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Abstract— Millions of individuals worldwide suffer from knee osteoarthritis (OA), a crippling
joint ailment that is marked by joint stiffness, discomfort, and functional impairment. To make
a decision severity, physical symptoms, medical history, and further joint screening exams
including radiography, MRIs, and CT scans are frequently considered. Unfortunately, the old
methods are quite subjective, which makes it difficult to identify early illness development.
Worldwide, Osteoarthritis affects close to 240 million individuals. Arthritis's most widespread
kind, particularly in older people, is knee OA. Doctors utilize the Kellgren and Lawrence (KL)
measure in order to assess the level of severity of knee OA. visually using X-ray or MR imaging.
For the intent of detecting and predicting the severity of Knee Osteoarthritis, we are putting
forth a model that uses novel Deep Learning models, such as Inception and Exception. By utilizing
the KL Grading Scale, we propose ahead a model that can determine the degree of knee
osteoarthritis in people.

Index Terms— Knee Osteoarthiritis(OA), kellgren lawrence (KL) grade, deep learning,
Exception, X-ray images

|. INTRODUCTION

The pathophysiology of osteoarthritis (OA), which has a serious negative impact on patients' quality of life, ability
to work, and finances, has long been in need of investigation. OA extends beyond morphological and physiological
changes because cellular stress and the destruction of the intercellular membrane of cartilage commences at the
micro and macro-injuries (joint degeneration marked by abnormalities in the synovial membrane, gradual loss of
cartilage between joints, bone enlargement, and loss of joint function). OA and ageing are mostly linked. However,
several numerous risk variables, including gender, obesity, inactivity, hereditary predisposition, bone density, and
trauma. In contrast to other types of inflammatory arthritis, when activity and exercise relieve symptoms, stress
and excessive activity actually make the pain and stiffness in the joints worse. Other possible effects include
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instability, deformation of the joint, and a loss of joint function [2]. The area between the knee joints also flattens
down when cartilage is removed, accelerating the development of knee OA [1]. The major alterations denoted by
the term LOSS below show how knee OA develops:L: "loss of joint space," brought on by Degradation of cartilage;
O: "osteophytes formations," which are protrusions that form along the joint's margins;S: "subarticular sclerosi,"
which refers to a rise in bone mass along the joint line; andS: "subchondral cysts," which are brought on by fluid-
filled holes in the bone that form near the joints. With the goal to determine structural changes in the joint and
establish the biological state of knee OA, X-rays, MRIs, and CT scans are some of the frequently utilized diagnostic
techniques. However, in the modern era, the conventional therapy for knee OA might not be sufficient to restore
the issue. To be able to prevent the loss from being irreversible, it is crucial to identify joint deformation as soon
as feasible. Typically, for determining the severity of knee OA, the KL grading system, which was approved by
the World Health Organization (WHO), is employed. Grades O (low severity) through 4 are used on the 5-point
semiquantitative progressive ordinal KL grading system (high severity).

Il. LITERATURE SURVEY

[1] The present article shares a pioneering approach to automatic knee osteoarthritis (OA) severity quantification
using Convolutional Neural Networks (CNNSs). Leveraging the Osteoarthritis Initiative (OAI) dataset, the study
employs transfer learning, fine-tuning, and a novel SVM-based knee joint detection method. Notably, the
regression-based severity assessment, treating KL grades as a continuous variable, allows for a more realistic
representation of disease progression. The proposal to use mean squared error as an evaluation metric provides a
nuanced measure of prediction accuracy. While the study outperforms existing techniques, especially in
comparison with features from specific CNN layers, it acknowledges limitations, for example, the relatively small
dataset, suboptimal knee joint detection accuracy, and computational complexity for fine-tuning VGG16.

[2] This study offers a comprehensive exploration of machine learning-based predictions for knee osteoarthritis
(KOA) onset and deterioration, employing logistic regression, decision tree, and a multilayer perceptron (MLP).
The inclusion of various risk factors, spanning living habits, demographics, radiographic details, mechanical
factors, metabolic syndromes, and symptomatic information, allows for a holistic understanding of KOA
progression. Notably, the research emphasizes the importance of integrating both symptomatic and radiographic
perspectives to comprehensively grasp the dynamics of KOA development. Advanced models, particularly the
MLP, showcase an effort to capture non-linearities and complex interactions among risk factors. The study
introduces visualization techniques such as t-SNE clustering and Neural Interaction Detection (NID) for intuitive
data exploration, shedding light on complex statistical interaction patterns. While the sophisticated models and
techniques enhance predictive accuracy, potential limitations include the complexity of these approaches, the
assumption of non-linearity, and the potential dataset specificity. Algorithmic performance metrics demonstrate
the consistent superiority of MLP over LR and DT models, providing valuable insights into determining major
risk variables for KOA onset and deterioration. The study's results underscore the significance of injury prevention
for KOA onset, with mechanical injury playing a substantial role, while lifestyle interventions are crucial for
managing factors like diabetes and smoking that influence disease deterioration.

[3] This study introduces a deep learning-based algorithm in automated procedures assessment of knee
osteoarthritis (KOA) severity, utilizing the Kellgren-Lawrence grading system and evaluated on the Multicenter
Osteoarthritis Study dataset. The algorithm demonstrates noteworthy advantages, including fully automated
assessment, consistent reproducibility, and performance matching or exceeding radiologists. Its incorporation of
lateral views aligns with the standard grading system, presenting potential benefits in clinical decision-making.
While acknowledging the subjectivity of the Kellgren-Lawrence grading system, the study raises questions about
the additional value of lateral views. Results indicate promising accuracy, with the algorithm achieving 71.90%
accuracy on the entire test set. The Quadratic Weighted Kappa Coefficient underscores the algorithm's reliability,
surpassing inter-reader agreements among radiologists. The employed algorithms for knee joint localization and
severity classification, including Faster R-CNN and multi-input CNN architecture, showcase high detection
accuracy and demonstrate the model's potential clinical impact.

[4] This comprehensive literature survey delves into the landscape of machine learning (ML) applications in knee
osteoarthritis (KOA) research, covering diagnosis, prediction, and post-treatment planning from 2006 to the
present. The review offers a commendable scope, encompassing diverse data sources such as medical imaging and
biomechanical parameters, and explores the multifaceted nature of KOA research. Notably, the detailed
examination of prevalent ML models, including support vector machines (SVMs) and neural networks (NNs),
contributes to a nuanced understanding of their applications in KOA studies. The structured organization enhances
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clarity, discussing segmentation techniques, though a more detailed exploration of their applications would
enhance completeness. The survey identifies MRI and X-ray as frequently utilized data sources and highlights
trends in feature engineering algorithms and ML model preferences. The level of incidence of SVMs and NN,
particularly convolutional neural networks (CNNSs), underscores their significance in KOA prediction and
classification. The adoption of various segmentation techniques, including flexible seeds labeling and advanced
DL-based approaches, showcases the evolving landscape of image analysis in KOA research.

[5] This study introduces a robust Computer-Aided Diagnosis (CADx) model for knee osteoarthritis (KOA) using
advanced deep learning techniques. Leveraging a semi-automatic model based on Deep Siamese convolutional
neural networks and a fine-tuned ResNet-34, the research addresses challenges in the Kellgren and Lawrence (KL)
scale-based severity assessment. The CADx model achieves a commendable the mean multiple classes preciseness
of 61%, simultaneously detecting osteoarthritis lesions in both knees for a comprehensive diagnostic overview.
Despite transfer learning mitigating class imbalance challenges, complexities persist in classifying KL-1 and KL-
2. The model's performance is influenced by operant dependency and subtle differences between KL-1 and KL-2
X-ray images. Confusion matrix analysis reveals variations in performance across KL classes, with notable success
in KL-0, KL-3, and KL-4. Comparison with radiologists demonstrates competitive model performance, especially
in these classes. The study emphasizes the potential of the CADx model in advancing KOA diagnosis, with future
work focusing on refining preprocessing techniques, curating datasets, and integrating clinical data for enhanced
personalization of therapy and diagnostics.. The developed CAD system holds promise for training purposes,
contributing to the evolving landscape of deep learning applications in KOA diagnosis.

[6] This comprehensive survey delves into recent advancements in automatic knee osteoarthritis (OA) diagnosis,
focusing on radiographs and the increasing role of artificial intelligence (Al) in medical imaging. The outlined
algorithms showcase significant benefits, including enhanced efficiency, consistency, and capacity for large-scale
analysis. The incorporation of attention maps and probability distributions provides supplementary diagnostic
information, improving interpretability. However, challenges such as limited data availability, potential
overfitting, resolution issues, interpretability concerns, and limited adaptability to varied practices are
acknowledged. The algorithms employed, including Deep Siamese CNN Architecture, Ensemble Learning, and
fine-tuned ResNet-34, demonstrate promising results with the mean multiple classes preciseness of 66.71%, an
AUC of 0.93, a Quadratic Kappa Coefficient of 0.83, and a low MSE of 0.48. Despite existing challenges, the
survey underscores the substantial benefits Al-driven diagnosis holds for patients, healthcare providers, and
researchers, with ongoing innovations poised to further refine accuracy, robustness, and applicability.

I1l. PROBLEM FORMULATION

As a consequence of technological progress and the widespread use of computer systems today, computer
technology plays a significant role. Moreover, the increasing desire for computer use is evident daily. The
evolution of digital computers has presented challenges in studying the machine simulation of human functions.
Given the high prevalence of osteoarthritis (OA), there's an urge for advancement new techniques and tools to
assess its advancement and evaluation, and detection. Medical picture research using autonomous or partially
autonomous systems, leveraging algorithms and applications of machine learning (ML) and deep learning (DL),
offers a promising avenue for clinical professionals to more effectively the state and evolution of OA.

A machine learning-based computer-assisted technique can address the diagnostic challenges associated with OA
by providing automatic X-ray diagnosis, simplifying the diagnostic process. Recent research in machine learning
has introduced two stages for automatic OA diagnosis: (1) Region of Interest (ROI) segmentation, which reduces
noise by eliminating background and unimportant information, and (2) categorization of OA severity based on
machine learning, standardizing and streamlining complex diagnostic criteria. However, previous knee recognition
techniques suffered from the labor-intensive task of manual feature selection, and the machine learning algorithms
rarely examined correlations between various regions of the bone exhibiting OA symptoms.

This study replicates the pipeline depicted in Figure 1 but proposes an automatic deep learning procedure to support
OA diagnosis on a sizable dataset. The contributions of this research include: (1) Improving an object detection
Convolutional Neural Network (CNN) to separate knees from X-ray images, reducing the need for human
involvement in feature engineering. (2) Utilizing the self-attention process of a visual transformer to boost
classification performance. (3) Classifying OA severity according to the Kellgren and Lawrence (KL) level using
a sizable dataset. (4) Conducting tests on the proposed method, with findings demonstrating enhanced knee
segmentation efficiency and OA severity classification accuracy.
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Figure 1. OA Diagnosis Pipeline [20]

IV. DATASET USED

The dataset utilized is sourced from the Open Analytics Initiative (OAI) and comprises a total cohort of 4,476
individuals, a sample typical for knee osteoarthritis (OA) research. For the intentions in this article research, 4,446
radiographs from the entire cohort were selected, each having available Kellgren & Lawrence (KL) grades for
both knee joints. The distribution of knee joint images, totaling 8,892, according to the KL grading system is as
follows: Grade 0 - 3343, Grade 1 - 1859, Grade 2 - 2533, Grade 3 - 1522, and Grade 4 - 255.

The Osteoarthritis Initiative (OAI) is responsible for collecting all X-ray knee data in this dataset, with the National
Institutes of Health funding the large-scale research project known as the OAI. Detailed information about the
OAI can be found on their website (https://nda.nih.gov/oai), and the data collection includes both knee joint
detection and Kellgren-Lawrence (KL) grading (Kohn et al., 2016). The image data is available in variants with
224 times as many pixels and 299 times as many pixels. The focus of this research is on forecasting the grade level
using machine learning technologies.

Within this dataset, knees were assigned Kellgren-Lawrence grades as : Grade O indicates the absence of OA
radiographic characteristics, Grade 1 suggests uncertain joint space narrowing (JSN) with possible osteophytic
lipping, Grade 2 signifies unmistakable osteophytes and potential JSN, Grade 3 involves many osteophytes,
evident JSN, sclerosis, and possibly a bone deformation, and Grade 4 is associated with significant bone deformity,
prominent JSN, massive osteophytes, and severe sclerosis.

TABLE |. DATASET

Dataset Grade0 | Gradel | Grade2 | Grade3 | Grade4 | Total
Training 2286 1046 1516 757 173 5778
Testing 639 296 447 223 51 1656
Validation 328 153 212 106 27 826
Total 3253 1495 2175 1086 251 8260

V. METHODS USED

A. Xception: Depth-wise split convolutions for deep learning

In the context of convolutional neural networks, we elucidate the conceptualization of Inception modules as an
intermediate stage situated between normal depth-wise separable convolution process, wherein Depth-wise
segmented convolution is possible envisioned as an Inception module with a maximum number of structures. By
swapping Inception modules with depth-wise independent convolutions, we offer a revolutionary architecture for
deep CNN, termed Xception. Notably, this architecture surpasses Inception V3 on a more comprehensive
classification dataset containing 350 million pictures and 17,000 classes while exhibiting marginal superiority over
Inception V3 on the ImageNet dataset, for which Inception V3 was originally designed. Importantly, the
performance enhancements of Xception stem from a greater effectiveness utilization in the representation
parameters, maintaining the same attribute quantity for Inception V3.

The fundamental structure of the depthwise separable convolution involves a convolution depth-wise is then
followed by a pointwise convolution. The channel-wise nn spatial convolution is considered the depthwise
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convolution, and in the scenario of having 5 channels, there would be 5 nxn spatial convolutions, as depicted in
Figure 2. To adjust dimensions, the pointwise convolution performs a 11 convolution. Unlike conventional
convolution, there is no need for convolution across all channels, resulting in fewer connections and a lighter
model.
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Figure 2. Depthwise Separable Convolution [19]
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B. Resnet Model

Training increasingly complex neural networks poses significant challenges. To address this, we introduce a
residual learning framework aimed at simplifying the training of networks with considerably deeper depth than
before. employed. As opposed to studying unreferenced algorithms concerning layer inputs, we specifically
reformulate levels to learn residuals functions. Extensive empirical evidence supports the notion these residual
systems are easy to enhance. and can enhance accuracy with significantly increased depth. Testing residual nets
up to 152 layers deep on the ImageNet dataset, eight times deeper than VGG nets, we achieve superior accuracy
while maintaining simplicity. A collection of these residuals networks yields an impressive error rate of 3.57% on
the ImageNet test set, securing first place in the 2015 ILSVRC classification challenge. Additionally, we discuss
CIFAR-10 analysis with 100 and 1000 levels.

The relevance of depth in representations is emphasized for various visual identification tasks. On the COCO
object detection dataset, our deep representations contribute to a 28% relative increase in performance. Entries to
the ILSVRC & COCO 2015 competitions built on deep residual nets secured first place in ImageNet detection,
ImageNet localization, COCO detection, and COCO segmentation tasks.

ResNet-50, a CNN with 50 levels, serves as a cornerstone for many computer vision tasks. ResNet, an acronym
for Residual Networks, introduced a groundbreaking approach in the realm of neural networks, demonstrating the
ability to construct highly complex networks with over 150 layers. The innovation of ResNet, presented in the
2015 study paper "Deep Residual Learning for Image Recognition" by Kaiming He, Xiangyu Zhang, Shaoqging
Ren, and Jian Sun, addresses a significant drawback of convolutional neural networks known as the "Vanishing
Gradient Problem™ by employing skip connections.

C. Inception-v4

Extremely Comprehensive CNN has been responsible for the biggest advancements in image identification over
the past few years. The Inception design is one such; it has been demonstrated to give exceptional performance at
a reasonably modest computational cost. The 2015 ILSVRC challenge saw state-of-the-art performance that was
on pace with the majority recent Inception-v3 network thanks to the recent inclusion of residual connections
combined having an increased traditional design. This raises the question of whether that could prove useful to
combine the Inception design with leftover connections. Here, we present solid scientific proof showing
accelerating the process by training Inception networks with residual linkages. Furthermore, there has been some
proof that Inception systems have lingering associations perform marginally better than Inception networks
without residual connections that are comparably priced. Additionally, we provide both residual and non-residual
networks with a variety of fresh, condensed Inception network designs. These modifications significantly improve
the single-frame recognition efficiency on the ILSVRC 2012 classification assignment. Furthermore, we
demonstrate how proper activation scaling enables stable training of extremely wide residual Inception networks.
On the test set of the ImageNet classification (CLS) problem, we achieve a top-5 error score of 3.08 percent using
an ensemble of three residual and one Inception-v4 model.
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Figure 3. Inception_resnet_v2 Architecture [21]

VI. RESULTS

Three distinct neural network architectures, namely Resnet 50, Inception Resnet V2, and Xception, were
specifically tailored for predicting the initiation and advancement of Knee Osteoarthritis (KOA). A comprehensive
performance evaluation presented in Table 1 demonstrates varying degrees of efficacy among these models.
Notably, the Multilayer Perceptron (MLP) model surpasses logistic regression in its predictive capabilities for
forecasting both disease onset and progression. This superiority is attributed to the intricate nonlinearity inherent
in the dataset, a characteristic that linear classification methodologies, such as logistic regression, may
inadequately capture. The inherent complexity in the distribution of data points within this dataset poses a
formidable challenge for linear classification methods. In contrast, nonlinear approaches prove more adept at
navigating and exploiting the intricate relationships present in the data structure. Our analytical findings
underscore the superior accuracy of the Xception model relative to Resnet 50 and Inception Resnet V2. This
suggests that, in the context of KOA prediction, the intricate nonlinearity of the underlying data is more effectively
harnessed by the Xception architecture, thereby outperforming its counterparts in the realm of predictive accuracy.

TABLE |I. MODEL ACCURACY

Model Accuracy | Execution Time
Xception 67% 68 min
ResNet50 65% 80 min
Inception_resnet_v2 | 64% 56 min
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Figure 6. Inception Model

VIl. CONCLUSION

This deep learning methodology capitalizes on implicit information inherent in visual data. Target representations
rely on "weak" labels for machine learning tasks. Employing a "multimodal™ approach involving clinical data,
such as Body Mass Index (BMI), is essential for making predictions. This data-driven technology empowers
radiologists to prognosticate the temporal evolution of illnesses, a capability not inherent in routine clinical
practice. The proof of concept underscores the advantageous application of deep learning in clinical settings,
particularly in the context of Osteoarthritis (OA). It suggests a collaborative analysis of radiological data between
computers and radiologists, indicating potential future advancements in enhancing imaging.

For the detection of knee osteoarthritis, this study leveraged the Kellgren and Lawrence grading method to develop
a deep learning model for automated assessment of OA severity. Review of the model was conducted through an
analysis of Kellgren and Lawrence scores in the Osteoarthritis Initiative (OAI) dataset. Notably, the observed
disparity in assessments between the algorithm and radiologists mirrored the variability seen among different
radiologists. Despite the success of our approach, it is discerned that the Kellgren and Lawrence grade might not
be a consistently reliable indicator of osteoarthritis severity, as evidenced by limited agreement among radiologists.
Consequently, our technique emerges as a promising solution to address this inherent challenge in osteoarthritis
severity assessment.
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