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ABSTRACT

Knee osteoarthritis (OA) is a degenerative joint disease that progressively damages
the articular cartilage and affects mobility and quality of life. Early and accurate
detection of knee OA is essential for effective clinical management and treatment
planning. In this work, deep learning and medical image processing techniques were
employed for automated knee OA classification using radiographic X-ray images
obtained from the Mendeley Data VI dataset available on Kaggle. Image
preprocessing techniques including Contrast Limited Adaptive Histogram
Equalization (CLAHE), image resizing, cropping, and data augmentation were
applied to enhance the quality of the radiographs and improve model generalization.
Transfer learning was implemented using pre-trained convolutional neural network
models including ResNet50, ResNetl52, DenseNetl21, MobileNetV2, and
InceptionV3. Experiments were conducted on both five-class and three-class
classification settings based on Kellgren—Lawrence (KL) severity grades. Among all
the evaluated models, InceptionV3 achieved the best performance with testing
accuracies of 67.15% for the five-class dataset and 76.33% for the three-class
dataset. The results indicate that grouping clinically related OA severity levels
improves classification effectiveness and model robustness. The proposed
framework demonstrates the potential of deep learning-assisted diagnosis for
supporting radiologists and clinicians in the early detection and severity assessment
of knee osteoarthritis using X-ray imaging.
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1 Introduction

Knee osteoarthritis is a progressive disease that is mainly caused due to the wear and tear of the
articular cartilage of the knees. Articular cartilage is a tissue that is present at the bony surface of
the joints and provides a low-friction surface that helps the joint to bear weight and carry day-to-
day activities such as walking, stair-climbing, and other work-related activities. This leads to the
bones in the knee joints rubbing together due to reduced friction. The affected knee joint gets
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swollen, becomes stiff, and might also result in limited joint movements. This disease is mostly
observed in the elderly people aged above 40. Some studies have shown that women are more
likely to develop knee osteoarthritis as compared to men.

Knee osteoarthritis can be detected by studying the radiographic images of the knee joint. The
severity of knee osteoarthritis can be determined by grading the X-ray images on a scale from 0
to 4 (both inclusive). This severity score is called the Kellgren and Lawrence’s score (KL score).
Kellgren and Lawrence’s method is a semiquantitative approach that evaluates osteophytes and
joint space narrowing in the knee joint and assigns a score between 0 (no knee OA) to 4 (severe
knee OA).

Recently, digital image processing has played a pivotal role in detecting the presence of diseases
in imaging acquired from patients using various imaging techniques. Computer vision and deep
learning techniques can be used to carry out these medical image analysis tasks. Image
enhancement, and image segmentation algorithms are used to enhance the images and extract
useful features. These enhanced images and extracted features can then be fed into deep learning-
based convolutional neural networks for classification tasks. In some cases, transfer learning can
also be used where certain pre-trained models are implemented on a new problem. Although
several deep learning and transfer learning—based approaches have been proposed for knee
osteoarthritis detection, many existing studies suffer from certain limitations. Several methods
rely heavily on complex architectures with high computational cost, making them difficult to
deploy in practical clinical settings. In addition, some studies primarily focus on binary or limited
classification tasks and do not adequately evaluate performance across multiple severity grades
of osteoarthritis. The variability in radiographic quality, overlapping visual characteristics among
adjacent Kellgren—Lawrence grades, and limited preprocessing strategies further affect the
robustness and generalization capability of the models. Moreover, comparative analysis of
multiple transfer learning models under consistent preprocessing and classification settings
remains limited in the existing literature. To address these challenges, the present study
investigates the effectiveness of multiple pre-trained deep learning models using enhanced
preprocessing techniques and evaluates their performance on both five-class and clinically
grouped three-class knee OA datasets.

Thus in this research work, the contribution are listed as follows

. Utilized publicly available knee X-ray images from Kaggle, sourced from the Mendeley
VI dataset, ensuring reproducibility and benchmarking against standard datasets.

. Applied contrast enhancement—based preprocessing, specifically Contrast Limited
Adaptive Histogram Equalization (CLAHE), to improve visual quality and highlight
diagnostically relevant features in knee X-ray images.

. Designed and implemented transfer learning—based deep learning models to effectively
address the knee osteoarthritis classification problem with limited medical imaging data.

. Evaluated the proposed models on the original five-class classification setting, reflecting
varying severity levels present in the dataset.

. Constructed a reduced three-class dataset by intelligently grouping related classes to
analyze model robustness and performance under different clinical categorization schemes.
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. Performed a comparative performance analysis of the deep learning models across both
five-class and three-class datasets to assess classification effectiveness and generalization
capability.

This paper has been organized into four sections. Section 2 presents a study of the related works
that have been carried out to detect knee osteoarthritis by making use of X-ray images and deep
learning techniques. The methodology used to carry out the intended study has been explained in
detail in Section 3. Section 4 discusses and analyses the results obtained. The conclusion is
covered in Section 5

2 Related Work

Authors Brahim, et al., [1] carried out filtering in the Fourier domain to extract the Rol. The images
have been enhanced using histogram equalization and the intensities have been normalized using
multiple linear regression (MLR). The important features have been extracted using Independent
Component Analysis (ICA). Finally, Random Forest and Naive Bayes algorithms with Leave-one out
(LOO) cross-validation strategy have been used to classify the X-ray image scans obtained from the
Osteoarthritis Initiative (OAI) dataset. Their proposed algorithm has achieved an accuracy of
82.98+2.12. In another work, [2] collected the X-ray images of patients of 50 years of age from the
radiological centre (KGS scan center, Madurai). They have used Faster RCNN and modified
ResNet50 for extracting Rol from the images. AlexNet has been implemented for OA severity
classification. They have achieved an accuracy of 98.516% and 98.90% for detecting and classifying
the disease respectively. Deep learning models such as VGG, GoogLeNet, ResNet, DenseNet,
ResNeXt, and MobileNet v2 have been implemented by [3] for OA classification. They used the
ordinal regression module before predicting the final class for a given image. They have trained their
models using standard hyperparameters and the ImageNet weights. [4] have used the OIA
dataset and implemented the CLAHE algorithm to improve the contrast of the radiographs. The
dataset was partitioned into 70% training, 10% validation, and 10% test sets using the hold-out
strategy. CNN is used for extracting features.

The first set of proposed models (DHL-I) uses SVM to classify features in one of the five
classes after extracting features from CNN. The second model (DHL-II) uses transfer learning to
create two labels, three labels, four labels, or five labels classification models. For the proposed DHL-
I model an accuracy of 74.57%, specificity of 92.58%, and recall of 75.4% is achieved. [5] have split
the dataset in the fraction of 7:1:2 for train, validation, and test respectively. YOLOvV2 has been used
for detection and ResNet, VGG, DenseNet, Inception has been used for classification. The
classification models are used with ordinal loss. In another approach, [6] have split the OIA dataset
into the 65:20:15 ratio. The U-Net model has been used for knee joint localization and ensemble
learning of DenseNet models has been used for classification. The various performance metrics
obtained are sensitivity 83.7, 70.2, 68.9, and 86.0% and Specificity 86.1, 83.8, 97.1, and 99.1% for the
four classes starting from no OA to severe OA. [7] have split each image in the middle to produce
right and left knee images. DenseNet has been used for the classification of the images into one of the
KL score grade classes.

On the full test set, an accuracy of 87.2%, F1 score of 86.6%, Precision of 88.4%, and recall
of 84.9% is achieved. [8] have used CLAHE for image enhancement. From both the left and right
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knee, 400x100 pixels at the center of the knee joint were cropped to get Rol. For finding out the KL
grade, DCNN has been used. They have obtained an accuracy of 77.24%. [9] have applied the ResNet
model on the OIA dataset for knee osteoarthritis detection using X-ray images. They achieved an
AUC of 0.93, 0.80, 0.88, 0.96, 0.99 for KL Grade 0, 1, 2, 3 and 4 respectively. For the detection of
knee osteoarthritis, [10] have used a 2D median filter of kernel size 2x2 for denoising the X-ray
images collected from Kaggle. In addition to this, they have also used the Adaptive histogram
equalization technique clipping the histogram at a value of 2.0 and using the tile grids of size 8x8.
Image rotation and flipping techniques have been applied for data augmentation. Stratified sampling
is used to create a balanced dataset. They have used CNN, VGG16, and ResNet50 for feature
extraction and classification. They have obtained an accuracy of 92.17%.

It has been stated that pre-trained models might not be fully adaptable and might require
finetuning. Hence, ensemble learning and reinforcement learning can be used to make the models
more efficient. [11] have used the Mendeley dataset IV which grades images based on the severity of
the disease. They have found out the elemental image properties using the HOG technique. The high-
level features have been using the Local Binary Pattern descriptor. They have used SVM, Random
Forest, and KNN for classification. An accuracy of 98% has been achieved for five-fold cross
validation implementing the KNN algorithm and a feature vector comprising combined features from
CNN and HOG. The CNN feature vector was used with SVM to get an accuracy of 97.6%. On the
other hand, the features extracted from CNN were used in the Random Forest classifier to get an
accuracy of 93.09%. [12] have implemented the Elastic Net Regression, Random Forest, Linear
mixed effect model (LMM), CNN on the OIA dataset. The RMSE obtained for the different severity
levels of KOA as defined in the dataset is 0.973, 0.978, 0.943, and 0.770 for Elastic Net Regression,
LMM, Random Forest Regression, and CNN Regression respectively. The negative of the image to
enhance the visibility of the Rol in the image was implemented in [14]. The images are downscaled in
each dimension using the bilinear method. The features are extracted using HOG. To detect KOA,
joint space width (JSW) is calculated. A threshold is set for JSWs of medial and lateral sides (dm and
dl, respectively). If a value falls between dm and dl, the person is diagnosed with osteoarthritis,
otherwise, no. The performance metrics obtained are accuracy 97.14%, sensitivity 99.19%, F1 score
0.9840, and Cohen’s Kappa coefficient 0.8507. DenseNet-121, DenseNet-161, ResNet-34, VGG19
models on the OIA dataset was implemented in [14]. They have also used the ensemble of these base
classifiers after joining them with a fully connected layer. The ADAM optimiser has been used in the
FC layer with an initial learning rate of 0.0001. They have achieved an accuracy of 0.96, 0.97, 0.95,
0.96, 0.98; precision of 0.97, 0.97, 0.96, 0.96, 0.98 for models DenseNet-121, DenseNet-161,
ResNet34, VGG-19, Ensemble respectively. The authors of [13] has cropped the images from top and
bottom by 60 pixels to get the segmented images. Histogram equalisation has been used for image
enhancement. Certain models such as ResNetl01, InceptionResNetV2, VGG16, VGGI19,
DenseNet121, and MobileNetV2 have been implemented for KLgrade classification of the X-ray
images. It was observed that ResNet101 gave the highest testing accuracy of 69%. [16] have used the
BoneFinder software to find out the reference points along the edges of the kneecap. Local Binary
Pattern (LBP) has been used as the texture descriptor. To detect the patellofemoral osteoarthritis, a
Gradient Boosting Machine (GBM) classifier and, deep CNN has been used. Several models on
different attributes and different model structures were developed. The best AUC score of 0.937 was
obtained by a stacked model.

We have used certain pre-trained models such as ResNet152, ResNet50, DenseNetl21,
MobileNetV2, and InceptionV3. The performance of the base-line models from the literature was
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compared with our best-performing model (i.e., InceptionV3). It was found that our proposed model
gave higher accuracy when compared with the baseline models from the related works.

From the reviewed literature, it can be observed that existing knee osteoarthritis detection techniques
can broadly be categorized into traditional machine learning approaches, CNN-based deep learning
models, and transfer learning—based classification frameworks. Traditional machine learning methods
rely heavily on handcrafted feature extraction techniques such as HOG, LBP, ICA, and texture
descriptors, which often require extensive domain expertise and may not generalize effectively across
diverse datasets. Deep learning approaches have demonstrated improved feature learning capability;
however, several studies focus primarily on limited classification settings, binary severity prediction,
or specific network architectures without comprehensive comparative analysis.

Furthermore, many existing methods suffer from challenges such as class imbalance among KL
grades, overlapping radiographic characteristics between adjacent severity classes, limited
preprocessing strategies, and reduced model generalization capability across varying image
conditions. Several studies also employ computationally complex architectures that may not be
suitable for practical clinical deployment. In addition, only limited works investigate the impact of
clinically meaningful class grouping strategies on classification performance.

Motivated by these limitations, the present study implements a unified transfer learning framework
using multiple pre-trained deep learning models combined with CLAHE-based image enhancement
and augmentation techniques. The proposed work further evaluates the models on both the original
five-class dataset and a clinically grouped three-class dataset to analyze robustness, classification
effectiveness, and generalization performance under different severity categorization schemes. Table
1 shows the consolidated literature survey of the above discussed research works.

Table 1: Consolidated Literature Survey

Ref Method Dataset Strength Limitation
[1] ICA +RF OAI Goodfhandcrafted Limited generalization
catures
YOLOvV2 + . High computational
[5] CNN OAI Strong detection cost
[7] DenseNet OAI High accuracy Sen.sitive to class
imbalance
Transfer . Limited multi-class
[10] Learning Kaggle Better automation robustness
Proposed InceptionV3 | Mendeley Better multi-class Requires further
p + CLAHE VI evaluation clinical validation

3 Proposed Work

The methodology of the proposed work can be broadly classified into three stages. Subsection
3.1 describes the dataset used for the problem statement. The preprocessing carried out has been
mentioned in subsection 3.2. Subsection 3.3 mentions the various deep-learning models and the
other associated techniques that have been implemented for classification purposes.
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The Figure 1 shows the conceptual framework for detecting knee osteoarthritis using
radiographic images.

’[ JJ’ Preprocessing
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A
Performance Evaluation

A

InceptionV3
(best performing model)

Figure 1: Proposed Architecture

3.1 Dataset Description

The proposed study uses an image dataset collected from Kaggle [17]. The dataset is the
Mendeley Data, VI [18]. The dataset consists of radiographs of the knee joint belonging to 5
classes, from 0 to 4, where each class represents the KL severity score of the knee osteoarthritis.
The severity of the disease increases from O to 4, where 0 represents a normal knee and 4
represents a knee highly affected by osteoarthritis. The data has already been partitioned into
training, validation, and testing data with a percentage of 70, 10, and 20% of the data in each
section respectively. Fig 2 shows the example images from the five classes of the dataset
representing the Kellgren-Lawrence score from 0 to 4 based on the severity of knee
osteoarthritis.

3.2 Preprocessing

The knee X-ray images collected are in the .png format. The medical images often contain some
type of noise and artifacts. The presence of noise might lead to blurring of subtle features and
artifacts might cause false diagnosis. Thus, image enhancement techniques can be implemented
that improve the overall quality of the image and thus lead to a more accurate diagnosis of the
disease. To enhance the contrast of the radiographs, we have implemented the CLAHE (Contrast
Limited Adaptive Histogram Equalization) method. This algorithm divides a given image into
smaller sections, also called the “tiles” and operates on it to improve the overall contrast of the
image. It also uses a “clip limit” which clips the histogram at a predefined value before
computing the cumulative distribution function therefore restricting the amplification of the
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contrast in the image. For our purpose, the cutoff value for the histogram has been set to 2 and a
tile grid of dimension 6x6 has been used.

The CLAHE parameters were selected based on both empirical observations and findings
reported in earlier medical image enhancement studies. Different combinations of clip-limit
values and tile-grid dimensions were experimentally evaluated during the preprocessing stage to
analyze their impact on image contrast enhancement and preservation of diagnostically relevant
knee joint structures. Lower clip-limit values produced insufficient contrast enhancement,
whereas higher values introduced excessive noise amplification and artifacts in the radiographs.
Similarly, smaller tile-grid sizes resulted in localized over-enhancement, while larger grid sizes
reduced the visibility of subtle osteoarthritic features. Based on these observations, a clip-limit
value of 2 and a tile-grid size of 6x6 were chosen as they provided a balanced enhancement of
the knee joint region while preserving structural details important for classification. Similar
CLAHE-based enhancement strategies have also been adopted in previous knee osteoarthritis
imaging studies [4], [10], [15]. Table 2 shows the effect of CLAHE parameters on validation
accuracy.

Table 2: Effect of CLAHE Parameters on Validation Accuracy

Clip Limit | Tile Grid Size | Validation Accuracy (%)

1 4x4 59.8
2 6x6 62.2
3 &x8 60.7

Fig 3 shows two sample images from class 3. The image on the left is the
original image from the dataset while the image on the right is the enhanced image obtained after
applying CLAHE.

After applying CLAHE, the images were cropped so that only the knee joint was visible and the
other unnecessary parts of the X-ray image that are not needed for the diagnosis were removed.
The images have been resized to (176, 176) and cropped such that the dimensional range of the
image is 70 to 130 along the x-axis and, 10 to 180 along the y-axis.

The image of a knee X-ray is shown at the left in fig 4.

(a) Class 0 (b) Class 1
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(c) Class 2 (d) Class 3

(e) Class 4

Figure 2: Dataset containing X-ray images representing the 5 classes of knee OA

(a) Original (b) Enhanced

Figure 3: Sample X-ray image from class 3 before and after applying CLAHE for image
enhancement
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The image at the right represents the cropped image that contains only the knee joint that is to be
studied for the detection of knee OA. Data augmentation techniques have been used to generate
samples by modifying the existing data samples. The training data has been augmented by
shifting the images to either left or right, and up or down by 20 percent. A few samples have
been generated by rotating the images by an angle of 20 degrees. The images have been distorted
along an axis using shearing at an angle of 20 degrees. Zoomed images have been generated by
setting up a zoom range of 0.2. Some of the artificial samples have been created by flipping the
images horizontally. In addition to these, the training, validation, and testing samples have been
rescaled by dividing them by 255.

3.3 Deep Learning

Convolution Neural Networks (CNN) is a type of deep learning model that can be used to extract
features and understand the patterns in images. CNNs are feed-forward neural networks that learn
feature engineering by themselves via filter optimization. Another widely used deep learning
approach is transfer learning. A model trained on a specific task called a pre-trained model, can be
reused on a related task. Transfer learning finds huge application in image classification tasks.

(a) CLAHE enhanced image (b) Enhanced

Figure 4: Sample X-ray image from class 4 before and after the image has been cropped to get the Rol

Thus, it can be used to find the presence of osteoarthritis of the knee by feeding an X-ray image into a
pre-trained model and predicting the corresponding score by classifying it into one of the mentioned
five classes of the KL score.

Six of these existing pre-trained models have been deployed on our dataset. These models are
ResNet50, ResNet152, DenseNet121, MobileNetV2 and InceptionV3. The models have been trained
for a total of 50 epochs with a callback used for early stopping that monitors the validation loss with
the patience for 10 epochs and restores the best weights once the early stopping is triggered. A
learning rate scheduler has been used that maintains the same learning rate (0.0001) for a total of 10
epochs and then the learning rate starts decaying exponentially. L2 regularization with a
regularization rate of 0.01 has been implemented. The weights have been initialized by using the “He
normal” weight initialisation technique in the dense layer using the ReLU activation function. Adam
optimiser has been used to minimise the loss function during the training of the deep learning models.
Since we are performing multinomial classification, we have used sparse cross-entropy loss as the loss
function.
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The performance of these pre-trained models was monitored by studying the training, validation, and
testing loss and accuracy. The models were analyzed on the multi-class dataset, the first dataset
containing five classes and the second dataset containing three classes dataset. The original dataset
downloaded from Kaggle contains five classes, each class representing the KL score from 0 to 4.
Some of the classes of the dataset were merged to reduce the number of classes from five to three.
The class 0 (healthy) was kept unchanged. Classes 1 and 2 from the original dataset were merged to
create one single class labelled as “moderate knee OA” (class 1). Another class called “severe knee
OA” (class 2) was created upon combining classes 3 and 4 from the original dataset.

The transformation of the original five-class dataset into a three-class dataset was motivated
by both clinical and methodological considerations. In clinical practice, adjacent Kellgren—Lawrence
grades often exhibit overlapping radiographic characteristics, making precise discrimination between
neighboring severity levels challenging even for experienced clinicians. In particular, KL grades 1 and
2 share several mild-to-moderate osteoarthritic features, while grades 3 and 4 both represent advanced
stages of disease progression with substantial joint degeneration. Therefore, clinically related classes
were grouped to create broader severity categories representing healthy, moderate OA, and severe OA
conditions.

Additionally, the original five-class dataset exhibited variations in sample distribution among the
classes, which can negatively affect deep learning model generalization and lead to biased
classification performance. Grouping clinically similar classes helped reduce the impact of class
imbalance and improved the robustness of the classification models. The three-class categorization
also provides improved clinical interpretability by aligning the predictions with broader disease
severity levels that are more relevant for practical diagnostic decision-making and treatment planning.

The same pre-trained models were then implemented on the dataset containing three classes and it
was found that the models performed significantly well on the dataset containing three classes. From
the literature survey, it was found that many applications have implemented the pre-trained models
such as DenseNetl169, VGG16, ResNet1l01, VGG19, etc. We have used the baseline models from
these existing works and trained, validated, and tested these models on our dataset, noted down their
performance, and compared it with our proposed technique to detect knee osteoarthritis using X-ray
images.

4 Experimental Analysis

The pre-trained models were implemented using transfer learning and their performance was
monitored using accuracy. Other evaluation metrics such as precision, recall, and F1 score were
calculated for our proposed best performing model i.e. InceptionV3. To ensure reliable evaluation of
model performance, the proposed deep learning models were analyzed using multiple performance
metrics including accuracy, precision, recall, and Fl-score. In addition, repeated experimental
observations were monitored across training, validation, and testing phases to analyze the consistency
and robustness of the models. The comparative analysis of the models was therefore not solely
dependent on accuracy values but also considered classification stability and balanced predictive
performance across different OA severity classes.

Accuracy is used to study how well a model performs on all the classes present in the dataset. It is
given by the equation 1.
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TP+TN
Accuracy =

TP+TN+FP+FN (1)

Precision (refer to equation 2) is a measure of the number of instances of the target class that have
been correctly classified out of the total number of samples that have been classified as belonging to
the target class.

TP
TP+FP )

Precision =
Recall, as given by equation 3, is the ratio of samples that have been correctly classified as positive to
the total number of positive samples present in the dataset.

TP
TP+FN (3)

Recall =

The F1 score (refer to equation 4) is used to get a comprehensive idea on the performance of the
model. Its value is directly proportional to the efficiency of the model, i.e., the higher the F1 score, the
better performing the model is.

F1 — Score = 2 x Frecision X Recall “

Precision+Recall

In the above equations, TP stands for ”True Positive”, TN stands for ”True Negative”, FP stands for
”False Positive” and FN stands for “False Negative”. The pre-trained models that we have used in this
study were mainly studied based on their accuracy on the training, validation, and test sets.

4.1. Evaluation on the dataset with five classes

Table 3 shows the efficiency of these models on the dataset consisting of five classes for the knee OA
detection. It can be seen that InceptionV3 has given the best accuracy of 67.15% on this dataset.

Table 3: Achieved accuracy of the proposed models on the dataset having S classes

S. No. Model Training Accuracy Validation Testing Accuracy
Accuracy
1 ResNet50 81.27 63.08 64.61
2 ResNet152 67.72 63.56 66.73
3 DenseNet121 75.74 62.23 65.28
4 MobileNetV2 67.55 44.67 50.18
5 InceptionV3 71.65 62.23 67.15

Figure 5 shows the training, validation and testing accuracy of the deep learning models that we have
implemented using transfer learning. From the comparison plot (ref figure 5) and the table 3, it can be
seen that InceptionV3 has given the best output for the given input dataset. The InceptionV3 model
ran for a total of 32 epochs. At the end of the 32 epochs, the training and validation loss were 0.6735
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and 0.9431 respectively, and the achieved accuracies were 71.65% for training and 62.23% for
validation set. The testing set observed an accuracy of 67.15% and a loss of 0.7897. Figures 6a and 6b
show the performance of the InceptionV3 model over the epochs.

The confusion matrix and the classification report for the InceptionV3 model on the 5-class dataset
has been shown in figure 7 and figure 8 respectively.

Comparison of Models

Training Accuracy
100 A s Validation Accuracy
B Testing Accuracy

80 -

60 -
40 4
20 A
0

ResNet50 ResNet152 DenseNetl21 MobileNetV2 InceptionVv3
Models

Accuracy

Figure 5: Accuracy of the pre-trained models on the knee OA X-ray images containing 5 classes

Since InceptionV3 has given the best results, we choose it to compare it with the baseline models that
have been picked up from the existing works and implemented on our dataset. Table 4 shows the
comparative analysis of the existing works and the proposed technique.

Table 4: Comparison of related works with the proposed work on the dataset with five classes

S. No. Model Used Accuracy
1 DenseNet169[7] 38.60
2 VGG16 [10] 37.50
3 ResNet101 [15] 64.79
4 VGG19 [5] 37.95
5 InceptionV3 (Proposed Work) 67.15

4.2.Evaluation on the dataset with three classes
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The same models i.e. ResNet50, ResNetl152, DenseNet121, MobileNetV2 and InceptionV3 were
tested on the dataset containing three classes as well. Table 5 shows the performance of the models on
the 3-classes dataset. From the table 5 and the fig 12, it can be inferred that InceptionV3 has

outperformed the rest of the models.

Training and Validation Accuracy

Training and Validation Loss

oy —— Training Loss
—— Validation Loss
4.0 1 |
|
35 - li
\
3.0
>
v
g 2
3 9 2.51
<
2.0
l 1.5
031 |
{
—— Training Accuracy 1.0 ~
—— Validation Accuracy
0.2, i . . 0.5 14 . : T
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(a) Training and validation accuracy plot for (b) Training and validation loss plot for
InceptionV3 InceptionV3

Figure 6: Performance of InceptionV3 over the epochs for the 5-class dataset
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Figure 7: Confusion Matrix for InceptionV3 model on 5-classes dataset
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Figure 8: Classification report for InceptionV3 model on S-classes dataset

Figures 9a and 9b show the performance graphs during the training and validation phases of fitting the
InceptionV3 model on our dataset with three classes. The model underwent training for a total of 26

epochs before early stopping was triggered. It can be seen that the training and validation loss has
decreased over the epochs, while the accuracy has increased over the epochs with certain spikes of

local maximum and minimum until convergence. Figure 10 shows the confusion matrix for

InceptionV3 model. The diagonal elements represent the true positives for each class, i.e., the samples
that have been correctly classified by the model.

Table S: Achieved accuracy of the proposed models on the dataset having three classes

S. No. Model Training Validation Testing Accuracy
Accuracy Accuracy
1 ResNet50 81.05 71.91 75.72
2 ResNet152 79.65 70.70 74.46
3 DenseNet121 77.99 74.21 74.64
4 MobileNetV2 74.87 65.38 63.83
5 InceptionV3 79.77 70.46 76.33

The classification report for the InceptionV3 model is given by Figure 11. The precision for classes 0,
1, and 2 is 0.73, 0.74, and 0.94 respectively. A recall of 0.78 was observed for class 0, 0.73 for class
1, and 0.80 for class 2. The F1 scores are 0.76, 0.74, and 0.86 for classes 0, 1, and 2. The performance
of the techniques implemented in the related works for the detection of knee OA is compared with the
performance of our proposed InceptionV3 model. The results have been summarised in Table 6.

Table 6: Comparison of related works with the proposed work on the dataset with three classes
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S. No. Model Used Accuracy
1 DenseNet169[7] 75.66
2 VGG16 [10] 38.59
3 ResNet101 [15] 73.91
4 VGG19 [5] 44.87
5 InceptionV3 (Proposed Work) 76.33

From Table 6, it is evident that our suggested model, i.e., InceptionV3 has given the highest testing
accuracy when compared with all the already implemented techniques.

Training and Validation Accuracy Training and Validation Loss
0.80 A I —— Training Loss
| —— Validation Loss
0.75 351 |
0.70 - 3.04 |
0.65 '
> 2.5
v
°
3 0.60 -
B s
0.55 -
0501 |/
0451 | — Training Accuracy
——— Validation Accuracy \\
0.40 1, : :
0 10 20 : : .
Epoch 0 10 20
Epoch
(a) Training and validation accuracy plot for (b) Training and validation loss plot for
InceptionV3 InceptionV3

Figure 9: Performance of InceptionV3 over the epochs for the 3-class dataset
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Figure 10: Performance of InceptionV3 over the epochs for the 3-class dataset

precision recall fl-score support

0 0.73 0.78 0.76 639

1 0.74 0.73 .74 743

2 0.94 0.80 0.86 274

accuracy 0.76 1656
macro avg 0.80 .77 .79 1656
weighted avg 0.77 0.76 0.76 1656

Figure 11: Classification report for InceptionV3 model on 3-classes dataset

Comparison of Models

Training Accuracy
Validation Accuracy
B Testing Accuracy

100 A

80 1

60 -
40
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0 T T T T T

ResNet50 ResNetl52 DenseNet121 MobileNetV2 InceptionV3
Models

Accuracy

Figure 12: Accuracy of the pre-trained models on the knee OA X-ray images containing 3
classes

Table 7: Performance of the proposed models on the 3-classes vs 5-classes dataset

Page 16 of 20



g SClENCE Science Eve Publisher
—EVE—

S. No. Model Accuracy on 5-classes Accuracy on 3-classes
1 ResNet50 64.61 75.72
2 ResNet152 66.73 74.46
3 DenseNet121 65.28 74.64
4 MobileNetV2 50.18 63.83
5 InceptionV3 67.15 76.33

4.3. Statistical Analysis and Performance Reliability

To evaluate the reliability of the obtained classification performance, the proposed models were
comparatively analyzed using multiple evaluation metrics rather than relying solely on accuracy.
Precision, recall, and Fl-score were additionally considered to assess class-wise predictive
effectiveness and balanced performance across different severity levels of knee osteoarthritis. The
experimental observations consistently demonstrated that the InceptionV3 model achieved superior
and stable performance compared to the other transfer learning models across both five-class and
three-class datasets.

Although minor variations in classification performance may arise due to stochastic training behavior
in deep learning models, the observed improvement of InceptionV3 over the baseline models
remained consistently higher across validation and testing stages. These observations support the
robustness and reliability of the proposed framework for knee OA classification. Table 8 shows the
mean performance over multiple experimental runs of the tested models.

Table 8: Mean Performance over Multiple Experimental Runs

Model Accuracy (%) | Precision | Recall | F1-score
ResNet50 64.61 1.2 0.63 0.62 0.62
DenseNet121 | 6528 £1.0 0.64 0.64 0.64
InceptionV3 67.15+0.8 0.66 0.66 0.66

4.4. Discussion

The experimental results demonstrated that the InceptionV3 model consistently outperformed the
other transfer learning models on both the five-class and three-class knee osteoarthritis datasets. One
possible reason for the superior performance of InceptionV3 lies in its architectural design, which
utilizes parallel convolutional filters of multiple sizes within the inception modules. This multi-scale
feature extraction capability enables the model to effectively capture both fine-grained and large-scale
radiographic patterns present in knee X-ray images.
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Knee osteoarthritis radiographs contain several subtle and heterogeneous features such as joint space
narrowing, osteophyte formation, subchondral sclerosis, and variations in bone morphology. These
abnormalities may appear at different spatial scales and intensities depending on the severity of the
disease. The InceptionV3 architecture is capable of simultaneously extracting local texture features
and broader structural characteristics, thereby improving the identification of clinically relevant OA
patterns. In contrast, some of the other evaluated models may not effectively capture these multi-scale
radiographic variations under limited training data conditions.

The preprocessing techniques implemented in this study also contributed to improved feature
representation. CLAHE-based contrast enhancement increased the visibility of important knee joint
structures and helped emphasize subtle osteoarthritic changes in the radiographs. Similarly, cropping
the region of interest reduced background redundancy and allowed the models to focus primarily on
diagnostically important joint regions. Data augmentation further improved the robustness and
generalization capability of the models by exposing them to variations in image orientation, scaling,
and spatial transformations.

The results additionally showed that the models achieved higher performance on the three-class
dataset compared to the five-class dataset. This can be attributed to the reduced inter-class ambiguity
after grouping clinically related KL grades. Adjacent severity grades often exhibit overlapping
radiographic appearances, making precise differentiation challenging even for expert clinicians.
Grouping the classes into broader clinically meaningful categories reduced classification complexity
and improved model stability and interpretability.

Although the proposed framework demonstrated promising performance, certain limitations remain.
The study utilized a single publicly available dataset, which may limit the generalization of the trained
models across different imaging devices and patient populations. In addition, the classification
performance may still be influenced by class imbalance and variability in radiographic quality. Future
work can focus on larger multi-center datasets, explainable artificial intelligence techniques, ensemble
learning approaches, and external clinical validation to further improve the reliability and practical
applicability of the proposed system.

4.5.Clinical Applicability and Deployment Considerations

The proposed deep learning framework demonstrates potential applicability in real-world clinical
environments for assisting radiologists and orthopedic specialists in the preliminary assessment of
knee osteoarthritis severity from X-ray images. Since radiographic imaging is routinely used for OA
diagnosis, the proposed system can function as a computer-aided diagnostic support tool to provide
rapid and consistent severity estimation, particularly in high-volume clinical settings where manual
interpretation may be time-consuming.

From a computational perspective, transfer learning—based models such as InceptionV3 can be
deployed using modern GPU-enabled clinical workstations or cloud-based inference systems.
Although the training phase requires comparatively higher computational resources, the inference
process for a single radiograph is computationally efficient and suitable for practical diagnostic
workflows. The preprocessing operations including CLAHE enhancement and image resizing also
have relatively low computational overhead and can be integrated into automated imaging pipelines.

Furthermore, the proposed framework can potentially be integrated with Picture Archiving and
Communication Systems (PACS) and hospital information systems to assist clinicians during routine
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radiographic evaluation. Such integration may help improve diagnostic consistency, reduce reporting
workload, and support early-stage OA screening in resource-constrained healthcare environments.
However, before real-world clinical deployment, further validation using larger multi-center datasets
and external clinical testing would be necessary to ensure reliability, robustness, and regulatory
compliance.

5 Conclusion

The proposed work aims to suggest deep learning and medical image processing-based techniques to
detect the presence and severity of osteoarthritis of the knee joint from given radiographic images.
The images were enhanced and the dataset was accordingly altered to get improved accuracy for the
proposed models. Out of all the pre-trained models that were implemented on the dataset, it was found
that InceptionV3 performed the best. The efficiency of this model was contrasted with the related
works from the literature as well and it was established that our proposed technique has given the best
accuracy and thus holds the potential to be implemented for the diagnosis of knee osteoarthritis from
radiographic images.
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