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ABSTRACT 

The aim of this study is to classify knee osteoarthritis, synovial chondromatosis, Osgood-Schlatter 

disease, os fabella pathologies that can be diagnosed with plain knee X-rays, and normal knee 

radiographs with deep learning and machine learning methods. This study was performed on 540 knee 

osteoarthritis, 151 Osgood_Schlatter disease, 191 knee chondromatosis, 152 os fabella and 523 normal 

knee X-ray images. First, classification was performed with the VGG-16 network, which is a pre-

trained deep learning model. Then, the features extracted with the VGG-16 convolution layer were 

classified with random forest, support vector machines, logistic regression and decision tree machine 

learning algorithms. With VGG-16 model, 95.3% accuracy, 95.1% sensitivity, 98.7% specificity, 

96.8% precision, and 95.9% F1 score results were obtained. In classifying the features extracted from 

the VGG-16 convolution layer with machine learning algorithms, 98.2% accuracy, 99.0% sensitivity, 

98.9% specificity, 98.2% precision and 98.5% F1 score results were obtained with the logistic 

regression classifier. In this study, which was conducted to classify radiographically detectable knee 

pathologies, successful results were obtained with the VGG-16 network. The features extracted from 

the convolution layer of the VGG-16 model were reclassified with machine learning algorithms, 

logistic regression, support vector machines and random forest classifiers, and improvements in 

performance metrics were obtained compared to the VGG-16 model. With this proposed method, the 

performance of deep learning models can be further improved. 

Keywords: Knee osteoarthritis, knee chondromatosis, osgood-schlatter disease, Os fabella, deep 

learning, machine learning 
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Radyografik Olarak Tanı Konulabilen Diz Röntgenlerinin Derin 

Öğrenme ve Makine Öğrenmesi Yöntemleri ile Sınıflandırılması 
 

ÖZ 

Bu çalışmanın amacı, düz diz röntgenleriyle tanısı konulabilen diz osteoartriti, sinovyal 

kondromatozis, Osgood-Schlatter hastalığı, os fabella patolojileri ve normal diz radyografilerini derin 

öğrenme ve makine öğrenmesi yöntemleriyle sınıflandırmaktır. Bu çalışma 540 diz osteoartriti, 151 

Osgood_Schlatter hastalığı, 191 diz kondromatozisi, 152 os fabella ve 523 normal diz röntgen 

görüntüsü üzerinde gerçekleştirildi. Öncelikle önceden eğitilmiş derin öğrenme modeli olan VGG-16 

ağı ile sınıflandırma yapıldı. Daha sonra VGG-16 evrişim katmanı ile çıkarılan özellikler, rastgele 

orman, destek vektör makineleri, lojistik regresyon ve karar ağacı makine öğrenmesi algoritmalarıyla 

sınıflandırıldı. VGG-16 modeli ile %95,3 doğruluk, %95,1 duyarlılık, %98.7 özgüllük, %96,8 kesinlik 

ve %95,9 F1 skoru sonuçları elde edildi. VGG-16 evrişim katmanından çıkarılan özelliklerin makine 

öğrenmesi algoritmaları ile sınıflandırılmasında lojistik regresyon sınıflandırıcısı ile %98,2 doğruluk, 

%99,0 duyarlılık, %98.9 özgüllük, %98,2 kesinlik ve %98,5 F1 skoru sonuçları elde edilmiştir. 

Radyografik olarak tanısı konulabilen diz patolojilerinin sınıflandırılması amacıyla yapılan bu 

çalışmada, VGG-16 ağı ile başarılı sonuçlar elde edilmiştir. VGG-16 modeli evrişim katmanı 

üzerinden çıkarılan özellikler makine öğrenmesi algoritmaları ile yeniden sınıflandırılmış, lojistik 

regresyon, destek vektör makineleri ve rastgele orman sınıflandırıcıları ile VGG-16 modeline kıyasla 

performans metriklerinde iyileşmeler elde edilmiştir. Önerilen bu yöntemle, derin öğrenme 

modellerinin performansı daha da iyileştirilebilir. 

 

Anahtar Kelimeler: Diz osteoartriti, diz kondromatozu, osgood-schlatter hastalığı, Os fabella, derin 

öğrenme, makine öğrenmesi 

 

 

I. INTRODUCTION 
 

Knee osteoarthritis (OA), synovial chondromatosis, Osgood-Schlatter disease and os fabella, which 

may cause pain and limitation of movement in the knees, are pathologies that can be recognized by 

plain knee radiographs. Knee osteoarthritis is an important cause of knee pain as well as limitation of 

movement and disability. Its incidence is increasing due to the increase in average life expectancy and 

the increase in the prevalence of obesity in societies. The patient's quality of life can be improved with 

weight loss, appropriate exercise programs and physical therapy modalities [1, 2]. The prevalence of 

knee osteoarthritis increases with age, is slightly more common in women, and a study found that the 

frequency of knee OA over the age of 60 was 37.4% [3]. 

Synovial chondromatosis is a rare, benign pathology of unknown etiology. The most commonly 

affected joints are the knees. It has a relatively non-specific presentation and, if symptomatic, occurs 

with insidious onset findings such as decreased range of motion, pain, swelling, knee crepitus or knee 

locking. Plain radiographs may be diagnostic and mineralized nodules are pathognomonic [3, 4]. 

Synovial chondromatosis is a rare pathology, seen in 1 in 100,000 [5]. 

Os fabella is a fibrocartilaginous or ossified sesamoid bone usually located in the lateral tendon of the 

gastrocnemius muscle. The os fabella is usually asymptomatic, but sometimes it can be associated 

with many pathological conditions as well as pain in different age groups [6, 7]. Os Fabella is more 

common in both knees than unilateral, and the prevalence rates vary from 3% to 87% [8]. 

Osgood-Schlatter disease (OSD), caused by inflammation of the patellar tendon at its attachment point 

proximal to the tibia, is common in active adolescents and is a common cause of knee pain. OSD may 

also be a cause of knee pain after adolescence. The prevalence in children aged 12 to 15 years was 

reported as 9.83%, more common in boys [9-11]. 

These knee pathologies can be diagnosed with antero-posterior and lateral knee radiographs. X-ray 

imaging is an easily accessible, cost-effective, easy and fast imaging modality. Computed tomography 

(CT) and magnetic resonance imaging (MRI) methods are not available in every center, especially in 

rural areas, and CT has a radiation risk, MRI is an expensive method and is not suitable for every 
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patient. X-ray imaging protocols are well-structured and standardized. For this reason, skeletal 

imaging usually begins with plain X-rays. 

In recent years, many successful studies have been carried out in the medical field, especially in image 

processing, with deep learning and machine learning methods. Convolutional neural networks (CNN), 

a deep learning method, are very successful in object detection, object tracking and image 

classification [12-15]. The CNN structure includes some convolution layers, pooling layers and fully 

connected layers and activation functions such as sigmoid, softmax and Rectified Linear Unit (ReLU). 

In convolution layers, features are extracted with the help of filters applied to the image. In pooling 

layers, subsampling is applied on the image size to reduce the spatial dimension, further reducing the 

number of parameters required for computation. Fully connected layers use the features learned 

through previous convolution layers and the classification task is performed [16]. 

Transfer learning method is applied to improve the performance of the CNN model and to achieve 

better generalization ability of the model. Medical images are created with special equipment such as 

X-ray machine, CT machine and MRI and labeled by experienced medical professionals. Therefore, 

collecting sufficient training data is expensive and difficult in most cases. When there is not enough 

data for training, medical image analysis can be done with the help of transfer learning method. The 

ImageNet dataset contains more than 20,000 categories and more than 14 million labeled images [16], 

[17]. The model trained with ImageNet can be used for transfer learning in a related, similar task. In 

this way, successful results can be obtained with less data in areas where there is not enough labeled 

data or where it is difficult to obtain data [18]. Some of the pre-trained networks are AlexNet  [19], 

GoogLeNet [20], VGG-16 [21], ResNet-50 [22] and MobileNet [23]. Many successful studies have 

been conducted using transfer learning with medical images using CNNs [24]. There are many studies 

performed on plain X-ray images, computed tomography CT) images and magnetic resonance imaging 

(MRI) images  [25, 26]. 

Plain X-ray imaging is the most commonly used imaging method in the diagnosis of knee OA. 

Grading is done with the Kellgren-Lawrence grading scheme. Some studies have been done for knee 

OA diagnosis and grading with CNNs. Tuilpin A et al. studied with the Multicenter Osteoarthritis 

Study (MOST) dataset and Osteoarthritis Initiative (OAI) dataset for knee OA diagnosis, graded with 

the Deep Siamese CNN model and the Kellgren-Lawrence grading system, and obtained an average 

multi-class accuracy of 66.71% [27]. Wang Y et al. used the Osteoarthritis Initiative (OAI) database in 

their study, worked with 4506 samples, applied the YOLO algorithm for knee joint area detection, and 

graded with the Kelgren-Lawrence grading system and achieved 69.18% classification accuracy [28]. 

In their study to classify knee OA, Lui B et al. used the Osteoarthritis Initiative (OAI) database, graded 

with the Kellgren-Lawrence  grading system, and achieved 71.1% accuracy with faster RCNN [29]. 

The aim of this study is to classify radiographically detectable knee OA, Osgood-Schlatter disease, 

synovial chondromatosis, os fabella, and normal knee X-ray images using deep learning and machine 

learning methods. It was aimed to develop a machine learning model that physicians who do not have 

sufficient experience in evaluating plain knee radiographs can use in their daily work. 

 

 

II. MATERIAL AND METHOD 
 

A. DATASET  

 
This retrospective study was conducted using picture archiving and communication systems (PACS) 

radiographs from Ankara Bilkent City Hospital Radiology Department. An ethical approval certificate 

was obtained from the local ethic commitee. Knee radiographs taken between January-2020 and May-

2023 were scanned retrospectively by a radiologist experienced in skeletal radiographs. Radiographs 

detecting knee OA, Osgood-Schalatter disease, synovial chondromatosis and os fabella were recorded 

with patient age and gender. The demographic characteristics of the patients are shown in Table 1. The 

dataset included 540 knee osteoarthritis, 151 Osgood_Schlatter, 191 knee chondromatosis, 152 os 

fabella and 523 normal knee X-ray images. 
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Table 1. Demographic characteristics of patients 

 

 Female Male Total Mean age 

Osgood-Schlatter 36 115 151 37 

Osteoarthritis 357 183 540 65 

Condromatosis 85 106 191 49 

Os fabella 79 73 152 44 

Normal 290 233 523 40 

 

B. DATA PREPROCESSING 

 
The knee X-rays were of different sizes and some of the radiographs had the patient's name, 

directional sign and various artifacts on them. Therefore, the radiographs were cropped from 1/4 distal 

femur and 1/4 proximal tibia to include the knee. The study was done with these X-rays. All of the 

images were resized to 224 x 224 pixels. Figure 1 shows knee X-ray image samples used in the study. 

Thousands of images are required to train CNN from scratch. If the number of data is insufficient, 

successful results can be obtained with the transfer learning method. In our previous studies, we 

achieved successful results with pre-trained VGG networks trained on the ImageNet dataset [30, 31], 

[32]. Therefore, in this study, we performed transfer learning with VGG-16. In the transfer learning 

process, the first 13 layers of the VGG-16 architecture, corresponding to the initial convolutional 

blocks (blocks 1–4), were frozen to retain the pre-trained ImageNet features. The final fully connected 

layer was retrained and replaced with a new dense layer to perform 5-class classification specific to 

the task. The dataset was divided into 85% training and 15% testing. 15% of the training dataset was 

used as the validation set. Test data was not used for training or validation at any stage. The validation 

dataset was used for hyperparameter tuning. Hyperparameter optimization was performed manually, 

inspired by similar studies in the literature and our previous studies, with the help of performance 

metrics obtained with the validation set during training, accuracy and loss graphs, and by trying. The 

training parameters of VGG-16 were set as follows; optimizer: adam, mini-batch size: 64, initial 

learning rate: 5e-5, validation frequency: 16, number of epochs: 25. Hyperparameters of machine 

learning algorithms are shown in Table 2. In this study, due to the limited and imbalanced nature of 

the dataset, data augmentation techniques were employed to improve model performance. The 

augmentation parameters included random rotation (±15 degrees), horizontal flipping, zoom range of 

0.1, and width and height shift ranges of 0.1. 

 
Table 2. Machine learning algorithms hyperparameters 

 

Machine Learning Algorithm Hyperparameters 

Support Vector Machines LinearSVC, C=1.0, degree = 3, gamma = ’scale’ 

Logistic Regression penalty='l2', tol=0.0001, C= 0.5, solver= ‘liblinear’, 

 max_iter=100,  

Random Forest criterion='gini', n_estimators=150, max_depth=None,  

max_leaf_nodes=None, 

Decision Tree criterion='gini', splitter='best', max_depth=None, 

min_samples_split=2, max_leaf_nodes=None, 
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Osgood-Schlatter disease X-ray images  Knee osteoarthritis X-ray images 

   

   

 

   

Knee chondromatosis X-ray images  Os fabella X-ray images 

   

   

    

Normal knee X-ray images     

Figure 1. Knee X-ray image samples 

 

C. DATA PROCESSING ENVIRONMENT 

 
This study was performed on a computer that has GeForce RTX2060 Graffic Processing Unit. Python 

3.9 programming language was used, the required libraries were imported and worked on the 

tensorflow keras environment. The Sklearn library was used for statistical calculations. 

 

 

D. FEATURE EXTRACTION 

 
Feature extraction from images is to obtain the image data as quantitative data in accordance with the 

structure of machine learning algorithms. Feature extraction is the process of extracting features such 

as edges, shapes, textures, colors, which are used to describe the content of the image. The major 

difference between CNNs and traditional machine learning methods is that CNN's directly extract 

image features without the need for manual feature extraction. CNN's is very successful in feature 

extraction [33], feature extraction is done through the convolution layer. In this study, feature 

extraction was performed from VGG-16 model intermediate layer, and 512 features were extracted. 

These features were used in machine learning algorithms. 
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E. STATISTICAL ANALYSIS 

 
Confusion Matrix is a table that summarizes the prediction results obtained with test data in a 

classification problem. Predicted values can be compared with actual values. Thus, accuracy, 

sensitivity, specificity, precision and F1 scores are calculated with the TP (True Positive), FP (False 

Positive), TN (True Negative), and FN (False Negative) numbers obtained. Using these parameters, 

the performance metrics were calculated using equations (1) through (5) below. 

 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
                                                                       (1) 

 

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑟𝑒𝑐𝑎𝑙𝑙) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                       (2) 

 

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
                                                                       (3) 

 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                        (4) 

 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =  
2 ∗ (𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙)
=  

2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
                                       (5) 

 

 

III. RESULTS AND DISCUSSION 

 

In this study, which was conducted to classify knee X-rays with deep learning methods, the transfer 

learning method was applied with pre-trained VGG-16 network. With pre-trained VGG-16, 95.3% 

accuracy, it ranged from 0.92 to 0.98 at the 95% confidence level (α :0.95, CI :0.92 - 0.98), 95.1% 

sensitivity (α :0.95, CI :0.92 - 0.98), 98.7% specificity (α :0.95, CI :0.97 - 1), 96.8% precision (α :0.95, 

CI :0.94 - 0.99), and 95.9% F1 score (α :0.95, CI :0.93 - 0.98)  results were obtained. Figure 2 shows 

the confusion matrix and ROC curve obtained with the VGG-16 network. Feature extraction was 

performed from the intermediate layer of the pre-trained VGG-16 network. 512 features were 

obtained.  
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Figure 2. Confusion matrix and ROC curve obtained with test data using VGG-16 network. (apo: 

Osgood_Schlatter disease, arthrit : osteoarthritis, condro: condromatozis) 

 

These extracted features were reclassified with machine learning algorithms. For this, 5-fold cross 

validation was performed, the accuracy results obtained at each step with logistic regression, SVM, 

decision trees and random forest algorithms are shown in Table 3. It is seen that the accuracy results 

obtained at each step are consistent and the models perform well. 

 
Table 3. Machine learning Algorithms Cross-Validation Accuracy Scores 

 

 Machine learning Algorithms Cross-Validation Accuracy Scores 

 Step 1 Step 2 Step 3 Step 5 Step 5 Mean  

SVM 0.9911  0.9955  0.9911  1.         0.9910 0.9937 

Logistic 

regression 

0.9955  0.9955  0.9866 0.9955  0.9910 0.9928 

Random forest 0.9955  0.9866  0.9777 0.9910 0.9955 0.9893 

Decision Tree 0.9555  0.9466  0.9688 0.9642  0.9732 0.9617 

 

With the test data that was not used in either training or validation, 98.2% accuracy (α : 0.95, CI: 0.96 

- 0.99), 99.0% sensitivity (α : 0.95, CI: 0.97 - 1), 98.9% specificity (α : 0.95, CI: 0.97 - 1), 98.2% 

precision (α : 0.95, CI: 0.96 - 0.99) and 98.5% F1 score (α : 0.95, CI: 0.96 - 1) results were obtained 

with the logistic regression classifier. Table 4 shows the accuracy, sensitivity, specificity, precision 

and F1 scores obtained with the VGG-16 network and machine learning algorithms . Figure 3 shows 

the confusion matrix obtained with the logistic regression algorithm.  

 
Table 4. Performance metrics obtained with VGG-16 network and machine learning algorithms 

 

 Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Precision 

(%) 

F1 score 

(%) 

VGG-16 model 95.3 95.1 98.7 96.8 95.9 

Support Vector Machines 97.8 98.7 99.1 97.9 98.3 
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Table 4 (cont). Performance metrics obtained with VGG-16 network and machine learning algorithms 

Logistic Regression 98.2 99.0 98.9 98.2 98.5 

Random Forest 97.8 98.3 98.8 98.3 98.3 

Decision Tree 94.0 93.9 96.9 93.8 93.8 

 

 
 

Figure 3. Confusion matrix obtained with Logistic Regression algorithm with test data (apo: Osgood_Schlatter 

disease, arthrit : osteoarthritis, condro: condromatozis) 

 

There are some studies conducted to classify knee osteoarthritis using CNN methods. To the best of 

our knowledge, this is the first study to classify radiographically identifiable Osgood-Schalatter, os 

fabella, knee chondromatosis, knee osteoarthritis radiographs and normal knee radiographs. First, 

transfer learning was performed with pre-trained VGG-16 network to classify knee X-rays. With the 

pre-trained VGG-16 model, 95.3% accuracy, 95.1% sensitivity, 98.7% specificity, 96.8% precision, 

and 95.9% F1 score results were obtained. Then, feature extraction was performed from the 

intermediate layer of the VGG-16 network. These extracted features were classified with random 

forest, support vector machines, logistic regression and decision tree machine learning algorithms. 

With the logistic regression algorithm, 98.2% accuracy, 99.0% sensitivity, 98.9% specificity, 98.2% 

precision and 98.5% F1 score results were obtained. 

Convolutional Neural Networks (CNNs) are highly effective for both feature extraction and 

classification tasks. In a CNN, feature extraction is performed by the convolutional layers, while 

classification is handled by the fully connected layers.There are two common approaches to using 

CNNs: 1. End-to-end training, where the CNN learns to extract features and classify them in a single 

process. 2. Using pre-trained CNNs for feature extraction. In this method, a CNN that has already been 

trained on a large dataset is used to extract features from new data. These features are then passed to 

traditional machine learning algorithms (like SVM, Random Forest, etc.) for classification. 

The second approach can significantly reduce training time, minimize computation, and require fewer 

computational resources, while still achieving strong performance. For instance, there are some studies 

conducted for the diagnosis of COVID-19 from chest X-rays. In these studies, feature extraction was 

first done with deep learning methods, and these extracted features were classified with support vector 
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machines or XGBoost machine learning algorithm [34, 35]. In this study, feature extraction was 

performed with the VGG-16 network from knee X-rays. These extracted features were classified with 

machine learning algorithms.  Successful results were obtained with logistic regression, support vector 

machines and random forest classifiers. 

In this study, where feature extraction was performed using deep learning algorithms and the dataset 

exhibited class imbalance, the logistic regression algorithm outperformed SVM, random forest, and 

decision tree classifiers. This may be attributed to the nature of deep learning-extracted features, which 

often produce linearly separable representations that are well-suited for linear models. Previous studies 

have shown that logistic regression can perform competitively when such features are informative and 

of reduced dimensionality. Additionally, the relatively small sample sizes in some classes may have 

adversely affected tree-based methods and SVMs, which are more sensitive to class imbalance and 

sparse distributions without appropriate tuning or resampling [36-38]. 

All models in this study demonstrated strong performance despite the presence of class imbalance. 

Logistic regression achieved the highest sensitivity (99.0%) and F1-score (98.5%), highlighting its 

effectiveness when combined with deep learning-based feature extraction. VGG-16 also performed 

well with 95.3% accuracy, while SVM and Random Forest yielded similarly high results across 

multiple evaluation metrics. Considering the confusion matrices and key performance metrics such as 

sensitivity, specificity, precision, and especially F1-score, the overall performance of the developed 

models was found to be satisfactory. These findings suggest that both traditional machine learning 

algorithms and deep learning-based methods can achieve effective classification performance on 

imbalanced medical imaging datasets when supported by informative feature representations. 

One of the limitations of this study is that all radiographic images were obtained from a single center 

(Ankara Bilkent City Hospital), which may introduce potential dataset bias and limit the 

generalizability of the results. Although the dataset size is methodologically reasonable, relying on a 

single source may lead the model to learn center-specific features related to imaging protocols, 

equipment, or population characteristics. To improve external validity, future studies should 

incorporate data from multiple centers and machines, allowing for better assessment of the model's 

robustness across diverse imaging conditions and patient populations. Additionally, external validation 

on independent datasets would further strengthen confidence in the model’s generalizability. 

Patients who apply to general practitioners with complaints such as pain, limitation of movement and 

swelling in the knees can be diagnosed correctly with physical examination and simple radiological 

imaging methods. The method we propose may be particularly helpful to physicians who do not have 

sufficient experience to evaluate plain knee radiographs. Thus, there is no need for advanced imaging 

methods. The patient is treated with methods such as weight loss, exercise, and lifestyle changes, and 

the patient is referred to the appropriate specialist when necessary. 

 

 

IV. CONCLUSION 
 

Successful results were obtained in this first deep learning and machine learning study for the 

classification of Osgood-Schalatter, os fabella, knee chondromatosis, knee osteoarthritis and normal 

knee X-rays, which can be diagnosed radiographically. The performance of deep learning models can 

be improved with machine learning algorithms. If this model is developed through multicenter studies 

and more X-rays, it may assist clinicians in their daily work, especially physicians who do not have 

sufficient experience to evaluate plain knee X-rays. Thus, an accurate diagnosis can be made in most 

patients without the need for advanced imaging methods such as CT or MRI. 
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