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Knee osteoarthritis (KOA) a degenerative, long-term joint condition that, more often
than not, affects the elderly and is characterized by articular cartilage degradation.
Appropriate treatment and early analysis are essential for sickness control.
However, traditional diagnostic methods for classifying KOA from X-ray images
require laborious expertise and, unfortunately, have a large margin of error. This
study presents an image processing-based solution for multi-classification KOA
severity from X-ray images using the Bilateral filter, contrast-limited adaptive
histogram equalization (CLAHE), and transfer learning models. The CLAHE method
improved image quality, while the Bilateral filter enhanced details and minimized
blurriness in X-ray images. KOA image dataset consists of 9786 knee images and
five class labels. The performances of transfer learning models including AlexNet,
ResNet101, DenseNet201 and VGG19 were compared. The ResNet101 model
emerged as the most effective, achieving a kappa statistic of 0.970, weighted F1-
score of 0.978, and an overall accuracy of 97.85%. This model’s high accuracy and
precision make it a dependable and objective diagnostic solution.

DIZ OSTEOARTRITI SIDDETININ X-RAY GORUNTULERINDEN TRANSFER

OGRENME TABANLI SINIFLANDIRILMASI

Anahtar Kelimeler
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Goriintii Isleme,
Transfer Ogrenme,
ResNet101,

Diz Osteoartriti.

Diz osteoartriti (KOA), c¢ogunlukla yasllarn etkileyen ve eklem kikirdag:
bozulmasiyla karakterize dejeneratif, uzun vadeli bir eklem durumudur. Hastalik
kontrolii icin uygun tedavi ve erken analiz kritiktir. Bununla birlikte, X-ray
gorintiilerinden KOA smiflandirmasi icin geleneksel tani yontemleri uzmanhk
gerektirmektedir, yorucudur ve maalesef biiytik bir hata payina sahiptir. Bu calisma,
Bilateral filtresi, kontrast sinirli adaptif histogram esitleme (CLAHE) ve transfer
6grenme modelleri kullanarak X-ray goriintiilerinden KOA siddetini siniflandirmak
icin goriinti isleme tabanli bir ¢6ziim sunmaktadir. CLAHE yontemi gorintii
kalitesini iyilestirirken, Bilateral filtresi X-ray goriintilerindeki ayrintilar
iyilestirerek bulaniklifi en aza indirmistir. KOA goriintii veri seti 9786 diz
goriintiisii ve bes sinif etiketinden olusmaktadir. AlexNet, ResNet101, DenseNet201
ve VGG19 dahil olmak iizere transfer dgrenme modellerinin performanslari
karsilastirildi. ResNet101 modeli 0,970 kappa istatistigi, 0,978 agirliklh F1-skoru ve
%97,85 genel dogruluk elde ederek en etkili model olarak ortaya ¢ikmistir. Bu
modelin yliksek dogrulugu ve kesinligi onu giivenilir ve objektif bir tan1 ¢6zimi
oldugunu gostermektedir.
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Highlights

e An automatic early diagnosis system for multi-classification of knee osteoarthritis severity from X-ray
images was proposed

e Comparative analysis of transfer learning models for the diagnosis of KOA severity was performed

e Advanced image processing methods, including Bilateral filter and CLAHE, were used

e The proposed transfer learning model is a reliable and objective diagnostic solution and shows potential
for clinical use.

Graphical Abstract (If applicable)
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Figure. Flow-chart of the Proposed Method

Purpose and Scope

KOA is a long-term joint disorder caused by the deterioration of the articular cartilage. Although early diagnosis
is essential for controlling the disease, which especially affects the elderly, traditional diagnostic methods for
KOA are laborious, require expertise, and, unfortunately, have a large margin of error. In this study, we proposed
an image processing-based solution for the multi-classification of KOA severity from X-ray images using the
Bilateral filter, CLAHE, and transfer learning models.

Methodology

The transfer learning-based method consists of a) image preprocessing stages, b) dividing into training and test
sets, and c) comparing transfer learning algorithms according to performance evaluation criteria for the multi-
classification of KOA severity. Firstly, the X-ray images were resized based on the default input sizes for transfer
learning models in the image preprocessing stage. The KOA severity grading dataset contains 9786 knee images.
The images were resized to 224x224 for RestNet101, VGG19, DenseNet201, and 227x227 for AlexNet. The
CLAHE method was employed to enhance contrast and the Bilateral filter reduced blurriness while sharpening
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image details. Then, the KOA dataset was split into training and test sets using the hold-out method. The
performances of DenseNet201, AlexNet, ResNet101, and VGG19 models were compared. Finally, the
performance of these transfer learning models was assessed using model performance metrics.

Experimental Results

Transfer learning models; AlexNet, ResNet101, DenseNet201, and VGG19 were compared according to model
performance metrics. Experimental results show that ResNet101 model combined with CLAHE and Bilateral
filter can be used to accurately classify KOA severity from X-ray images. The transfer learning based model
achieved 2872 correctly labeled X-ray images. This outperformed the other models, with DenseNet201, AlexNet,
and VGG19 following. The correctly labeled X-ray images were 2872 for Resnet101, the correctly labeled images
were 2754 for DenseNet201, the correctly labeled images were 2649 for AlexNet, and the correctly labeled
images were 2636 for VGG19. The transfer learning model combined with the CLAHE, Bilateral filter, and
ResNet101 attained the maximum performance with an overall accuracy of 97.85%. The transfer learning model
was followed by DenseNet201 (93.83%), AlexNet (90.26%), and VGG19 (89.81%) models, respectively.
ResNet101 achieved 0.970 kappa statistic, 0.978 weighted-F1 score, and 97.85% overall accuracy. In addition,
the performance results of CLAHE, Bilateral filter, and ResNet101 were 0.990 recall, 0.988 precision, 0.989 F1-
score, 0.993 specificity, and 982 MCC for the GO label; 0.981 recall, 0.984 precision, 0.983 F1-score, 0.995
specificity, and 979 MCC for the G1 label; 0.975 recall, 0.975 precision, 0.975 F1-score, 0.991 specificity, and 966
MCC for the G2 label; 0.973 recall, 0.966 precision, 0.970 F1-score, 0.996 specificity, and 965 MCC for the G3
label; 0.857 recall, 0.886 precision, 0.871 F1-score, 0.995 specificity, and 867 MCC for the G4 label. This model,
which we propose in our study, provides an unbiased and reliable diagnostic tool.

Research limitations

This study has several limitations. Firstly, the KOA severity grading dataset consists of 9786 knee images.
Although the dataset is comprehensive, images are obtained using the X-ray imaging technique. Using different
image techniques, such as magnetic resonance imaging, ultrasound, or computed tomography, will increase the
robustness and accuracy of the KOA severity classification. Secondly, even though using transfer learning models,
including AlexNet, ResNet101, DenseNet201, and VGG19, creates a robust structure, comparisons can also be
made using different transfer learning algorithms. For future studies, the power and robustness of the proposed
model can be investigated using different medical images.

Practical implications

In this study, image processing-based model was presented to support the clinicians using CLAHE, bilateral filter,
and transfer learning models for the multi-classification of KOA severity. The study has practical contributions
to developing decision support systems that analyze medical images. Using transfer learning algorithms
facilitates the workload of experts and can provide objectivity and rapid decisions based on experimental results.
Unlike previous studies, this study conducted a comprehensive and comparative analysis procedure on image
processing and transfer learning models. The practical contributions of the image-processing model are
delineated below: (i) The ResNet101 model combined with CLAHE and Bilateral filter for multi-classification
KOA severity showed the best performance. The experiment results demonstrated that the transfer learning
model achieved a promising performance compared to other methods in the literature with a higher accuracy of
97.85%. (ii) The transfer learning model for multi-classification of KOA severity can speed up the diagnostic
procedure and provide time efficiency for clinicians. (iii) Early detection of KOA severity can facilitate well-timed
interventions, decelerate disease progression, and enhance patient outcomes in clinical practice.

Originality

The Bilateral filter, CLAHE and ResNet101 transfer learning model had a very high accuracy of 97.85%. The
advanced image preprocessing techniques such as CLAHE and Bilateral filter were implemented. In addition to
both high accuracy and advanced preprocessing, the model is clinically impactful. The transfer learning-based
model was proposed to improve patient outcomes significantly and enhance healthcare efficacy. According to
the experimental results, it is an accurate method of early detection of KOA. From a public health viewpoint, it
could reduce the disease burden by better detecting KOA severity earlier.
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1. Introduction

KOA, a chronic and progressive joint disease, is characterized by the deterioration of joint cartilage tissue. It affects
millions of people worldwide, particularly the elderly population (Geng et al.,, 2023). With the growing older
population, the superiority of KOA is anticipated to increase significantly, with more than 20% of people predicted
to be at risk by 2030 (Ortman et al,, 2014). Moreover, it is estimated that 130 million people worldwide will suffer
from KOA by 2050 (Wang et al., 2021). In developed countries, KOA is the most common cause of disability related
to joint disorders, especially in the knees and hips (Grazio & Balen, 2009). The disease is marked by the
deterioration of articular cartilage, bone remodeling, and joint inflammation, involving complex molecular,
anatomical, and physiological changes that extend beyond simple “wear and tear”. Patients with KOA face a higher
risk of mortality compared to the general population, with significant contributing factors such as diabetes,
cardiovascular disease, and walking disabilities (Haidari, 2011). Given its widespread prevalence and debilitating
impact, KOA remains a significant public health challenge globally. The disease reduces the quality of life for
millions and places a considerable economic burden on healthcare systems due to increased medical expenses and
loss of productivity (Islam & Rony, 2024). Early intervention can slow the progression of KOA, reduce pain, and
enhance joint functionality, emphasizing the importance of timely and accurate diagnosis.

KOA is diagnosed with the progression of symptoms, which leads to a delay in disease management. Early
detection of the disease becomes difficult, leading to late treatment initiation and worsening symptoms. Patients
frequently put off getting care until they experience distressing symptoms. Therefore, healthcare providers might
not see KOA patients until they exhibit severe stiffness, pain, and functional limitations (Langworthy et al., 2024).
The increasing need for automated grading of KOA severity stems from the imperative for swifter and early
detection, driven by a lack of radiologists and the laborious process of analyzing knee X-ray images, especially in
remote locations (Kishore et al, 2024). KOA, which cannot be diagnosed early, reduces the quality of life of
individuals and can cause mobility restrictions and dependency in daily activities in later stages. Traditional
diagnostic methods are based on clinical assessment and radiological imaging techniques, and modern approaches
include biomarkers and advanced imaging technologies. However, deep learning is widely used in modern
diagnostic methods for KOA severity detection (Zeng et al., 2023). These models also produce more accurate,
faster, and more objective results for analyzing complex data. In particular, transfer learning models, which are a
version of deep learning, offer an innovative and attractive solution for KOA severity classification by enabling the
application of knowledge from a pre-trained network to new data. Transfer learning models can directly work
through challenging and large-scale image data, keeping the understanding learned from solving a task and later
utilizing it once encountering another task (Goker, 2024). Transfer learning can be repurposed, where features
and weights are developed from pre-trained models. So, using prior knowledge enables the development of models
that achieve higher performance and less training with faster learning.

Transfer learning-based medical image processing has achieved promising results in improving diagnostic
accuracy for KOA severity in recent years. Kokkotis et al. (2020) presented a machine learning-based model for
the KOA classification using support vector machine (SVM) and k-nearest neighbors (K-NN) algorithms. The SVM
algorithm achieved 74.07% accuracy (Kokkotis et al.,, 2020). Also, Abedin et al. (2019) used the convolutional
neural network (CNN) algorithm for KOA severity classification using X-ray images. The root mean squared error
for the CNN was 0.77 (Abedin et al., 2019). Guan et al. (2022) proposed a combination of deep learning and
traditional machine learning algorithms. The traditional machine learning models, random forests (RF), logistic
regression (LR), and artificial neural networks (ANN), were employed. In contrast, the CNN deep learning
algorithm was used to classify KOA. The combined model achieved 80.9% specificity, 72.3% sensitivity, and 0.807
AUC (Guan et al., 2022). Similarly, Brahim et al. (2019) proposed a machine learning-based model for the KOA
classification using Fourier filter, independent component analysis (ICA), and machine learning algorithms. The
Fourier filter was used for image preprocessing, and ICA was employed to decrease dimensionality. Then, the
performances of Naive Bayes and RF algorithms were compared. The RF algorithm, which achieved the highest
success, had 80.65% specificity, 87.15% sensitivity, and 82.98% accuracy (Brahim et al., 2019). Jain et al. (2024)
presented an attentive multi-scale deep CNN for KOA severity classification. They used the high-resolution
network (HRNet), and the HRNet algorithm relies on deep learning models to capture multi-scale capabilities of
images. The method achieved the best accuracy of 71.74% (Jain et al., 2024). Solak (2024) compared VGG16,
Xception, EfficientNetB0, DenseNet20, and ResNet-50 transfer learning models for KOA severity classification. The
DenseNet201 model, which has the highest performance, obtained 87.7% accuracy, 87.2% F1-score, and 0.75
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kappa statistics (Solak, 2024). Although transfer learning for image processing is faster and more objective than
traditional methods, much more work needs to be done before transfer learning-based models can be used in the
clinic. Moreover, improvement and validation of transfer learning-based models through real-world applications
are important for the robustness, reliability, and effectiveness of the models.

In this study, we proposed an image processing-based solution for the multi-classification of KOA severity from X-
ray images using the Bilateral filter, CLAHE, and transfer learning models. The main contributions of this study to
the literature can be summarized as follows:

i. A transfer learning-based model was proposed to classify KOA severity using image processing methods.

ii. Image contrast was increased with CLAHE, and the use of Bilateral filter improved the detail clarity and
reduced blur in X-ray images.

iii. Transfer learning models; AlexNet, ResNet101, DenseNet201, and VGG19 were compared. ResNet101
achieved the best performance with 0.970 kappa statistic, 0.978 weighted F1 score, and 97.85% overall
accuracy.

iv. Experimental results show that the ResNet101 model combined with CLAHE and Bilateral filter can
accurately classify KOA severity from X-ray images. This model provides an unbiased and reliable
diagnostic tool.

2. Materials and Methods
2.1. Proposed Method

The proposed transfer learning-based method consists of a) image preprocessing stages, b) dividing into training
and test sets, and c) comparing transfer learning algorithms according to performance evaluation criteria for the
multi-classification of KOA severity. Firstly, the X-ray images were resized based on the default input sizes for
transfer learning models in the image preprocessing stage. The KOA severity grading dataset contains 9786 knee
images. The images were resized to 224x224 for RestNet101, VGG19, DenseNet201, and 227x227 for AlexNet. The
CLAHE method was employed to enhance contrast, and the Bilateral filter reduced blurriness while sharpening
image details. Then, the KOA dataset was split into training and test sets using the hold-out method. The
performances of DenseNet201, AlexNet, ResNet101, and VGG19 models were compared. Finally, the performance
of these transfer learning models was assessed using model performance metrics. Figure 1 shows the flowchart of
the proposed method.
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Figure 1. The flowchart of the proposed method

2.2. Dataset

The knee images were taken from the KOA severity dataset (Tiwari et al., 2022). The KOA dataset of 9786 X-ray
images, including the left and right knee, was graded according to Kellgren-Lawrence (KL). The original dataset
was categorized into five grades: normal, doubtful, minimal, moderate, and severe. There were 3857 images in
normal grades (G0), 1770 images in doubtful (G1), 2578 images in minimal (G2), 1286 images in moderate (G3),
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and 295 images severe (G4). The size of each image is 224 x 224. Table 1 shows the characteristics of the KOA
severity dataset.
Table 1. Characteristics of the KOA Severity Dataset

GRADE NUMBER OF X-RAYS KL CLASSES DESCRIPTION
GO 3857 No signs of disease are seen on the knee joint X-ray. The joint appears healthy
G1 1770 There may be bone spurs called osteophytes and slight narrowing of the joint space.
However, these findings do not definitively indicate osteoarthritis
G2 2578 Osteophytes are definitely seen and there may be narrowing of the joint space.
Steophytes, significant narrowing of the joint space and slight hardening of the
G3 1286 :
bones (sclerosis) are seen
Osteophytes, severe narrowing of the joint and widespread hardening of the bones
G4 295 S o
are seen. This indicates advanced osteoarthritis.
Total 9786

The KOA dataset was split into training set (6851 knee images) and test set (2935 knee images) in the ratio of
70:30. Table 2 shows the distribution of the dataset.

Table 2. Distribution of the Dataset

SET\ KL GRADES GO G1 G2 G3 G4 Total
Training 2700 1239 1805 900 207 6851
Test 1157 531 773 386 88 2935
Total 3857 1770 2578 1286 295 9786

Figure 2 shows samples of knee images representing each label (normal, doubtful, minimal, moderate, and
severe) in the KOA dataset.

Figure 2. Samples of X-ray knee images per label, (i) normal, (ii) doubtful, (iiij minimal, (iv) moderate, (v) severe

2.3.Image Preprocessing

X-ray images often have various quality problems such as noise, low contrast, and motion distortions; this situation
negatively affects the performance of transfer learning models. Image preprocessing techniques are essential to
address these challenges and enhance the visibility of crucial anatomical structures like the knee joint. During the
image preprocessing stage, the images were resized based on the default input sizes used by transfer learning
models. The knee images were resized to 224x224 for RestNet101, VGG19, DenseNet201, and 227x227 for
AlexNet. Following resizing, CLAHE equalization was applied to enhance the images, thereby improving the
visibility of key features (Ahmed et al,, 2022). This method divides the image into smaller blocks, performs
equalization separately on each block, prevents excessive contrast enhancement, and better preserves image
details.

Then, the Bilateral filter was performed to decrease noise in the images. The bilateral filter can smooth images,
especially while preserving the edges. This dual capability is achieved through the combination of spatial and
range kernels, which weigh neighboring pixels based on their geometric proximity and intensity similarity (Li &
Duan, 2022). The filter works by substituting a weighted average of a pixel's neighbors for the pixel's value; the
weights are established by the pixels' spatial separation and intensity difference (Yang et al., 2024). The bilateral
filter is formulated as below (Singh et al., 2023):
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In Equations 2 and 3, or denotes the minimum amplitude, while os represents the size of the spatial kernel.

2.4. Transfer Learning Models

Transfer learning is a pre-training method that uses information from trained data to create new models. Transfer
learning is based on the premise that knowledge in the form of a model from a source task can be transferred to
support learning in related target tasks, which is particularly beneficial when labeled information is scarce or
costly to acquire (Mahmoud et al,, 2024). Transfer learning algorithms use supervised pre-trained models with
large datasets to allow activation mapping to other problems. Transfer learning algorithms such as AlexNet,
ResNet, VGG19, and DenseNet are commonly used in medical image analysis applications (Kim et al.,, 2022). The
optimum parameters of the transfer learning models are summarized in Table 3.

Table 3. The Optimum Parameters of the Transfer Learning Models

HYPER-PARAMETERS ALEXNET RESNET101 VGG19 DENSENET201
Input size 227x227 224x224 224x224 224x224
MaxEpochs 30 30 30 30
MiniBatchSize 16 16 16 16
Optimizer sgdm sgdm sgdm sgdm
ValidationFrequency 3 3 3 3
InitialLearnRate le-4 le-4 le-4 le-4
Momentum 0.9 0.9 0.9 0.9
WeightLearnRateFactor 20 20 20 20
BiasLearnRateFactor 20 20 20 20
L2Regularization 0.005 0.005 0.005 0.005

The optimum hyper-parameters for transfer learning models were selected by comparing the results of several
experiments that were carried out. For the “MaxEpochs” parameter, the values “30” and “60” were compared, and
the value “30” was chosen, giving the best result. The “sgdm”, “adam”, “rmsprop” values of the “optimizer”
parameter were compared, and "sgdm", was selected. The “16” and “32” values were compared for the
“MiniBatchSize” parameter, and the “16” value was selected.

2.4.1. AlexNet

The AlexNet consists of five “convolutional layers” and three “fully connected layers”. It employs Rectified Linear
Unit (ReLU) activation and dropout to avoid overfitting and enhance performance (Tang et al.,, 2023). Compared
to the traditional CNN architecture, AlexNet was designed with a deeper architecture, having more filter layers
including stacked convolutional layers. The AlexNet is given in Figure 3 (Karim et al., 2022).

\ \ ,
o Q (1) < n
© ~ (V4] gt
IInput g g g % g Ly o TR gla?:slﬁft“on
L
mage 8 8 8 38 3 i i
J } (\ J
‘ o ' 4096 4096 1000
2 256 384 984 256 Kernels  Kernels Kernels
Kernels Kernels Kernels Kernels Kernels

Figure 3. The AlexNet neural network
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AlexNet employs ReLU as the activation function for its non-linear elements, in contrast to earlier neural networks
that primarily utilized tanh or sigmoid activations. Figure 4 shows the definitions of activation functions (Karlik &
Olgac, 2011).

Tanh RelU
tanh(z) max (0, z)
i<
”x
Sigmoid Linear
fO=x
= .

Figure 4. Functions description

The first, second, and fifth convolutional layers are also succeeded by max-pooling layers. One of the notable

advantages of AlexNet is its use of local response normalization, which helps prevent the saturation of activation
functions.

2.4.2. ResNet101

The ResNet101 model, a variant of the Residual Network architecture, includes 101 layers and uses skip
connections during backpropagation, which allows gradients to flow through the network more effectively.
ResNet101 has gained prominence because of its ability to facilitate the training of deep neural networks while
reducing the vanishing gradient problem. This innovation has led to significant improvements in various image
classification tasks, making ResNet101 a popular choice in practical applications. The ResNet101 performance of
imaging analysis is quite strong. The input image sizes for the ResNet101 model are 224x224. The ResNet101 is
given in Figure 5 (Tong et al,, 2020):

X3 X4 X 23 X3

Conv2_x identity ', Conv3_x identity Conv4_x identity ', Conv5_x identity

) b ) )
P 3
| | o= < 0
. @ © N N -
o' (5] Sff=] |=| |8 N MER s o |& - | [X]] O
o | X gillel |ef [~ | [~] |w N nf|© wl [w]| [Q] 8
~ A = T o O
«© . - . g . a i A
e HH X ] = - 1) - - ) & - ) <o
=m) e X X X X X X x X X X X X >
P - B N I R e |of |~ | [o] |2 o R I | <
b ] 0
P O
S_" N © © < N v
@ ": o) ~ - X X
3 x X X ; ~ -
FR: 8 2 :
o

Figure 5. The ResNet101 neural network

2.4.3.VGG19

VGG19 is a deep CNNs architecture consisting of 19 layers, including 16 convolutional layers, 3 fully connected
layers, and a softmax classification layer. VGG19 maintains a simple and consistent structure using only 3x3 filters
in all convolutional layers. These small filters allow building a deeper network and learning more complex
features. The ReLU activation function is used in every convolutional and fully connected layer and facilitates faster
learning and reduces computational costs, thus enhancing model performance. Max-pooling layers applied after
each block reduce spatial dimensions and computational load while preserving prominent features. With pre-
trained weights on large datasets, only the upper layers need to be retrained for new tasks, which provides a
significant advantage in limited data conditions. The VGG19 is given in Figure 6 (Khattar & Quadri, 2022):
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Figure 6. The VGG19 neural network

2.4.4. DenseNet201

Dense Convolutional Network (DenseNet) is a transfer learning model based on the principle that each layer
receives the feature maps from every layer before it. This form of connection increases the flow of information.
Dense connections decrease the vanishing gradient problem, which is frequently seen in deep networks. This
contributes to a more stable training process, especially in very deep networks (Jung et al., 2024). DenseNet201
consists of 201 layers in total, and dense connections between these layers enable the network to learn deeper
and more complex features. This characteristic of DenseNet contributes to more efficient use of parameters,
increases the model performance, and also reduces overfitting. The input image sizes for the DenseNet201 are
224x224. The DenseNet201 is given in Figure 7 (Kumar et al., 2021):

Pooling
FC

Pool ing
Pooling

Tt

DenseBlock

DenseBlock
DenseBlock

LCE
17
CATEGORY

Transilion Layer

= = =
= = =
= = =
S 1E |

Figure 7. The DenseNet201 neural network

2.5. Performance Evaluation Metrics

The performance of transfer learning models was assessed utilizing performance evaluation metrics, including
overall accuracy, precision, specificity, recall, Matthew’s correlation coefficient (MCC), F1-score, weighted F1-
score, and the kappa statistic. True Positive (TP) gives the number of data correctly classified by the classifier
model from the positive class; False Positive (FP) gives the number of data actually labeled as positive by the
classifier model as a result of the classification of data belonging to the negative class. True Negative (TN) gives
the number of data correctly classified by the classifier model from the negative class; False Negative (FN) gives
the number of data actually labeled as negative by the classifier model as a result of the classification of data
belonging to the positive class (Celik et al., 2023). The equations used to derive these performance metrics are
delineated in equations 4-11.

Overall Accuracy = Number of accurately classified samples/ Total number of samples (4)
Precision = TP / (FP + TP) (5)
Recall = TP/ (FN + TP) (6)
Specificity = TN/(TN + FP) (7)
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F1 — score = 2 * Precision * Recall / (Precision + Recall) (8)
Weighted-F1 scores = Weighted-averaged of F1-scores 9
MCC = (TP = TN — FN * FP) /\/(FP + TP) * (TN + FN) * (FN + TP) = (TN + FP) (10)

The kappa statistic is performed to assess inter-rater reliability. It measures the degree of agreement between two
or more raters by correcting for any agreement that might occur by chance. The kappa value ranges from -1 to 1,
where 1 demonstrates perfect agreement, 0 demonstrates no agreement beyond chance, and negative values
demonstrate agreement less than would be expected by chance. The formula for the kappa statistic is provided in
Equation 11 (Cantor, 1996).

Kappa=(Po-Pe)/(1-Pe) 11)

Po= ¥, CM; /N

Pe = ?:1(2?:1 CMU X Z?:l CMJL/NZ)

Pe denotes the expected agreement and Po denotes the observed agreement. CM;i are the diagonal values of the
confusion matrix, representing correct classifications, k denotes the number of labels, and N denotes the total
number of samples.

3. Experimental Results and Discussion

In this study, the transfer learning-based models were compared to classify the KOA severity. The KOA severity
grading dataset contains 9786 knee images. The images were resized to 224x224 for RestNet101, VGG19,
DenseNet201,and 227x227 for AlexNet. The CLAHE was performed for image quality, while the bilateral filter was
performed to reduce the noise of images and enhance details. Then, the model performance was evaluated using
the holdout method. The KOA severity grading dataset was split into 6851 images training set (%70) and 2935
images test set (%30). Finally, the performances of RestNet101, VGG19, DenseNet201, and AlexNet transfer
learning models were compared based on model performance metrics. The confusion charts of transfer learning
models are shown Figure 8.

Confusion Chart for AlexNet Confusion Chart for VGG19
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0 8
& o
O Grade2 2 27 % 13 S Grade2 29 2 10 It
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Figure 8. The confusion charts of transfer learning models
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When examining Figure 8, the ResNet101 transfer learning model achieved 2872 correctly labeled X-ray images.
This outperformed the other models, with DenseNet201, AlexNet, and VGG19 following. The correctly labeled X-
ray images were 2872 for Resnet101, the correctly labeled images were 2754 for DenseNet201, the correctly
labeled images were 2649 for AlexNet, and the correctly labeled images were 2636 for VGG19. Performance
metrics, namely recall, precision, specificity, F1-score, kappa statisticc MCC, weighted-F1 score, and overall
accuracy, were calculated to evaluate model performance comprehensively. The performance results of the
transfer learning models are shown in Table 3.

Table 3. The Performance Results of the Transfer Learning Models

MODELS LABELS | RECALL | PRECISION | SPECIFICITY | F1-SCORE | MCC
GO 0.947 0.941 0.965 0.944 0.907
G1 0.926 0.919 0.983 0.922 0.905
CLAHE + El"l;tﬁ:" Filter + G2 0.896 0.887 0.963 0.892 0.853
G3 0.901 0.805 0.986 0.850 0.831
G4 0.506 0.852 0.974 0.635 0.644
GO 0.951 0.930 0.969 0.941 0.903
G1 0.930 0.905 0.985 0.917 0.900
CLAHE + l‘gliéacti;a' Filter + G2 0.901 0.868 0.966 0.884 0.844
G3 0.894 0.857 0.984 0.875 0.857
G4 0.441 0.863 0.966 0.584 0.602
GO 0.969 0.973 0.979 0.971 0.952
G1 0.938 0.939 0.986 0.938 0.925
CLAH%Z:::S;EI;}E“” * G2 0.946 0.918 0.981 0.932 0.908
G3 0.935 0.899 0.990 0916 0.904
G4 0.600 0.818 0.983 0.692 0.690
GO 0.990 0.988 0.993 0.989 0.982
G1 0.981 0.984 0.995 0.983 0.979
CLAHE ;f;ll\f';flr S;Fi“er * G2 0.975 0.975 0.991 0.975 0.966
G3 0.973 0.966 0.996 0.970 0.965
G4 0.857 0.886 0.995 0.871 0.867

When the models' performances are examined in Table 3 and Table 4, the transfer learning model combined with
the CLAHE, Bilateral filter, and ResNet101 attained the maximum performance with an overall accuracy of 97.85%.
The transfer learning model was followed by DenseNet201 (93.83%), AlexNet (90.26%), and VGG19 (89.81%)
models, respectively. In addition, the performance results of CLAHE, Bilateral filter, and ResNet101 were 0.990
recall, 0.988 precision, 0.989 F1-score, 0.993 specificity, and 982 MCC for the GO label; 0.981 recall, 0.984
precision, 0.983 F1-score, 0.995 specificity, and 979 MCC for the G1 label; 0.975 recall, 0.975 precision, 0.975 F1-
score, 0.991 specificity, and 966 MCC for the G2 label; 0.973 recall, 0.966 precision, 0.970 F1-score, 0.996
specificity, and 965 MCC for the G3 label; 0.857 recall, 0.886 precision, 0.871 F1-score, 0.995 specificity, and 867
MCC for the G4 label. The performance metrics are expected to be close to one because when the metrics are near
one, it indicates that the model's performance is robust and high. When evaluating model performance, it is
important to examine accuracy, kappa statistics, and weighted-F1 score. Table 5 presents the weighted-F1 score,
kappa, and overall accuracy results.

Table 4. The Kappa, Weighted-F1 Score, and Overall Accuracy Results of the Transfer Learning Models

MODELS KAPPA WEIGHTED-F1 SCORE | OVERALL ACCURACY
CLAHE + Bilateral Filter + AlexNet 0.866 0.900 90.26%
CLAHE + Bilateral Filter + VGG19 0.861 0.893 89.81%
CLAHE + Bilateral Filter + DenseNet201 0.915 0.937 93.83%
CLAHE + Bilateral Filter + ResNet101 0.970 0.978 97.85%

The overall accuracy is the ratio of accurately classified samples to total samples. Therefore, overall accuracy alone
is unreliable if there is no balance in the distribution across groups. The F1-score evaluates a trade-off between
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recall and precision. The weighted F1 score is the weighted average of F1 scores. Therefore, the weighted score
produces reliable results even if there is an imbalance in the distribution across groups. Kappa, which evaluates
the agreement between two or more raters and adjusts for the agreement that occurs by chance, is an important
measure that increases the reliability of the evaluation. The proposed transfer learning-based medical image
processing has achieved promising results for KOA severity classification from X-ray images. Table 5 presents the
comparative analysis of studies for KOA severity classification.

Table 5. The Comparative Analysis of Studies for KOA Severity Classification

REFERENCE IMAGES IMAGE PREPROCESSING CLASS CLASSIFIER ACCURACY
SIZE SIZE (%)
Wahyuningrum et 4737 Data augmentation, normalization, CLAHE,
al. (2}(1)20) s images | Region gf Interest (ROI) Sclass | CNN 77:24%
998 VGG16 69.23%
Qali etal. (2021) images - 2 class | SVM 77%
CNN 90%
Ahmed & 1650 VGG16 87.27%
Mohammed images Resize images, data augmentation 5class | VGG19 89.69%
(2022) ResNet50 91.51%
2D median filter, Gaussian smoothing ResNet50 90.63%
Alshamrani et al. 3836 techniques, sharpening filters, contrast CNN 90.95%
(2023) images |stretching, and histogram equalization 2 class
. VGG16 92.17%
technique.
Goswami (2023) _4130 Segmentation, contour detection, contrast 5 class | CNN 91.03%
images | enhancement
MobileNetV2 67%
ResNet101 69%
Mohammed et al. 9786 Segmentation, equalization 5 class VGG16 66%
(2023) images ’ VGG19 64%
InceptionResNetV2 | 63%
DenseNet121 64%
Data augmentation (Horizontal flip, Vertical VGG19 84.14%
flip, Rotation -45, Rotation 90, Crop 0.1, Crop ResNet50 85.28%
?;;zngn & Gruhn irilizgs 0.2, Gaussian noise, Gamma contrast,| 5class |VGG16 88.45%
Sigmoid contrast, Linear contrast, Channel CNN 90.38%
shuffling, and Inverted colors) VGG16+CNN 93.27%
Nurmirinta et al. 1213 Balanced Random
(2024) images j 3 classes Forest 65.9%
VGG19 89.81%
;l:t::(:'gposed ir?lzzgs Resize images, CLAHE, Bilateral filter 5 class ?{Lesineitl 01 gg:éggﬁg
DenseNet201 97.85%

When Table 5 is examined, CNN (Wahyuningrum et al., 2020; Qali et al., 2021; Alshamrani et al., 2023; Goswami,
2023; Rehman & Gruhn, 2024), VGG16 (Qali et al., 2021; Ahmed & Mohammed, 2022), VGG19 (Ahmed &
Mohammed, 2022; Mohammed et al., 2023; Rehman & Gruhn, 2024), MobileNetV2 (Mohammed et al., 2023),
ResNet50 (Ahmed & Mohammed, 2022; Alshamrani et al., 2023), and DenseNet121 (Mohammed et al., 2023)
algorithms are used. While classic machine learning techniques like Balanced Random Forest are also used, the
majority of the studies focus on deep learning methodologies (Nurmirinta et al,, 2024). Because deep learning
methods can automatically extract complicated patterns from pictures, they have demonstrated significant
performance increases, making them appropriate for medical imaging applications like as KOA severity
assessment. Regarding class distribution, numerous studies have used the Kellgren and Lawrence rating scale for
either binary classification (two classes) (Qali et al., 2021; Alshamrani et al., 2023) or multi-classification (three or
five classes) (Wahyuningrum et al.,, 2020; Ahmed & Mohammed, 2022; Goswami, 2023; Rehman & Gruhn, 2024;
Nurmirinta et al, 2024). Since differentiating between two classes (healthy and KOA), which is binary
classification, is simpler than categorizing the severity of KOA into numerous stages, binary classification tasks
typically yield higher accuracy rates. However, multi-classification offers more thorough diagnostic data, which is
essential in medical settings. The experimental results support the efficacy of transfer learning models for
classifying KOA severity. ResNet101, achieved the highest accuracy (97.85%) in this study. With its high accuracy,
ResNet101 can assist radiologists by improving the speed and accuracy of KOA assessments. Furthermore, the
model's exceptional performance was further boosted by the application of the bilateral filter and CLAHE, which
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greatly improved the quality of the input images. These experimental results highlight the deep learning and image
processing methods for medical imaging applications. The proposed transfer learning-based model may change
the diagnosis and treatment of KOA severity, enhancing patient outcomes, clinical workflows, and the life quality
of people.

4. Conclusion

In conclusion, we compared the performance of transfer learning models to classify KOA severity. Firstly, the X-
ray images were resized to fit input-size images for transfer learning models. Then, we applied CLAHE for image
enhancement, a technique that improves the contrast of the images, and the Bilateral filter was used to sharpen
details and reduce blurriness in knee images. The Bilateral filter is a non-linear smoothing filter that reduces noise
and preserves edges. Finally, transfer learning models were compared, including AlexNet, ResNet101,
DenseNet201, and VGG19. The ResNet101 transfer learning model performed better than the others. The
ResNet101 transfer learning achieved a kappa statistic of 0.970, a weighted F1-score of 0.978, and an overall
accuracy of 97.85%. The experimental results show that the image processing-based transfer learning model is
robust and reliable for diagnosing KOA severity from X-ray images. The study has practical contributions to
developing decision support systems that analyze medical images. Using transfer learning algorithms facilitates
experts' workload and can provide objectivity and rapid decisions based on experimental results. Unlike previous
studies, this study conducted a comprehensive and comparative analysis procedure on image processing and
transfer learning models. The practical contributions of the image-processing model are delineated below: (i) The
ResNet101 model combined with CLAHE and Bilateral filter for multi-classification KOA severity achieved the best
performance. The experiment results demonstrated that the transfer learning model achieved a promising
performance compared to other methods in the literature with a higher accuracy of 97.85%. (ii) The transfer
learning model for multi-classification of KOA severity can speed up the diagnostic procedure and provide time
efficiency for clinicians. (iii) Early detection of KOA severity can facilitate well-timed interventions, decelerate
disease progression, and enhance patient outcomes in clinical practice. This study has several limitations. Firstly,
the KOA severity grading dataset consists of 9786 images. Although the dataset is comprehensive, images are
obtained using the X-ray imaging technique. Using different image techniques, such as magnetic resonance
imaging, ultrasound, or computed tomography, will increase the robustness and accuracy of the KOA severity
classification. Secondly, even though using transfer learning models, including AlexNet, ResNet101, DenseNet201,
and VGG19, creates a robust structure, comparisons can also be made using different transfer learning algorithms.
For future studies, the power and robustness of the proposed model can be investigated using different medical
images. Consequently, this model offers a dependable and objective diagnostic tool, potentially enabling more
prompt interventions.
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