disease progression. The automatic 
method can improve diagnostic accuracy, reduce 
the time required for analysis, and support 
personalized treatment planning.12 Recently, 
transformers have been used in medical Imaging, 
initially developed for natural language processing 
tasks. The transformers are mainly helpful in 
capturing long-range dependencies and contextual 
information, making them valuable tools for 
analyzing complex image data. However, knee 
cartilage degeneration transformers are utilized 
to improve the performance of the 3D CNN by 
integrating contextual information and enhancing 
feature representation. The Transformer employed 
self-attention mechanisms to prioritize relevant 
features in input data, disregarding less critical 
information.13 A transformer can understand 
cartilage degeneration, and its progression is highly 
due to its ability to capture global dependencies 
and contextual relationships. Integrating 3D CNN 
and Transformer represents a promising method 
for advancing the analysis of knee cartilage 
degeneration. At the same time, transformers 
improve 3D CNN spatial feature extraction from 
volumetric images by providing contextual insights 
and enhancing data interpretation. 
Contributions of the Study
	 Integrating two methods, 3D CNN and 
ViT Transformer for knee cartilage degeneration 
combines advanced deep learning techniques to 
improve predictive accuracy and interpretability. 
So, there are some main contributions of this model 
are:
• 3D CNN enhances feature extraction and 
representation by capturing spatial features in 
volumetric data like MRI scans by leveraging 
3D structure or can identify intricate patterns and 
degenerative changes in knee cartilage. Meanwhile, 
the Transformer captures long-range dependencies 
and contextual relationships between regions in 
the scan.
• Knee cartilage degeneration is essential in medical 
research to improve understanding, treatment, 
quality of life, and preventive measures and drive 

research for enhanced joint health management.
• Research on Knee cartilage degeneration 
improves understanding of cartilage cell biology, 
extracellular matrix behavior, chondrocyte 
behavior, tissue repair, and ageing treatments.
Related work
	 The previous research studies focused 
on four factors contributing to knee cartilage 
degeneration: 1. AI and Machine Learning for 
Knee Disease Detection and Classification, 2. 
Predictive Modeling and Risk Assessment, 3. AI in 
Treatment Planning and Outcome Prediction, and 
4. Integration of AI with Imaging Technologies.
AI for Knee Disease Detection and Classification
	 Artificial intelligence (AI) and machine 
learning are essential aspects of medical diagnostics 
that detect and classify knee diseases. AI and ML 
are the branches of computer science that create a 
system that can do tasks like learning from data, 
problem-solving, decision-making, and reasoning. 
In comparison, ML is a subset of AI. AI includes 
training algorithms to learn from predictions or 
decision-based data.14 At the same time, the ML 
model enhances their performance with extra 
data exposure. Some techniques help to detect 
knee diseases for image-based detection, such as 
X-rays, MRI scans, and ultrasounds. The machine 
learning model uses X-ray images to detect the 
signs of knee diseases. Deep learning models 
like CNN are utilized with MRI scans to clarify 
abnormalities like bone marrow and cartilage loss 
or meniscal tears.15 Machine learning algorithms 
also use ultrasound images to identify condition. 
16 It’s crucial for personalized treatment plans and 
predicting disease progression, predictive analytics, 
and assessing risk based on historical data. This 
prediction efficiency generates early intervention 
and customized management methods, potentially 
slowing disease progression and improving patient 
results.17  AI and ML integrate with different 
data sources, such as imaging outcomes and 
clinical history, to comprehensively view the 
patient’s condition. AI and ML improve knee 
disease detection and classification by providing 
advanced diagnostic tools to enhance accuracy and 
personalized treatment, thus improving patient care 
and clinical practice.
Predictive Modeling and Risk Assessment
	 Knee cartilage is gradually becoming 
important in healthcare for predictive modeling, 
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risk management, and understanding complex 
issues related to cartilage deterioration. Using 
stable techniques, machine learning, and 
biomechanical insights, predicted cartilage health 
results are based on the input data, whereas the risk 
assessment evaluates the likelihood of these results 
based on input data, risk assessment, Individual 
characteristics, and lifestyle factors.18 Predictive 
modeling of knee bone health uses regression 
analysis and machine learning algorithms 
to analyze big data, including demographic 
information, lifestyle choices, medical history, 
genetic predispositions, and detailed information 
(like MRI scans). 19  Advanced learning techniques 
like random forests or neural networks can 
address irregular relationships in the data and 
predict cartilage more accurately. Biomechanical 
modeling is essential for predicting the structure 
of knee cartilage. The technology simulates 
the mechanical and physical stresses the knee 
joint experiences during various activities. By 
understanding the different forces and movements 
that affect the knee over time, doctors and scientists 
can predict which activities are at particular risk 
of damaging the cartilage in individuals. Knee 
fracture risk assessment tools identify modifiable 
and no modifiable factors contributing to the 
risk prediction model, such as age, gender, and 
genetic predisposition.  As we age the risk of 
cartilage damage or the likelihood of osteoarthritis 
increases due to wear and tear and genetic factors 
that predispose some people to cartilage damage.20 
Risk assessment can identify, and address risk 
assessment can identify and address moderate risk 
factors such as body mass index (BMI), physical 
activity, and knee injury. Measuring body weight or 
repetitive tasks that may cause cartilage wear can 
identify these conditions in patients by assessing 
the risk and making recommendations to reduce 
their effects, such as recommending safety and 
weight control. 21 Predictive model risk assessments 
are essential for improving health and treatment 
planning through early identification of individuals 
at high risk of knee osteoporosis, facilitating 
the inclusion of such low-impact exercise and 
routine maintenance.  Prediction models can also 
recommend treatment, such as physical therapy, or 
surgery, such as knee replacement.22 Personalized 
treatment plans delivered through predictive 

models allow for personalized interventions 
that target individual risk, potentially improving 
outcomes and reducing the risk of osteoporosis 
more gently.
AI in treatment planning and outcome prediction
	 AI uses machine learning algorithms 
and data analytics to create and implement 
treatment strategies, predict patient outcomes 
with unprecedented accuracy and efficiency, and 
provide outcome prediction in various medical 
conditions. For medical planning, AI improves 
the accuracy of medical decisions by analyzing 
a patient’s medical history, genetic information, 
health status, and current andrology; intelligent 
algorithms can interpret medical images such as 
MRI and CI scans to identify tumors accurately. 
23 These algorithms use deep-learning techniques 
to identify subtle patterns invisible to the human 
eye. AI also suggests the best options based on 
the patient’s condition, allowing for personalized 
treatment plans, especially in cases where modern 
technology cannot meet the patient’s needs. It plays 
a crucial role in medical planning by predicting 
treatment outcomes based on historical data from 
many patients. This predictive capability can 
used to try different treatments, helping doctors 
predict potential outcomes and side effects before 
implementing specific strategies. 24 For example, in 
heart disease, AI can calculate the likelihood that 
a patient will respond to a particular intervention, 
such as medication or surgery, allowing for 
more personalized treatments and eliminating 
costly and time-consuming trial and error. The 
benefits of patient AI factors play a crucial role 
in assessing patient expectations and managing 
long-term health outcomes. 25  Machine learning 
models can analyze a wide range of data, including 
electronic medical records, test results, and patient-
reported outcomes, to identify conditions and 
predict the spread of disease. 26 AI can predict the 
likelihood of recurrence in cancer patients and the 
complexity of chronic diseases such as diabetes. 
This prediction is based on a complex process that 
combines many variables, allowing for a better 
understanding of additional healthcare resources 
and also helping to influence risk, allowing 
doctors to prioritize and allocate intervention 
more effectively. AI can help manage patients with 
chronic obstructive pulmonary disease (COPD) by 
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predicting exacerbations and suggesting preventive 
measures to reduce hospitalizations and improve 
the Bio-Medical environment quality of life.
Integration of AI with Imaging Technologies
	 Integrating AI and technology is essential 
to revolutionize diagnosis by improving the 
accuracy and efficiency of diagnosis and treatment. 
Medical Imaging relies on technologies such as 
MRIs, CT scans, X-rays, and ultrasounds to provide 
valuable insight into the human body’s inner 
workings. The sheer volume of data generated by 
these imaging techniques and difficulty interpreting 
that data pose significant challenges. AI has 
revolutionized the imaging industry by improving 
interpretation and automating labor-intensive 
processes with machine learning algorithms and 
data processing capabilities. The role of AI in 
machines begins with the ability to analyze large 
data sets with high quality and accuracy. Deep 
learning algorithms can be trained on large datasets 
to identify subtle patterns and abnormalities 
confusing the human eye. 27 AI electronic systems 
can detect small changes in scans to detect early 
signs of cancer, stroke, or lung disease, improving 
accuracy and facilitating early intervention, often 
a problem for better treatment and outcomes. In 
addition, the integration of AI and technology is 
streamlining work and reducing the workload of 
doctors. AI-powered tools automate routine tasks 

such as segmentation and classification, allowing 
radiologists to focus on complex patients. AI 
can also help solve critical problems by quickly 
flagging signs and enabling essential situations to 
be rapidly resolved.28 Another crucial benefit of 
drawing skills is their role in developing sound, 
consistent images. AI algorithms can perform 
noise reduction, image enhancement, and artifact 
correction to increase the clarity and efficiency of 
scientific research. This development is perfect 
for procedures such as MRI and CT scans, where 
image quality can affect the accuracy of diagnosis.29 
AI helps generate more reliable data for analysis 
and interpretation, ultimately contributing to more 
diagnoses by refining image quality. Integrating 
AI with imaging technologies provides a potential 
for personalized medicine, and it analyzes data 
with patient-specific information, such as generic 
profiles and medical histories, to develop tailored 
diagnostic and treatment plans.30 This customized 
approach improves the effectiveness of treatment 
and decreases the risk of adverse effects. Local 
features are identified using the 3D CNN, while the 
ViT is used to determine global spatial hierarchies. 
This integrated approach is expected to improve the 
accuracy of classifying knee cartilage degeneration 
into five progressive stages with the help of both 
models, which should provide a detailed feature 
extraction capability. 3D CNN provides new 

Fig. 1. Overview of Methodological Framework
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possibilities for analyzing complex 3D medical 
images

Materials and Methods

	 The methodological framework includes a 
detailed plan and procedures for conducting research 
and collecting data. It ensures the reproducibility, 
validity of findings, and transparency. The proposed 
work divided the methodological framework into 
four sections. In the first data management, 3D 
CNN Architecture, 3D transformer integration, and 
classification are illustrated, as shown in Figure 1.
Data management
	 Data management is essential in the 
methodology section for many reasons. It ensures 
that data is collected or stored and processed 
sequentially and securely, improving the reliability 
and accuracy of the research findings. Proper data 
management helps researchers handle vast amounts 
of data efficiently, maintain data integration and 
inconsistencies, or minimize errors. Effective 
data management aids in organizing data in an 
efficient way that makes it easy to analyze and 
interpret, ultimately supporting robustness and 
credible conclusions. Moreover, data management 
in the methodology section is crucial for ensuring, 
transparency, and reproducibility of research 
outcomes. In this study, the proposed work 
divided data management into data collection and 
preprocessing. The study which comprises 3D knee 

MRI scans. Some of the data preprocessing steps 
include but are not limited to, resizing 2D DICOM 
images to 3D volumes, Pixel normalization, 
and Data augmentation, including rotation and 
translation flipping, among others. This slightly 
improves the class balance, enhancing the model’s 
reliability, as shown in Figure 2.
Data Collection
	 The current study on knee cartilage 
degeneration uses data from the MRnet datasets 
collection, which has been used for research, 
leveraging a large dataset containing various 
information types, as shown in Fig 3.  To analyze 
this data, the proposed works on advanced models, 
specifically 3D CNN and 3D ViT. In the current 
study, AI techniques are also used to improve the 
interpretation of predictive models and deepen 
our understanding of the factors contributing 
to cartilage degeneration. The OAI provides 
participants with long-term information, including 
clinical assessments, visual outcomes, and patient 
history results in a Bio-Medical environment. 
These measurements are important in assessing 
the progression of cartilage degeneration and other 
joint conditions. The data is collected from the 
Kaggle website, and the link is https://www.kaggle.
com/datasets/sachinkumar413/osteoporosis-knee-
dataset-preprocessed128x256. Some sample 
images are shown in figure 3.
Data Preprocessing
	 Preliminary data include several vital 

Fig. 2. Overview of Methodological Framework
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steps to study knee cartilage degeneration using 
the OAI and MRnet datasets. This information is 
valuable for assessing MRI imaging and provides 
essential information for understanding cartilage 
degeneration. This preparation includes several 
vital steps to prepare the medical for quality 
analysis using advanced machine learning models. 
An MRNet data containing knee MRI scans in 
DICOM format is the first dataset to convert all 2D 
images into 3D volumes. These volumes are then 
converted to a standard size (e.g., 64* 64*64 pixels) 
to normalize the input data. These pixel intensities 
are also normalized to a single measurement 
to ensure observation consistency. Finally, the 
program uses data augmentation techniques such as 
rotation, translation, and inversion to increase the 
training set’s variability and improve the model’s 
robustness.
Normalization
	 Normalization is often essential to 
improve model performance and stability in tasks 
such as analysis of knee cartilage deterioration 
in MRI scans. Batch Normalization (BN) is a 
commonly used technique to train all layers 
normally in small batches. For the given explicit 
x, BN first calculates the mean value of the process 
in the minimum batch, 'means

B
' and the variable 

number of the process VarB.Then, the normalized 
x^ The function is calculated as follows in Equation 
1:

	 ...(1)
	 Where the normalized will be scaled, and 
instead, a small constant ϵ will be used to avoid 
division by zero equation 2:

	 ...(2)

	 And γ and β are not learned. Regarding 
knee cartilage degeneration, BN ensures that the 
feature maps extracted from MRI scans maintain 
consistent distributions, make it easier for the 
network to learn relevant patterns, and enhance 
diagnostic accuracy.
Resampling
	 Resampling in deep learning includes 
adjusting data dimensions and resolution to 
maintain consistency or suitability for model input. 
Deep learning resampling, especially for knee 
cartilage degeneration analysis from MRI scans, 
involves adjusting data spatial resolution to manage 
consistency and enhance model performance. 
Resampling can be crucial when integrating data 
from various sources and standardizing input 
sizes for neural networks. It involves either up-
sampling (increasing resolution) or down-sampling 
(decreasing resolution).  In the downsampling to 
minimize the resolution, the image is often reduced 
by averaging or pooling with each pixel. xi,j The 
output is computed as equation 3 follows:

	 ...(3)
	 N is the downsampling factor, and (p, q) 
are the indices in the down-sampled region. For 
up-sampling resolution, interpolation techniques, 
such as bilinear or cubic interpolation, upsampled 
images with a new pixel value, are used. xi,j are 
evaluated by equation 4:

	 ...(4)

Fig. 3. Dataset Collection
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	 The weights are derived from wk,l 
While (k,l) are the surrounding pixels used for 
calculations. The accurate sampling ensures 
that MRI scans are uniformly processed in knee 
cartilage degeneration, which is essential for 
training CNN to detect and classify the condition 
reliably.
Converts 2D images into 3D volume
	 Converting 2D information into 3D is not 
always necessary for classifying 3D data, but it may 
be crucial depending on the application. To convert 
2D images into a 3D volume, the following steps 
are typically involved:
Slice Ordering
	 Slice ordering is necessary to transform 
2D images into 3D volumes. The proposed work 
acquires multiple 2D slices from an imaging 
device, each representing a cross-sectional view. 
Additionally, these slices must be registered and 
scaled to reconstruct the 3D volumes accurately. 
Correct ordering is necessary to avoid interference 
in the reconstruction of the 3D model, and it 
should be verified before the stacking phase. In the 
mathematical concept of slice ordering, suppose 
each 2D slice. Ii(x,y) has a corresponding position 

 in the z-axis, ensuring that z_1< z_2<...<z_n for 
slices I1, I2…,In . The sequence of slices is sorted 
according to Z-coordinates using a simple sorting 
algorithm equation 5:
	 Order slices such that  z_1≤ z_2≤  ...  
≤z_n 	 ...(5)
	 A series of 2-dimensional slices that stack 
correctly to form a 3-dimensional unit.
Stacking Slices
	 Stacking of slices to prepare the cut 
for three-dimensional packaging. The planning 
process involves assembling the slices to form 
a 3-dimensional stacking of the 2-dimensional 
slices along a new dimensional (usually the 
z-axis). The method of aligning the slices in the 
Z-axis is controlled by special software or imaging 
equipment, which creates a three-dimensional 
array without gaps or overlapping slices. Stacking 
is correctly placing 2D forms to create a 3D pixel 
grid, where each pixel V(x,y,z) corresponds to a 
specific location in the 3D space. If the slices are 
parallel to the Z-axis by a ∆z, the 3-dimensional 
volume can be expressed as equation 6:

V(x,y,z)= Ii (x,y)      For    z= z_(i )   and    z_(i )= 

z_1+(i-1)∆z          
	 ...(6)
	 A 3D pixel grid where each slice is placed 
according to its depth.  
Spatial Calibration
	 Spatial calibration determines and corrects 
the exact dimensions of a 3D volume, ensuring that 
the sizes and distances of the word are accurately 
defined. To avoid interference, use the calibration 
function of the imaging software to evaluate and 
adjust the data outside of the imaging equipment or 
scanning settings. Spatial calibration converts pixel 
coordinates to real-world coordinates to ensure 
that the physical dimensions of 2D slices match 
their dimensions in 3D space. In the mathematical 
notations, given the pixel spacing sx and sy In 
the x and y directions and the thickness of the ∆z 
segment, the real-world coordinates (X, Y, Z) of 
the pixel are calculated as equation 7:  
 
X = x .sx,     Y = y.sy,    Z = z.∆z

...(7)
	 This technique creates spatially accurate 
3D volumes where pixel dimensions accurately 
reflect actual measurements.
Resolution Adjustment
	 The resolution must be adjusted according 
to the slice size to achieve the exact resolution 
across the entire 3D volume. This process 
involves ensuring consistent resolution, ensuring 
3D reproduction, preserving image quality, and 
preventing noise through techniques such as 
bilinear or cubic interpolation. The exact resolution 
across the 3D volume is achieved by adjusting 
the data to retrieve if the 2D slice resolution 
or difference changes. This can be done using 
mathematics such as trilinear interpolation equation 
8:

V' (x', y', z') = ∑i,j,k Wijk .V(x+i,y+j,z+k)
	 ...(8)
	 Where Wijk are weights based on 
the interpolation method and pixel values are 
resampled. This results in a 3D volume with 
a uniform resolution, essential for accurate 
visualization and analysis.
Volume Validation
	 This is the final step in the work to validate 
the resulting 3D volume to ensure it is considered 
an exciting model. This includes visual inspection 
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and the ability to perform adequate testing against 
known or used standards. Volume validation is a 
process that ensures the accuracy and completeness 
of a 3D reconstruction of a volume to ensure it is 
considered an original 2D part. This may include 
visual inspection, comparison to known standards, 
or quantitative measurements. The result is a 3D 
volume that is recognized and ready for analysis, 
visualization, or modeling.
3D CNN Architecture
	 The architecture typically includes 
numerous layers of 3D convolutional filters that 
operate on 3D patches of the input volume, such 
as MRI slices. These filters maintain spatial 
context by extracting spatial information in 
all three dimensions to recognize the minute 
alterations linked to cartilage degradation. Pooling 
layers, which come after convolutional layers, 
lower the spatial dimensions while keeping the 
most noticeable characteristics, increasing the 
computational efficiency of the network. The 
final layers are fully linked, transferring acquired 
attributes to the output space, often a binary or 
multi-class classification, like deteriorated vs. 
healthy cartilage. The typical steps for 3D CNN 
architecture include:
Model design
	 The model architecture consists of a local 
3D CNN for capturing local features and a global 
3D ViT model for capturing the international 
context of the video. The 3D CNN contains 
several convolutional and max-pooling layers 
that extract the spatial hierarchy from the MRI 
volumes. The ViT model uses self-attention to 
pay special attention to features essential to the 
classifier and recognizes long-range interactions. 
The model design uses the OAI MRNet dataset, 
which includes MRI scans of the knee, to provide 
images and labels for cartilage degeneration. 
The dataset is preprocessed by normalizing pixel 
intensities, resizing 3D MRI volumes, and applying 
data augmentation techniques such as random 
rotations, translations, and flips to increase the 
dataset’s variability and improve model robustness. 
Firstly, the input layer is defined to match the 
dimensions of the preprocessed MRI scans. Then, 
3D convolutional layers are added to extract 
features for MRI scans. Rectified Linear Unit 
activation functions introduce non-linearity and 
allow the network to learn more complex patterns. 

After that, 3D max-pooling layers are applied to 
reduce the spatial dimensions of the feature maps, 
which helps minimize computation and control 
overfitting. Furthermore, after convolutional layers, 
BN is added to stabilize the training process by 
normalizing activations. Table I shows that fully 
connected layers interpret features extracted by 
convolutional layers.
Model configuration
	 The model configuration involves 
compiling the model using the Adam optimizer, 
choosing a loss function, tracking accuracy, 
training on preprocessed MRI scans, evaluating 
performance on a test set, and regularizing the 
model with dropout layers to reduce overfitting 
risk. The model’s performance is assessed using 
metrics like accuracy, precision, recall, and F1-
score, which are used for detailed performance 
assessment. The input layer uses 64x64x64 with 
one channel for 64x64x64 images. 3D convolution 
layers apply a set of filters to the input data, 3D 
max pooling reduces feature map size, flattens 
output into a 1D vector, performs classification 
using convolutional layers, drops units to prevent 
overfitting, and outputs Sigmoid or Softmax for 
binary or multi-class classification. The model 
configuration Table II provides detailed information 
on each layer in a 3D CNN architecture, including 
filter number, size, stride, padding, output size, 
and activation functions. The model architecture 
consists of a local 3D CNN for capturing local 
features and a global 3D ViT model for capturing 
the international context of the video. The 3D CNN 
contains several convolutional and max-pooling 
layers that extract the spatial hierarchy from the 
MRI volumes. The ViT model uses self-attention 
to pay special attention to features essential to the 
classifier and recognizes long-range interactions, 
as shown in Table 2.
Transformer integration
	 The 3D CNNs and 3D ViT are combined 
to classify knee cartilage degeneration is driven 
by the need for a model that can handle complex 
spatial relationships in 3D medical images, 
providing a robust, accurate, and interpretable 
model capable of effectively diagnosing and 
grading knee cartilage degeneration from MRI 
scans. The Transformer’s global context awareness 
and long-range dependency collecting abilities 
are combined with CNN’s local feature extraction 
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capacity. From 3D MRI scans, CNN extracts local 
features. These features are then embedded into a 
form appropriate for the vision Transformer. The 
Transformer processes the embedded tokens to get 
global relationships. The combined outputs from 
the CNN and Transformer create a comprehensive 
feature representation. Finally, the outputs are 
aggregated and sent through a classification layer 
to the cartilage degeneration class as predicted. 
Additionally, the Transformer creates attention 
maps to help in decision-making.
Feature embedding
	 In this integrated approach, the knee 
MRI scans are first processed by the 3D CNN 
to extract detailed spatial features. These features 
cover aspects of cartilage morphological features, 
including thickness, texture, and lesion presence. 
Then, the CNN flattens these feature maps into 
high-dimensional vectors by creating feature maps 
that capture these fine features. These vectors act 
as the feature embedding to encode the spatial and 
structural details of the knee cartilage. The 3D 
CNN’s feature map output is separated into smaller 
3D patches, each embedded into a vector space 
with a lower dimension. The 3D CNN output FCNN 
is divided into non-overlapping patches Pi,j,k. In 
the mathematical representation of patch formation 
is shown in equation 9.

Patchi,j,k = Patch (FCNN)i,j,k 
...(9)

	 In the linear embedding, each patch Pi,j,k 
It is flattened and passed through a linear projection 
layer to create embeddings, equation 10.

Ei,j,k = Flatten (Patchi,j,k) WE + bE
	 ...(10)
	 Whereas, WE and bE are learnable 
parameters of the linear projection. Transformers 
require positional encodings to be applied to the 
patch embedding because they do not naturally 
encode spatial information, equation 11.

E'i,j,k = Ei,j,k + Positional Encoding (i,j,k)              

...(11)
Transformer architecture
	 The transformer architecture is designed 
to handle sequential data, but it processes 3D 
CNN feature embeddings in this integration. The 

Transformer’s self-attention mechanism enables 
it to understand the global context of feature 
embeddings, learning the relationships and 
dependencies between different cartilage regions. 
Each feature embedding is treated as the token, and 
the transformer models interactions between these 
tokens, capturing how different parts of cartilage 
relate to each other and identifying patterns of 
degeneration. The Transformer’s multi-head 
self-attention layers analyze these embeddings to 
identify local and global characteristics that lead 
to cartilage degeneration. Figure 4 depicts the 
transformer architecture.
	 After processing the patch embeddings, the 
3D Vision Transformer records global relationships 
throughout the MRI scan’s 3D environment. The 
Transformer computes dependencies between 
various patches using self-attention, equation 12.

	
...(12)

	 Whereas the query, key, and value 
matrices that come from the patch embeddings are 
Q,K,V, and the dimensionality of the vital vector is  
dk. Multiple attention heads are utilized to capture 
various relationship elements, equation 13.

MultiHead (Q,K,V) = Concat(head1, head2,…, 
headh)Wo	

...(13)
	 Where head

i
 And Wo represents the 

output from the i-the attention head is the learnable 
weight matrix. An output of the attention layer is 
passed through a feed-forward network, as shown 
in equation 14.

FFN(X) = ReLU (XW1 +  b1) W2 +  b2
	 ...(14)
	 Where weight and biases of the FFN are 
W1, W2 and b1,b2. Ultimately, the final output of 
the Transformer FTransformer Contains globally refined 
features.
Feature aggregation
	 After passing through the ViT model, 
the outputs are combined with the original CNN 
features to depict the knee cartilage completely. 
Combining the modified data with the unprocessed 
features that the CNN extracted is known as feature 
aggregation. Concatenation and fusion are two 
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Table 2.  3D CNN Model Overview and Statistics

Aspect	 Description	 Value/Setting

Optimizer	 The algorithm is used to minimize 	 Adam
	 the loss function during training.
Learning Rate	 The step size for updating model 	 0.001
	 weights.
Loss Function	 The function is used to calculate 	 Binary Cross-Entropy 
	 the difference between predicted 	 (binary classification)
	 and actual values.	 Categorical Cross-Entropy 
		  (multi-class classification)
Batch Size	 The number of samples processed 	 32 or 64
	 before the model weights are updated.
Number of Epochs	 The total number of passes through 	 50-100
	 the entire training dataset.
Dropout Rate	 The fraction of neurons dropped during 	 0.5
	 training to prevent overfitting.
Weight Initialization	 The strategy for initializing the model 	 He Normal (or Xavier)
	 weights before training begins.
Regularization	 Techniques used to reduce overfitting.	 L2 Regularization (optional)
Early Stopping	 A technique to halt training when no 	 Monitor validation loss with 
	 improvement is seen in the validation loss.	 patience (e.g., 5 epochs)
Data Augmentation	 Techniques applied to artificially increase 	 Rotations, Flips, Intensity Shifts
	 the size of the training dataset.

techniques that can be used to do this. They combine 
the global context supplied by the ViT model with 
the specific local features extracted from the CNN. 
The combined elements give the cartilage a rich, 
multidimensional representation that improves 
the model’s capacity to precisely determine and 
categorize the degree of deterioration. The CNN 
and transformer process feature extraction and 
processing to create a comprehensive feature 
representation concatenated or linearly combined 
by feature fusion, as shown in equation 15.

Ffusion =  αFCNN + (1 - α) FTransformer
             ...(15)

	 Where α is a learnable parameter 
balancing, the contributions of the CNN and 
Transformer, afterwards, the aggregated features 
are passed through a fully connected layer for final 
classification, as shown in equation 16.

y^ = software (Wfinal Ffusion +  bfinal)                
...(16)

	 Whereas W
final

 and b
final

 are the weight and 
bias of the final classification layer, y^ Represents 
the predicted probabilities for each class. The 

model uses integrated features from the Vision 
Transformer and 3D CNN to accurately classify 
knee conditions, generating probabilities for 
healthy ACL tears or meniscus tears. The model 
is trained using Optimizer Adam Learner Rate 
chosen based on 0. 001 and a batch size of 32 
samples. Cross-entropy loss is used to optimize 
the model. Measures for assessing the performance 
level include accuracy, precision, recall, F1 
score, and AUC. The training process involves 
hyperparameter optimization and dropout to avoid 
overfitting.

Results

	 The study on knee cartilage degeneration 
shows the effectiveness of integrating 3D CNN with 
3D ViT, augmented by Explainable AI techniques, 
in accurately identifying and classifying different 
stages of cartilage degeneration on a large dataset 
of 3D MRI scans. The Vision Transformer helped 
to capture global dependencies within the data, 
improving the model’s ability to distinguish 
between minute variations in degeneration stages. 
At the same time, the integration of 3D CNN 
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Fig. 4. Integration of 3D Vision Transformer with 3D CNN

enabled the extraction of spatial features crucial for 
comprehending the structural changes in cartilage. 
Precision, recall, F1 score, and accuracy Jaccard 
index (also known as the Intersection over Union 
(IOU)), dice coefficient, Matthews Correlation 
Coefficient (MCC), Cohen’s Kappa, and Area under 
the Precision-Recall Curve (AUC) were among the 
key performance indicators that were consistently 
high, demonstrating the model’s resilience in a 
variety of test scenarios. The model did very well 
identify between severely deteriorated cartilage and 
healthy cartilage. Combined with the ViT model 
and 3D CNN, explainable AI techniques provide 
a robust method for automated diagnosis of knee 
cartilage deterioration, enhancing patient outcomes 
and diagnostic accuracy and enhancing trust among 

medical practitioners for accurate diagnosis and 
treatment planning. The proposed model Acquired 
a classification of 90% between normal and attack. 
46%, far exceeding the performance of state-of-
the-art models for knee cartilage degeneration 
classification. Table III shows performance 
for each class in further detail, and as it can be 
observed, the model is very accurate in detecting 
osteoarthritis-related changes as it has F1=0. 91 and 
the Jaccard Index of 0. 82. Still, the performance 
for mild cartilage degeneration was slightly lower, 
indicating that there is still room for improvement 
in the algorithm. Based on the epoch-wise training 
and testing accuracy plot (Fig. 4), it can be seen 
that the training accuracy remains constant after the 
20 epochs, and the testing accuracy also increases 
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Table 3. Results Of Performance Parameters

Classes	 Precision	 Recall	 F1 Score	 Accuracy	 Jaccard 	 Dice 	 MCC	 Cohen’s 	 AUPRC
					     Index 	 Coefficient		  Kappa
					     (IOU)

Healthy 	 0.9	 0.88	 0.89	 0.9	 0.8	 0.82	 0.78	 0.76	 0.79
Cartilage
Mild Cartilage 	 0.85	 0.83	 0.84	 0.84	 0.75	 0.77	 0.73	 0.71	 0.74
Degeneration
Severe Cartilage 	 0.88	 0.89	 0.88	 0.88	 0.77	 0.79	 0.75	 0.73	 0.76
Degeneration
Cartilage 	 0.87	 0.86	 0.86	 0.87	 0.78	 0.8	 0.76	 0.74	 0.77
Lesions
Osteoarthritis-	 0.91	 0.92	 0.91	 0.91	 0.82	 0.84	 0.8	 0.78	 0.81
Related Changes

Fig. 5. Epoch-wise performance analysis

gradually and is characterized by overfitting. The 
learning rate comparison (Figure 5) also shows that 
a higher rate than 0. 001 gives the best results, and 
the hyperparameter tuning experiments depict that 
the best performance is achieved when the batch 
size is 16, as pictorially represented by Figure 5.
Performance parameters results
	 Table 3 presents diverse statistical 
metrics for assessing a classification model 
across numerous classes pertaining to cartilage 

health: Normal cartilage, A/C I, A/C II, A/C III, 
Cartilage lesion, and OA. All these indicators 
provide an overall assessment of the performance 
of the model. Accuracy refers to the number of 
actual positives estimated for each class divided 
by the total number of all positive observations 
assuming randomness. The range falls between 
0.85 and 0.91 for several classes, resulting from 
the model’s ability to avoid false positives. Based 
on Table 3, the highest precision score of the 
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Fig. 6. Learning rate comparison

Fig. 7. Hyperparameter tuning comparison

model is for Osteoarthritis at 0.91, which reflects 
that the model gives better accuracy in this class 
than in other classes. Recall or Sensitivity gives 
the proportion of true positive observations for a 
range of 0.83 to 0.92. Osteoarthritis has the highest 
recall, therefore revealing that this class is easiest 
to identify by the model. The combined F1 Score, 
which balances precision and memory, ranges 

between 0.84 and 0.91, with all classes displaying 
outstanding performance. The highest score was 
again achieved in the Osteoarthritis class. The 
accuracy as the proportion of the number of well-
classified instances to the overall count of instances 
for each class is, once again, considered high, 
ranging between 0.84 and 0.91. The Jaccard Index 
was calculated to quantify the similarities between 
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Fig. 8. Batch size comparison

Fig. 9. The ROC curves for knee cartilage classification

anticipated and actual values, which ranged from 
0.75 to 0.82, as exhibited by osteoarthritis. A similar 
work is also identified with the help of another 
measure known as the Dice Co-efficient, and the 
values obtained from this vary in the range of 0.77 
to 0.84, which reveals the ability of the model to 
predict the class margin accurately. The Matthews 

connection Coefficient (MCC) checks the quality 
of binary classifications in which MCC, ranging 
from 0.73 to 0.84, portray a connection between 
the expected and actual classes. Cohen’s Kappa, a 
measure of the relative observed agreement that 
allows for more than random chance, varies from 
0.71 to 0.8, suggesting considerable agreement 
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for most classes. The first evaluation metric is the 
AUPRC (Area Under the Precision-Recall Curve), 
which is 0.74 to 0.81, sharing the capability to 
balance between precision and recall, especially 
with the Osteoarthritis class. It can be seen that 
the specific model provides the highest scores 
for Osteoarthritis, as all its values are constantly 
high, proving the high effectiveness of this model 
in identifying this class. The low values of Mild 
Cartilage Damage point toward the fact that this 
class is challenging for the model, possibly because 
of proximity to other classes. Altogether, these 
performance measurements provide a complete 
picture of the model, showing its advantages and 
disadvantages to allow for further improvement, 
as shown in Table 3.
Epoch-wise performance analysis
	 In knee degeneration, epoch-wise 
performance analysis is vital to ensure that a 
deep learning model learns well and generalizes 
well to new information. Over several training 
sessions, this analysis tracks critical performance 
parameters such as accuracy, precision, recall, 
and F1 score. The main goal of this work is to 
track the learning behaviour of the model as it 
processes data each time. Among these, epoch-wise 
performance analysis is a tool used to track deep 
learning models across multiple training cycles or 
“epochs.” In this process, 3D MRI information on 
knee degeneration is fed into a model to identify 
features corresponding to different stages of 
degeneration. This image shows the over 20-fold 

improvement of the model dividing the cartilage 
of knee degeneration. The training accuracy of this 
model is stable and reaches 90% up to 20 times. 
However, validation lags at 86%, as given in Figure 
5. This indicates overfitting, where the learning 
model recognizes specific patterns for the training 
set but fails to recognize new elements. However, 
the model shows stable performance overall.
Learning rate comparison
	 Comparing studies on knee cartilage 
degeneration requires evaluating how different 
studies affect the performance of deep learning 
(e.g., 3D CNN or Vision transformer) trained 
to classify different stages of knee cartilage 
degeneration using 3D MRI data. The update rate 
of the weighted model during back expansion 
at each iteration is determined by a critical 
hyperparameter called the learning rate. The 
learning rate determines how the model converges 
to the optimal solution. Comparisons of studies 
on knee cartilage degeneration are often made by 
training, as shown in Figure 6.
	 The training samples were from different 
subjects, and performance outcomes were 
measured, including accuracy, loss, precision, 
recall, and F1 scores. Figure 6 shows a comparison 
of three studies on knee cartilage degeneration 
classification. The model with a learning rate of 
0.001 performed best, gradually increasing the 
time to 90% accuracy, as shown in Figure 6. The 
model with a learning rate of 0.01 started faster 
but remained at 87%. The model with the highest 

Fig. 10. State-of-the-art comparison
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learning rate of 0.1 struggled to achieve 82% 
accuracy, exceeding the recommendation.
Hyperparameter tuning comparison
	 The practice of optimizing model 
parameters such as learning rate, batch size, and 
number of layers to improve performance on 
tasks such as knee cartilage classification is called 
hyperparameter tuning. This is important because 
these metrics impact the performance of deep 
learning models. If the model is not tuned, it may 
be too slow, unable to recognize complex patterns, 
or too rigid. Therefore, hyperparameter tuning is 
essential to achieve the best accuracy and training 
performance. Hyperparameter tuning experiments 
show lower learning rates and sizes that suit knee 
cartilage detection or classification. The maximum 
(0.90) was achieved with a run of 0.001 and a 
batch size 16, indicating that the model’s ability is 
improved. Batch size affects accuracy; accuracy 
generally decreases as learning increases, and the 
minimum learning efficiency is 0.1, as shown in 
Figure 7.
Batch, size comparison
	 Regarding knee cartilage degradation, 
batch size comparison is relevant to evaluate how 
different bone types affect deep learning models’ 
performance to classify cartilage degradation 
stages using 3D MRI data. The number of samples 
in the training data is included in the sample before 
each weight adjustment and is size-dependent. 
Models can be trained using different parameters 
to classify activities associated with knee cartilage 
degradation and evaluate how each parameter 
affects performance metrics, including accuracy, 
precision, recall, F1 score, and speed training. 
Several comparisons are made with small, medium, 
and large batch sizes to evaluate how different 
parameters affect the model’s ability to detect 
differences in cartilage degradation in MRI data. 
Figure 8 shows the performance of the studied 
model with other parameters (16, 32, and 64) to 
detect knee cartilage degradation. The model’s 
performance improves as the number of epochs 
increases, with batch size 16 showing the best 
performance. Batch size 32 shows the average 
performance with an efficiency of 0.87 at time 
20, as shown in Figure 8. In summary, small 
batches (especially batch size 16) still lead to good 
performance over time. Evaluate the performance 
of the classifiers in identifying changes in healthy 

bones, mild cartilage, severe cartilage degeneration, 
cartilage, and osteoarthritis. This model has AUC 
scores of 0.77 for healthy cartilage, 0.89 for mild 
degeneration, 0.85 for severe degeneration, and 
0.82 for cartilage, as shown in Figure 9. The 
model’s classification performance is based on 
higher AUC values, particularly for mild and severe 
cartilage degeneration. However, it struggles with 
osteoarthritis-related changes and healthy cartilage, 
as shown in Figure 9.
	 The model’s performance is generally 
satisfactory but may require refinement for the 
accurate distinction between wholesome and 
osteoarthritis-related changes, as shown in Figure 
9, the ROC curve.
State-of-the-art comparison
	 Based on their accuracy percentages, 
several cutting-edge models for knee cartilage 
degeneration analysis are compared in the graph. 
The comparison of various models, including 
Hybrid 3D CNN with 3D ViT model, 3D CNN, 
3D ViT, 3D U-Net, and Graph Convolutional 
Networks (GCNs), is used. The study analyzed 
the performance of 3D CNNs in detecting knee 
cartilage degeneration. CNNs achieved 79.33% 
accuracy but were lower than other models 
due to their limitations in capturing long-range 
spatial dependencies. 3D Vision Transformers 
outperformed CNNs with 85.17% accuracy. 3D 
U-Net had 75.99% accuracy, while GCNs had 
82.2% accuracy. The Hybrid 3D CNN with 3D ViT 
model achieved the highest accuracy at 90.46%. 
Moreover, the Hybrid 3D CNN with ViT model is 
the most effective approach, followed by 3D Vision 
Transformers and Graph Convolutional Networks. 
In contrast, 3D U-Net and 3D CNNs show lower 
performance, as shown in Figure 10 below.

Discussion 

	 Combining 3D CNN and 3D Vision 
Transformer (ViT) for categorizing knee cartilage 
degradation is a significant advancement in 
medical imaging, particularly addressing the 
challenges of confusing early recognition and 
staging degenerative diseases such as osteoarthritis. 
This work also benefited from the demonstration 
that the combination of the local spatial feature 
extraction capabilities of 3D CNN with the global 
contextual awareness of 3D ViT could enhance 
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the identification and differentiation of phases of 
knee cartilage degeneration. The hybrid model 
outperformed the conventional techniques with 
90.46% as the normalized accuracy, showing a 
step up from depending on only CNN or ViT-based 
models.
	 These results suggest that the 3D CNN is 
highly capable of pinpointing intricate local features 
of cartilage from MRI images, including thickness 
and texture, which are critical in differentiating 
early degenerative changes. However, CNN models 
sometimes struggle to fix long-distance relations 
and contextual coupling in medical images, which 
is essential in evaluating cartilage health in general. 
ViT well handles this shortcoming to capture 
global dependencies of the self-attention process 
that aids in understanding the pattern of cartilage 
degradation. This complementing combination 
enables a more complete feature representation, 
significantly improving classification accuracy, 
particularly in detecting the more subtle phases of 
cartilage degradation.
	 The model’s ability to distinguish 
between several grades of knee degeneration, 
including standard, mildly degenerative, severely 
degenerative, and osteoarthritis-related changes, 
provides potential for clinical use. Here, the model 
exhibited excellent sensitivity toward osteoarthritis-
related changes (F1 score 0.91, Jaccard Index 0.82) 
relevant for early diagnosis. It was also noted that 
because of suboptimal sensitivity and specificity 
in identifying moderate cartilage degeneration, the 
model could be further improved to detect early 
signs of the condition more efficiently. This may 
be attributed to cartilage changes at a mild stage 
where they are almost invisible even by employing 
advanced techniques such as MRI.
	 Explainable AI techniques like LIME 
applied in this work enhance transparency in 
making predictions to doctors by providing 
them with some form of visual perception of 
the decision-making system. This is particularly 
important in clinical settings since the acceptance 
of automated diagnostic equipment relies on 
confidence in their performance. The Vision 
Transformer enriches the depiction of essential 
regions of the MRI by producing attentiveness 
maps, thereby improving the openness and 
reliability of the Vision Transformer’s forecast.
	 A n a l y s i s  o f  e p o c h - w i s e  a n d 

hyperparameter tuning confirms that the selected 
combination of learning rate 0.001 and batch size 
16 offered high accuracy and less overfit. These 
data suggest that more model performance can be 
achieved with hyperparameter tuning. Moreover, 
a comparison of the batch sizes showed that the 
final overall performance was higher for the 
smaller batch size, which was equal to 16, most 
likely due to the better ability of the model to learn 
the generalization based on the more intensive 
updating of weights during training.
	 The developed hybrid model performs 
better than conventional techniques such as 
3D CNNs, 3D ViT and 3D U-net models. This 
expounds on the effectiveness of using spatial and 
contextual features of feature extraction in complex 
medical imaging applications. The study reveals 
that the suggested technique advances a diagnosis’s 
accuracy and builds specific extermination plans 
regarding the extent of cartilage degeneration.
	 The proposed 3D CNN and 3D ViT 
show the potential for the early diagnosis and 
classification of knee cartilage degeneration. 
This better or higher accuracy and appealing 
performance outlooks support its impending 
application in clinical settings for improving 
early detection, initiating timely treatments, and 
developing customized regarding a particular 
disease or ailment] intervention strategies. 
Subsequent research might focus on expanding 
the model’s scope for recognizing early-stage 
degeneration and its application to other joint-
related pathologies. Moreover, incorporating more 
extensive and diverse input data would improve the 
model’s applicability and helpfulness in therapy.

Conclusion

	 The study demonstrates the effectiveness 
of the combined 3D CNN and 3D ViT model in knee 
cartilage degeneration classification with 
an  overall  accuracy  of  90.46%.  3D CNN best 
captures the local spatial features of MRI scans, 
and models with 3D vision transformers can 
better understand the global connections and 
complex patterns in the data. The combination 
allows the model to identify different stages of 
cartilage degeneration, which is a challenging 
process in medicine. The research aims to integrate 
two powerful techniques, 3D CNN and vision 
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transformer, specifically designed to manage 
advanced medical data. MRI scans and other 
volumetric data have long been well-suited to 3D 
CNN, but understanding the distribution of the 
world into multiple beads or regions of interest has 
been difficult. In the state-of-the-art comparison, 
the hybrid 3D CNN with 3D ViT model achieved 
90.46% accuracy, outperforming 3D ViT and 
Graph Convolutional Networks, while 3D U-Net 
and 3D CNNs showed lower performance. In other 
critical areas, they allow for the increase of  The 
proposed works and offer a new way to improve 
the diagnosis of knee cartilage, making it one of 
the first studies to use both-like combinations 
in medical practice. The results show that the 
hybrid model can overcome the shortcomings 
of a single model (like 3D CNN or Transformer) 
alone, providing greater accuracy and efficiency. 
The current study addresses the complexity of 
medical tasks by combining two deep-learning 
methods to achieve effective classification. In 
addition, the study presents methods to manage 
3D clinical data quality by providing the most 
appropriate information for evaluating knee 
health. The research aims to improve the model’s 
generalization ability by increasing the datasets and 
explanatory strategies for cognitive development. 
By combining images and clinical data, the 
predictive power and applicability of the model in 
the natural clinical setting can also be improved, 
which will help in the early diagnosis and treatment 
planning of cartilage degeneration.
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