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Abstract 
The diagnosis of Knee Osteoarthritis (KOA) using radiography is faced with issues such as different imaging conditions, unbalance in 
classes, low inter-center cooperation, and privacy of patients. The research presents a Distributed Attention-Based Deep Learning 
System that enables KOA severity classification while preserving privacy across medical facilities. In the system, image preprocessing 
and DenseNet121-based extraction of features are combined with the method of attention, as well as Federated Averaging (FedAvg) 
and Kellgren-Lawrence (KL) classification. The preprocessing of images implies activities such as resizing (224 x 224), intensivity 
normalization, contrast enhancement, noise reduction, region of interest extraction, augmentation, and client-based systematization 
is applied. The system development is based on 9,547 x-ray images, including: 5,610 images used for training, 810 images for 
validation, 1,630 images for internal testing, and 1,497 images for external testing. The obtained images have 3,740 grade 0 images 
(39.17%) and 287 grade 4 images (3.01%), which shows the significant difference across classes. The knowledge gained in federated 
training comes from model parameters update, as the original x-rays remain in the owners’ location. 
 
Keywords: Knee Osteoarthritis (KOA), Federated Learning, Deep Learning; DenseNet121, Attention Mechanism, Privacy-Preserving 
Healthcare. 

1. Introduction 

Knee Osteoarthritis (KOA) is one of the most common chronic musculoskeletal conditions and a major 
cause of pain, disability and impaired quality of life in the elderly population worldwide [1]. The disease is 
essentially a progressive degeneration of articular cartilage, subchondral bone remodelling, formation of 
osteophytes and synovial inflammation that leads to loss of mobility and joint stiffness [2]. The burden of 
KOA is continually growing worldwide as obesity, sedentary lifestyle and a growing elderly population 
becomes more common. The early diagnosis and early intervention are crucial to control the progression 
of the disease and optimize treatment strategies to enhance long-term clinical outcomes [3]. Radiographic 
imaging, especially X-ray examination, is still the main diagnostic tool as it is accessible, is a low cost imaging 
technique, and it shows the structural abnormalities, which are associated with osteoarthritis [4]. Figure 1 
compares the X-rays of a normal knee to an osteoarthritic knee and shows joint space narrowing and 
development of osteophytes. 
 
Figure 1. Comparison of normal and osteoarthritic knee radiographs highlighting key pathological 
features[5]. 
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The automated interpretation of medical images is significantly improved with recent progress in Artificial 
Intelligence (AI), particularly Deep Learning (DL) [6]. DL models like Convolutional Neural Networks 
(CNNs) and attention-based models have shown impressive ability in detecting fine-grained radiographic 
features linked to KOA, which allows for precise diagnosis and disease severity estimation. In addition, 
attention mechanisms enhance the diagnostic accuracy by selectively attending to clinically relevant areas 
of the knee joint, such as cartilage space narrowing, osteophytes, and subchondral sclerosis [8]. Although 
these developments are promising, the vast majority of current DL models are still centralized, meaning 
patient images must be sent to a shared server for model development by medical institutions. These 
centralized strategies raise significant privacy, regulatory, ownership, and cybersecurity concerns [9]. 
Medical imaging data is highly sensitive and is subject to strict privacy regulations like the General Data 
Protection Regulation (GDPR) and Health Insurance Portability and Accountability Act (HIPAA) [10]. 
Patient data is not readily shared across institutional boundaries, especially by hospitals or healthcare 
organizations, which are often legally prohibited or unwilling. Therefore, DL models learned from a single 
data set often have restricted generality because of data scarcity. In addition, there are significant 
differences in the scans obtained from various medical centres due to differences in imaging devices, 
imaging protocols, patient population, and annotations [11]. The differences result in domain shifts that 
diminish the robustness and reliability of the conventional diagnostic models used in a real-world multi-
center healthcare environment [12]. 
 
In healthcare, Federated Learning (FL) is a novel paradigm that allows multiple healthcare institutions to 
collaborate on training a global model without sharing patient data directly [13]. The participating centers 
locally update the model parameters and upload only the aggregated or encrypted weights to an 
aggregation server [14]. This distributed learning approach keeps patient information confidential while 
also taking advantage of the expertise spread across widely-separated data sets. One of the key advantages 
of federated learning is its ability to overcome the regulatory hurdles and boost model generalization by 
utilizing a wide range of clinical data from various institutions. But traditional federated learning systems 
still suffer from performance degradation due to data distribution heterogeneity, communication 
inefficiency, and inconsistent feature representation among these different centers [15,16]. 
To address these challenges, incorporating attention mechanisms into federated DL systems is a potential 
approach. The attention-related architectures improve feature extraction by focusing on diagnostic 
anatomical parts and ignore irrelevant background information. In federated learning, attention modules 
can be used to adapt the global model to learn more discriminative and transferable representations of data 
even in the presence of imaging differences across institutions [17]. These frameworks can enhance the 
accuracy, robustness and adaptability of diagnosis, while preserving privacy throughout the collaborative 
learning process. Furthermore, in multi center medical imaging applications, where data is typically non 
independent and identically distributed (non-IID), advanced aggregation methods can help reduce the 
impact of non-IID data [18]. 
 
In this study, a Federated Attention-Based DL Framework for Privacy-Preserving Multi-Center KOA 
Diagnosis from Heterogeneous Radiographic Images is proposed. The proposed framework involves the 
use of privacy-preserving federated learning and attention mechanism-based deep neural networks for 
collaborative KOA diagnosis while avoiding the sharing of protected patient information. The framework is 
designed to learn from diverse radiographic datasets across different healthcare centers, enhancing 
diagnostic accuracy, robustness and generalization, while respecting medical data privacy laws and 
regulations. The proposed approach will help to develop secure, scalable and clinically deployable AI 
systems that can aid to reliable diagnosis of KOD in distributed healthcare settings. Here are the research 
objectives as shown below: 
• To develop a Federated Attention-Based DL Framework for privacy-preserving multi-center KOA 

diagnosis using heterogeneous radiographic images.  
• To preprocess heterogeneous knee radiographs for improving image quality, reducing domain 

variability, and enhancing feature consistency across distributed healthcare institutions.  
• To extract discriminative radiographic features using DenseNet121 integrated with an attention 

mechanism for accurate KOA severity classification.  
• To implement a federated learning strategy for collaborative model training and global model 

aggregation without sharing sensitive patient data.  
• To evaluate the proposed framework using standard performance metrics for reliable and robust 

Kellgren–Lawrence (KL) grade classification across heterogeneous clinical datasets. 
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2. Review of Literature 

In recent years, DL, attention mechanism, transfer learning and hybrid architectures have been investigated 
in detail to enhance the automated diagnosis and severity grading of KOA from radiographic images. An 
attention-assisted convolutional autoencoder combined with machine learning classifiers and 
dimensionality reduction methods was proposed by Wang et al. (2025) [19] that used attention 
mechanisms to greatly improve the feature representation, yielding an AUC of 96.5% and an F1-score of 
93.5%. Zhang et al. (2025) [20] proposed a novel large separable kernel attention-based multidimensional 
MRI classification framework that seamlessly combined shallow and deep features and achieved 99.7% 
classification accuracy. Pugazharasi et al. (2026) [21] proposed a model named Radiomic Feature Fusion 
and Joint Space Segmentation (RFF-JSS), which integrated the U-Net segmentation model, PCA assisted 
radiomic fusion with Random Forest classification, and achieved an accuracy of 94.87% and a ROC-AUC 
value of 0.972. Likewise, Pi et al. (2023) [22] proposed an ensemble model that combined multiple image 
resolutions and Grad-CAM visualization, with a success rate of 76.93% in predicting KL grade. Yasin et al. 
(2025) [23] presented a system based on YOLOv11 for the detection of both soft-tissue and osteoarthritis 
abnormalities directly from X-ray images, whereas Sudha et al. (2026) [24] concluded that the Swin-O-NETS 
architecture with Modified Swin Transformer and Fast Extreme Learning Network yielded the highest 
accuracy of 99.4%. Additionally, Tiwari et al. (2022) [25] tested 8 transfer learning models and found that 
DenseNet achieved the highest classification accuracy of 93% while Nguyen et al. (2026) [26] fused DL and 
a Large Language Model (LLM) to automatically produce structured clinical reports, along with KOA 
grading. Furthermore, Ahmad et al. (2026) [27] introduced a multimodal framework called RAD-
OAEnsemble which combined radiographs and EHRs through graph fusion and attention modules, resulting 
in an overall accuracy of 99.275%, underscoring the significance of multimodal learning and Explainable 
Artificial Intelligence (XAI) in the diagnosis of musculoskeletal diseases. Table 1 is a summary of the recent 
studies related to DL-based KOA diagnosis, detailing the methodology, datasets, performance, and research 
limitations. 
 
Table 1: Summary of Recent Literature on KOA Diagnosis 

Author(s) Proposed 
Method 

Dataset Key Findings Limitation 

Wang et al. 
(2025) 

Attention-assisted 
Convolutional 
Autoencoder with 
PCA/RFE and 
ensemble 
classifiers 

5,987 knee X-
ray images 

Achieved AUC of 
96.5% and F1-score 
of 93.5%, 
demonstrating 
improved feature 
representation and 
interpretability. 

Centralized learning; 
no privacy 
preservation or 
multi-center 
collaboration. 

Rifat et al. 
(2023) 

Federated 
Learning using 
DenseNet-169, 
Inception-v2, and 
MobileNet-v2 

Distributed 
KOA datasets 

DenseNet-169 
achieved 82% 
accuracy and 81% F1-
score while 
preserving patient 
privacy through 
federated learning. 

Limited number of 
clients and moderate 
classification 
performance. 

Zhang et al. 
(2025) 

Large Separable 
Kernel Attention 
with Cross-Level 
Feature Fusion 

Hospital-
based MRI 
dataset 

Achieved 99.7% 
accuracy, 
demonstrating highly 
effective hierarchical 
feature learning. 

Relies on MRI 
imaging instead of 
widely available 
radiographs. 

Pugazharasi 
et al. (2026) 

Radiomic Feature 
Fusion and Joint 
Space 
Segmentation 
(RFF-JSS) 

OAI and MOST 
datasets 

Achieved 94.87% 
accuracy and 0.972 
ROC-AUC using 
radiomics and 
anatomical 
segmentation. 

Computationally 
intensive and lacks 
distributed learning 
capability. 

Pi et al. 
(2023) 

Multi-resolution 
Ensemble DL with 
Grad-CAM 

OAI dataset Improved KL grading 
with 76.93% 
accuracy and 

Lower classification 
accuracy compared 
with recent hybrid 
models. 
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enhanced model 
explainability. 

Yasin et al. 
(2025) 

YOLOv11 with 
Multiple CNN 
Models and 
Explainable AI 

4,215 knee X-
rays from two 
medical 
centers 

Automated knee 
localization and 
multi-label 
classification with 
90.1% mAP. 

Focused mainly on 
soft-tissue 
abnormalities rather 
than privacy-
preserving 
collaboration. 

Alkhatatbeh 
et al. (2026) 

Multi-task 
ConvNeXt 
Framework 

OAI dataset Simultaneously 
predicted MRI-
defined pathology 
and KL grades with 
QWK = 0.8284. 

Performance 
decreases for early-
stage pathology and 
centralized model 
training. 

Sidha et al. 
(2026) 

Swin-O-NETS 
(Modified Swin 
Transformer + 
FELN) 

OAI dataset Achieved 99.4% 
accuracy with 
reduced 
computational 
complexity. 

Does not address 
patient privacy or 
heterogeneous 
institutional data. 

Prezja et al. 
(2022) 

GAN-based 
Synthetic Knee X-
ray Generation 

5,556 real and 
320,000 
synthetic 
images 

Synthetic images 
significantly 
improved KOA 
classification under 
limited training data. 

Focuses on data 
augmentation rather 
than diagnosis 
across multiple 
centers. 

Tiwari et al. 
(2022) 

Comparative 
Transfer Learning 
Models 

2,068 clinical 
radiographs 

DenseNet achieved 
the highest accuracy 
(93%) among eight 
transfer learning 
models. 

Limited dataset and 
absence of 
explainability or 
federated learning. 

Nguyen et 
al. (2026) 

Hybrid DL + LLM Vietnam 
Osteoporosis 
Study 

Achieved 79.1% KL 
grading accuracy 
while automatically 
generating structured 
clinical reports. 

Moderate grading 
accuracy and 
centralized 
architecture. 

Ahmad et 
al. (2026) 

RAD-OAEnsemble 
(Radiographs + 
EHR Fusion with 
Attention) 

Multimodal 
KOA dataset 

Achieved 99.275% 
accuracy through 
multimodal feature 
fusion and 
explainable AI. 

Requires multimodal 
clinical data, limiting 
applicability in 
routine screening. 

 
Additionally, privacy-preserving learning, multi-center collaboration, synthetic data generation, and strong 
clinical generalization are key research areas to be explored. Rifat et al. (2023) [28] proposed a federated 
learning framework based on Deep neural networks (DenseNet-169, Inception-v2, and MobileNet-v2) on 
distributed clients showing that federated learning can achieve 81% F1 score and 82% accuracy for 
diagnostics tasks, which is comparable to central learning, without compromising patient privacy. 
Alkhatatbeh et al. (2026) [29] presented a multi-task ConvNeXt network that was capable of predicting 
MRI-defined structural abnormalities and the KL grade in radiographs, achieving excellent generalization 
within early-stage osteoarthritis. Prezja et al. (2022) [30] explored the Generative Adversarial Networks 
(GANs) to create realistic knee radiographs, producing more than 320,000 synthetic radiographs that 
improved classification accuracy in small training sets. 
Rawat et al. (2026) [31] reviewed 18 studies on AI-based KOA grading and reported accuracy in the range 
of 75–98%, AUC up to 0.98, and Cohen’s κ of 0.67–0.86. The study highlighted the issues of labelling 
subjectivity, class imbalance, and limited external validation. Sundaramurthy et al. (2026) [32] investigated 
Quantum Convolutional Neural Networks (QCNNs) and demonstrated improved robustness, 
computational efficiency, and KOA severity classification compared to traditional CNNs. Alkhatatbeh et al. 
(2026) [33] proposed KL-FuseNet, 70.3% internal accuracy, QWK 0.881. Selective fine-tuning improved 
external accuracy to 80.0%, QWK 0.950, and AUC 0.984. Owida et al. (2026) [34] 99.50% accuracy using 
ANN-SGD. Abd Al Nabi et al . (2025) [35] used fusion models with 70% and 90.61% accuracy. EfficientNet-
B0 with ECA has shown better early-stage OA detection as per Abdusalomov et al. (2025) [36]. 
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 All of these studies have shown that there has been substantial advancement in the field of attention-guided 
learning, transformer architecture, multimodal fusion, federated learning, and explainable AI in the field of 
KOA diagnosis. However, most current methods require centralised training, rely on data from a single 
institution or fails to adequately account for the heterogeneity of multi-center radiographic variability and 
strict patient privacy requirements. These limitations prompt the creation of a Federated Attention-Based 
DL Framework that can learn together from multiple distributed heterogeneous radiography datasets while 
respecting patient privacy and enhancing the diagnostic performance in multiple healthcare units. 
 

3. Research Methodology 

Figure 2 illustrates the complete research methodology of the proposed Federated Attention-Based Deep 
Learning Framework, including multi-center dataset collection, image preprocessing, local feature learning 
using DenseNet121 and attention mechanism, federated model aggregation, global model distribution, KOA 
severity classification, and performance evaluation while preserving patient privacy. 
 
Figure 2: Proposed Methodology 

 
 
3.1Dataset Description 
In this study, the OAI dataset and the Mendeley Knee Osteoarthritis Dataset were used to train, validate, and 
evaluate the proposed framework. 
 
3.1.1 Osteoarthritis Initiative (OAI) Dataset 
The dataset of the Osteoarthritis Initiative (OAI) [37] is a large-scale and publicly available dataset that is 
widely used for KOA research and computer-aided diagnosis. It consists of thousands of standard knee X-
rays from people with different severities of OA and healthy individuals. Each image is labelled using the 
Kellgren-Lawrence (KL) grading system which allows the disease severity of the image to be accurately 
rated from KL Grade 0 to KL Grade 4. Radiographic images are not the only valuable information provided 
in the dataset; it also contains useful clinical data, including age, gender, Body Mass Index (BMI), and disease 
progression. It is a diverse and high-quality imaging dataset, making it an ideal benchmark for DL models 
and federated learning models for automated KOA diagnosis. 
 
3.1.2 Mendeley Knee Osteoarthritis Dataset 
The Knee Osteoarthritis Dataset [38] with Severity Grading is a public radiographic dataset for automated 
diagnosis and severity grading of KOA. The dataset consists of anterior-posterior knee X-ray images with 
the severity of the disease annotated by KL grading system, which assigns 5 classes to the severity of the 
disease: Grade 0 (Healthy), Grade 1 (Doubtful), Grade 2 (Minimal), Grade 3 (Moderate), and Grade 4 
(Severe). The images feature a range of grades of joint space narrowing, osteophyte formation, and 
subchondral sclerosis, for a thorough assessment of the DL models. The dataset is well annotated and 
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uniformly graded and hence can be used for external validation, testing the generalization capability of the 
proposed federated framework under diverse clinical imaging conditions and heterogeneous radiographic 
images. 
 
Table 2: Class-wise Distribution of KOA Radiographic Images Used for Federated Learning 

KL Grade Clinical Severity Training Validation Internal Test External Test 
0 Healthy 2200 320 630 590 
1 Doubtful 1020 150 290 270 
2 Minimal 1480 210 440 400 
3 Moderate 740 105 220 195 
4 Severe 170 25 50 42 
Total — 5610 810 1630 1497 

 
3.2Image Preprocessing 
The proposed Federated Attention-Based DL Framework requires image preprocessing to enhance the 
quality and uniformity of the heterogeneous knee radiographic images prior to feature extraction and 
federated model training. X-ray images are captured at many health facilities, on different imaging 
equipment and with different acquisition techniques, making it impossible to avoid differences in the 
resolution, brightness, contrast, noise and orientation of the images. To enhance the robustness, 
convergence and generalization capability of the proposed federated learning framework, thus, a 
comprehensive preprocessing pipeline is employed to standardize image characteristics while preserving 
clinically important anatomical structures. 
 
3.2.1 Image Resizing and Intensity Normalization 
The spatial resolution and image size of radiographs taken in different medical centres differ. All images are 
scaled to the same input size as the model requires for training, which for DenseNet121 is 224 × 224 pixels. 
Resizing makes spatial representation consistent across the different data types and simplifies the 
computing. Following this, pixel intensities are normalized to the range [0,1] to reduce the variation in 
intensities arising from different X-ray acquisition systems and accelerate network convergence. 
The normalization process is expressed as: 

𝐼𝑛𝑜𝑟𝑚 =
𝐼−𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥−𝐼𝑚𝑖𝑛
      (1) 

where: 
𝐼denotes the original pixel intensity,  
𝐼𝑚𝑖𝑛represents the minimum pixel value,  
𝐼𝑚𝑎𝑥represents the maximum pixel value,  
𝐼𝑛𝑜𝑟𝑚is the normalized pixel intensity.  
 
3.2.2 Contrast Enhancement and Noise Reduction 
Medical radiographs are frequently poorly illuminated and contrasted, and have imaging noise that can 
conceal clinically relevant features including joint-space narrowing and osteophytes. Contrast 
enhancement is used prior to feature extraction to enhance the anatomical visibility. Histogram 
Equalization (HE) or Contrast Limited Adaptive Histogram Equalization (CLAHE) improves the contrast of 
the local image without over emphasizing the noise. Furthermore, Gaussian filtering is used to remove high 
frequency noise and retain edges. 
The Gaussian filter is defined as: 

𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2
𝑒𝑥𝑝 (−

𝑥2+𝑦2

2𝜎2
)    (2) 

where: 
𝜎denotes the standard deviation controlling the smoothing effect.  
This operation improves image clarity and facilitates more reliable extraction of disease-related features. 
 
3.2.3 Region of Interest (ROI) Extraction 
Only the knee joint area is chosen for analysis, leaving out the entire radiograph. ROI extraction helps 
remove irrelevant anatomical background, lower the computational cost, and allow the DL model to pay 
attention only to the disease-related structures including cartilage boundaries, osteophytes and 
tibiofemoral joint space. 
The extracted ROI is represented as 

𝑅𝑂𝐼 = 𝐼(𝑥1
, : 𝑥2  𝑦1: 𝑦2)     (3) 
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where: 
𝑥1, 𝑥2represent horizontal image boundaries,  
𝑦1, 𝑦2denote vertical boundaries of the knee joint.  
This process increases feature discrimination while reducing redundant information. 
 
3.2.4 Data Augmentation 
Data augmentation methods are used during local training on each federated client to increase model 
generalization and reduce overfitting due to small class sizes. These are random rotations, horizontal 
flipping, scaling, translation, zooming and brightness adjustments. Data augmentation introduces different 
imaging variations to the model without compromising the diagnostic features of KOA. 
Mathematically, image transformation is expressed as 

𝐼′ = 𝑇(𝐼)       (4) 
where: 
𝐼is the original image,  
𝑇(⋅)denotes the augmentation transformation,  
𝐼′represents the augmented image.  
The image-augmented samples are more robust to imaging variability between different healthcare 
institutions. 
 
3.2.5 Intensity Standardization Across Federated Clients 
The proposed framework is based on radiograms from several hospitals, and the intensity distributions are 
much different because of variations in imaging devices, exposure parameters, and acquisition protocols. 
In order to reduce discrepancies between different clients' domains, Z-score standardization is conducted 
separately at each of the medical centers involved in federated training. 
The standardized intensity is computed as 

𝑍 =
𝐼−𝜇

𝜎
       (5) 

where: 
𝜇denotes the mean pixel intensity, and 𝜎denotes the standard deviation.  
This normalization reduces domain shift among distributed datasets and improves the stability of federated 
optimization. 
 
3.2.6 Image Quality Verification 
All preprocessed images are checked for quality before they can be used for local model training, discarding 
corrupted, blurred, duplicated and incomplete radiographs. Images with quality metrics that do not meet 
the set thresholds are ignored, meaning that only images with diagnostic value are used in the federated 
learning process. This helps to improve robustness of the model as it improves the ability to prepare the 
global parameters without being affected by noisy or low-quality data. 
 
3.3 Local Feature Learning 
Local feature learning is an important phase in the proposed Federated Attention-Based DL Framework, 
during which each participating healthcare institution is allowed to train discriminative representations 
from its locally stored knee X-rays images. To protect patient privacy, each federated client trains the model 
with their own patient information, while aligning the model with their local patient population to learn 
disease-specific features linked to KOA. The proposed framework uses the DenseNet121 as the backbone 
network to extract hierarchical features and an attention mechanism to highlight clinically relevant regions 
and suppress irrelevant background details. These locally learnt feature representations are then optimised 
for the model and sent to a federated server for global aggregation. The detailed working principle and 
architecture of DenseNet121 and the attention mechanism are explained in following subsections. 
 
3.3.1 DenseNet121 
DenseNet121 is a popular CNN design with dense connections and efficient feature propagation[39]. The 
layers are different from conventional CNNs, where each layer only has its own data. The difference is that 
each layer has data from all previous layers, allowing for the reuse of features and better flow of information 
across the network[40]. This architecture alleviates vanishing gradient problem, drastically reduces the 
number of redundant features learnt and needs fewer trainable parameters to achieve high classification 
accuracy[41]. DenseNet121 is used as the backbone feature extractor in the proposed Federated Attention 
Based DL Framework to learn discriminative representations from preprocessed knee x-ray images. The 
features extracted are clinically relevant including joint space narrowing, osteophyte formation, and 
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subchondral bone abnormalities, and are used to generate informative feature maps for the next attention 
mechanism and classification of the severity of KOA. 
The output of the 𝑙𝑡ℎdense layer is represented as 

𝑥𝑙 = 𝐻𝑙([𝑥0
, 𝑥1

, 𝑥2
, … , 𝑥𝑙−1])     (6) 

where 𝑥𝑙denotes the output feature map of the 𝑙𝑡ℎlayer, 𝐻𝑙(⋅)represents the composite operation consisting 
of Batch Normalization (BN), ReLU activation, and convolution, while [𝑥0

, 𝑥1
, … , 𝑥𝑙−1]indicates the 

concatenation of feature maps generated by all preceding layers. 
The convolution operation used for feature extraction is expressed as 

𝐹(𝑥, 𝑦) = 𝐼(𝑥, 𝑦) ∗ 𝐾(𝑥, 𝑦)     (7) 
where 𝐼(𝑥, 𝑦)denotes the input knee radiograph, 𝐾(𝑥, 𝑦)represents the convolution kernel, and 𝐹(𝑥, 𝑦)is 
the extracted feature map used for subsequent attention-guided classification. Figure 3 illustrates the 
DenseNet121 architecture comprising dense blocks, transition layers, pooling, and fully connected 
classification layers. 
 
Figure 3: Dense Net121 Architecture[42]. 

 
 
3.3.2 Attention Mechanism 
The attention mechanism is embedded in the proposed framework to improve the model's ability to 
selectively attend to clinically relevant regions of knee radiographs and ignore irrelevant background 
information. DenseNet121 extracts rich hierarchical features but not all the extracted features are equal for 
the diagnosis of KOA. The attention module puts more weight on the structures of the body that are related 
to the disease, like joint space narrowing, osteophytes, cartilage damage, and changes in the subchondral 
bone. The model focuses on these informative areas, gaining more discriminative feature representations 
and subsequently enhancing the classification accuracy and robustness in heterogeneous radiographic 
images obtained from various healthcare institutions. It is especially useful in federated learning settings 
with imaging characteristics varying between medical centers, allowing a model to accurately detect salient 
pathological features across all medical centers. 
The attention weights are computed as 

𝛼 =
𝑒𝑥𝑝(𝑠𝑖)

∑ 𝑒𝑥𝑝𝑁
𝑗=1 (𝑠𝑗)

      (8) 

where 𝛼denotes the normalized attention weight, 𝑠𝑖represents the attention score of the 𝑖
𝑡ℎfeature, and 𝑁is 

the total number of extracted features. 
The refined feature representation is obtained by applying the learned attention weights to the extracted 
feature maps: 

𝐹𝑎𝑡𝑡 = 𝛼⊙𝐹       (9) 
where 𝐹denotes the feature map extracted by DenseNet121, 𝛼represents the attention weight matrix, ⊙ 
indicates element-wise multiplication, and 𝐹𝑎𝑡𝑡is the attention-refined feature map. The attention-refined 
features are subsequently forwarded to the federated learning framework for collaborative model 
optimization and KOA severity classification. 
 
3.4 Federated Model Aggregation 
Federated model aggregation is one of the proposed Federated Attention-Based DL Framework, which 
allows multiple healthcare institutions to jointly train a global KOA diagnosis model without sharing 
sensitive patient information. Once local feature learning and model optimization has been performed, each 
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hospital only sends the modified model parameters to the central federated server, with the original knee 
radiographs being safely stored locally at each hospital. This approach to learning is decentralized, which 
helps to maintain patient privacy, adhere to healthcare data protection laws, and facilitates knowledge 
sharing among distributed healthcare centers. A common global model is initialized on the federated server 
and then sent to all participating clients before the first communication round can begin in order to initiate 
the collaborative learning process. 
The initial global model is represented as 

𝑤0 =
1

𝐾
∑ 𝑤𝑘

0𝐾

𝑘=1
                (10) 

where 𝑤0denotes the initial global model, 𝑤𝑘
0represents the initial model at the 𝑘𝑡ℎparticipating client, and 

𝐾is the total number of healthcare institutions involved in federated training. 
In local training, the parameters of the model are updated by each client using gradient descent to minimize 
its local loss function. The local model update is shown as: 

𝑤𝑘
(𝑡+1) = 𝑤𝑡 − 𝜂𝛻𝐿𝑘(𝑤

𝑡)               (11) 

where 𝑤𝑡denotes the global model parameters at communication round 𝑡, 𝑤𝑘
(𝑡+1)represents the updated 

model of the 𝑘𝑡ℎclient, 𝜂is the learning rate, and 𝐿𝑘denotes the local loss function. 
After receiving model updates from all participating hospitals, the federated server performs weighted 
aggregation using the Federated Averaging (FedAvg) algorithm: 

𝑤(𝑡+1) =∑
𝑛𝑘

𝑁

𝐾

𝑘=1
𝑤𝑘
(𝑡+1)               (12) 

where 𝐾is the total number of participating clients, 𝑛𝑘represents the number of training samples at the 

𝑘𝑡ℎclient, 𝑁 = ∑ 𝑛𝑘
𝐾
𝑘=1 is the total number of training samples across all clients, and 𝑤(𝑡+1)is the updated 

global model. 
The overall optimization objective of federated learning is defined as 

𝐿(𝑤) =∑
𝑛𝑘

𝑁

𝐾

𝑘=1
𝐿𝑘(𝑤)               (13) 

where 𝐿(𝑤)represents the global loss obtained by combining the weighted local losses of all participating 
clients. The next time the aggregated global model is then redistributed to each healthcare institution for 
the next round of communications, and the iterative training is repeated until the models converge. The 
proposed federated framework not only mitigates the data privacy concerns of patients but also reduces 
the communication burden and enhances the generalization ability of the global model over heterogeneous 
knee radiographic datasets across multiple healthcare providers. Figure 4 shows collaborative federated 
model aggregation through local training, parameter sharing, global aggregation, and model redistribution. 
 
Figure 4: Federated Model Aggregation Process 
 

 
 
3.5 Global Model Distribution 
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Federated model aggregation results in the distribution of the updated global model to all healthcare 
institutions in a secure way for the next communication round. After producing the new global model, each 
client takes the new global model and keeps training with its own local knee radiograph dataset. This 
repeats and synchronizes the use of each institution's collective knowledge to each other without providing 
access to raw patient information. Therefore, the global model gradually enhances its generalization ability 
on various medical data sets, while maintaining patient privacy and data confidentiality. The distribution 
process is repeated until the model reaches convergence and the diagnostic power of the classification of 
KOA becomes stable. 
The global model distribution to each client is represented as 

𝑤𝑘
(𝑡+1) ← 𝑤(𝑡+1),  𝑘 = 1,2, … , 𝐾              (14) 

where 𝑤(𝑡+1)denotes the aggregated global model, 𝑤𝑘
(𝑡+1)represents the updated model distributed to the 

𝑘𝑡ℎclient, and 𝐾is the total number of participating healthcare institutions. 
The convergence criterion is expressed as 

∥ 𝑤(𝑡+1) − 𝑤(𝑡) ∥< 𝜀                (15) 

where 𝑤(𝑡)and 𝑤(𝑡+1)denote the global model parameters of two consecutive communication rounds, and 
𝜀represents the predefined convergence threshold. In this case, the federated training is stopped and the 
final global model is used for the classification of severity of KOA. The synchronized global model allows all 
healthcare institutions involved to take training from the same parameters from the model, thereby 
guaranteeing consistency across communication rounds. 
 
3.6 KOA Severity Classification 
The global model is used after global convergence to classify knee radiographic image as KL grade (from 0 
to 4), which indicates the severity of KOA. DenseNet121 is used to extract the attention-refined features 
from images and these features are further passed through a fully connected network layer, and then a 
Softmax classifier to estimate the probability of different severity classes of KOA. The class with the most 
confidence is chosen as the final prediction based on these probabilities. This classification task helps to 
reliably and precisely identify the severity of the disease without compromising diagnostic accuracy for 
heterogeneous radiograph sets from various healthcare institutions. 
The Softmax function is defined as 

𝑃(𝑦 = 𝑖) =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗

𝐶

𝑗=1

                (16) 

where 𝑃(𝑦 = 𝑖)denotes the probability of class 𝑖, 𝑧𝑖is the output score of class 𝑖, and 𝐶represents the total 
number of KOA severity classes. 
The final predicted class is determined using the ArgMax function: 

𝑦̂ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑖

𝑃(𝑦 = 𝑖)               (17) 

where 𝑦̂denotes the predicted KOA severity class corresponding to the highest probability generated by the 
Softmax classifier. 
The classification loss is computed using the Cross-Entropy loss function: 

𝐿 = −∑ 𝑦𝑖
𝐶
𝑖=1 𝑙𝑜𝑔(𝑦̂𝑖)               (18) 

where 𝑦𝑖is the true class label and 𝑦̂𝑖represents the predicted probability for class 𝑖. The minimisation of 
this loss during the classification of the severity of KOA, ensures and enhances the accuracy of the 
classification and convergence of the proposed Federated Attention-Based DL Framework. 
 
3.7 Performance Evaluation 
The effectiveness of the proposed Federated Attention-Based DL Framework is demonstrated by the 
common classification metrics in diagnosing KOA. Classification accuracy, precision, recall, and F1-score are 
calculated by comparing the predicted results with the ground truth labels. These assessment parameters 
allow an overall evaluation of the diagnostic potential, reliability, and generalization ability of the model on 
heterogeneous knee radiographic datasets. 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
               (19) 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                (20) 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                (21) 

F1-score = 2 ×
Precision×Recall

Precision+Recall
               (22) 

where TP, TN, FP, and FN represent True Positives, True Negatives, False Positives, and False Negatives, 
respectively.A confusion matrix is also used to display the classification accuracy of the proposed model by 
comparing the predicted and actual KOA severity classes. 
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4. Result & Discussion 

The results showed a difference in the number of classes. KL Grade 0 made up 39.17%. Kl Grade 4 only 
3.01%. The framework that was suggested works well for determining how bad the condition is. The 
framework also keeps information safe. This happens when different places, with different systems are 
involved. 
 

4.1 KL Grade-wise Image Distribution 
The figure 5, the frequency of radiographic images of the KOA according to Kellgren–Lawrence (KL) 
grading. This dataset has 9,547 images. The largest class is KL Grade 0 (Healthy) which represents 3,740 
images (39.17%). KL Grade 2 (Minimal) contains 2,530 images (26.50%), followed by KL Grade 1 
(Doubtful) with 1,730 images (18.12%). KL Grade 3 (Moderate) accounts for 1,260 images (13.20%), while 
KL Grade 4 (Severe) has only 287 images (3.01%). This suggests significant imbalances in the classes, 
especially in the case of severe KOA. The imbalanced attitude is crucial for the proposed Federated 
Attention-Based Deep Learning Framework since the proposed model is required to capture meaningful 
features from both the highly represented classes and the minority severity classes.  
 
Figure 5:  KL grade distribution. 

 
In figure 6, the 5,610 training images were distributed over the 5 KL severity grades as illustrated in the 
graph. The highest number of images constitutes Grade0 with 2200 images, around 39.22% of the training 
set. Grade 2 follows with 1,480 images (26.38%), while Grade 1 contains 1,020 images (18.18%). Grade 3 
contributes 740 images (13.19%), and Grade 4 contains only 170 images (3.03%). The results show a 
distinct difference between healthy/minimal cases and severe KOA cases. The class distribution could 
affect both the local optimization and the FedAvg aggregation performed on these training images in the 
participating healthcare institutions, which is why local model learning is performed with these training 
images. Local model learning is performed with these training images, which means that the class 
distribution could impact local optimization and FedAvg aggregation when these are performed in the 
participating healthcare institutions.  
 
Figure 6:  Training class distribution. 
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The following figure 7, displays the number of validation images for each grade level and all KL grades 0–
4. The number of images in Grade 0 is 320 (about 39.51% of the validation set). Grade 2 has 210 images 
(25.93%), while Grade 1 contains 150 images (18.52%). Grade 3 contributes 105 images (12.96%), and 
Grade 4 contains only 25 images (3.09%). The distribution of the data is similar to the training data, with 
the Grid 0 being the largest proportion and the Grid 4 being the smallest. Keeping the same proportion of 
the classes in training and validation sets could be used to check the consistency of the federated model's 
generalization levels. As the model is being developed, the performance of the model could be monitored 
in the process of convergence and identify possible overfitting. With a comparatively low number of images 
in Grade 4, it is important to take into account the results of individual classes, and not just the average 
image score. Precision, recall and F1-score are thus very important for evaluating minority-class 
performance. 
 
Figure 7:  Validation class distribution. 

 
 

4.2 Internal & External Test Images by KL Grade 
This figure 8, shows the number of internal test images in each of the 5 severity classes in KOA. Grade 0 has 
the largest number of images, having 630 samples, which represents ~38.65% of the internal test set. Grade 
2 contains 440 images (26.99%), followed by Grade 1 with 290 images (17.79%). Grade 3 contains 220 
images (13.50%), whereas Grade 4 has only 50 images (3.07%). The internal test distribution is generally 
representative of the classes of the training and test sets. This enables the final global model to be been 
tested for a set of data with distribution comparable to the data used when learning. The DenseNet121-
attention architecture should be able to recognize useful radiological features and could be used to classify 
them according to KL Grades 0–4. Accuracy is an overall measure, while precision, recall and F1 score 
provide more meaningful evidence for performance for specific severity classes, particularly the relatively 
small severe KOA class. 
 
Figure 8: Internal test distribution. 
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The figure 9, shows the distribution of 1497 external test images used for the analysis of the generalization 
capability of the proposed federated framework. The highest number of images, 590 (39.41%), falls under 
grade 0. Grade 2 contains 400 images (26.72%), followed by Grade 1 with 270 images (18.04%). Grade 3 
contains 195 images (13.03%), whereas Grade 4 includes only 42 images (2.81%). The external test data 
set is crucial because it offers an evaluation environment and setting that is different from what was used 
for the training of the local model. This assessment could determine if the federated global model is able to 
accommodate a variety of radiographic properties from various sources. The attention mechanism and 
DenseNet121 backbone are used to highlight structures related to the disease, and federated learning 
allows for knowledge sharing between healthcare organizations without the exchange of the original 
radiograph of patients. 
 
Figure 9: External test distribution. 

 
In the figure 10, the distributions of the internal test images and external test images are plotted as classes. 
There are 1630 images in the internal test set, and 1497 images in the external test set. The total number 
of images included for Grade 0 are 630 internal images, and 590 external images. In Grade 1, there are 290 
images and 270 images and in Grade 2 there are 440 images and 400 images. There are 220 internal images 
and 195 external images in Grade 3, and 50 and 42 images, respectively, in Grade 4. The similar 
distributions serve as an effective means of comparing the performance of the federated global model in 
terms of various test conditions. The external test set is especially significant for the proposed 
methodology, since it evaluates the external generalization to heterogeneous images from radiography.  
 
Figure 10: Internal versus external test distribution. 
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The figure 11, is created by mixing the internal and external test datasets together to reveal the overall 
distribution of the testing data based on KL grade. The grade 0 test images come from 630 internal and 590 
external sample images. A total of 560 images exist for Grade 1 of which 290 are internal images and 270 
are external images. The highest number of diseased images are present in grade 2, where 440 of the 840 
images are internal and 400 of the 840 images are external. Grade 3 has 415 images and Grade 4 has 92 
images. The combined test datasets have a total of 3,127 images. The results demonstrate that Grade 0 is 
still the largest class and that there is very little representation in grade 4. This distribution has impact on 
the final performance of the global federated model, and is important when interpreting the model.  
 
Figure 11: Combined test distribution. 

 
The figure 12, shows the distribution of non-training images in the 5 KL grades from validation, internal 
test and external test images. The 1,540 images in Grade 0 are made up of 320 validation images, 630 
internal test images and 590 external test images. There are 710 images in Grade 1 and 1,050 images in 
Grade 2. Grade 3 has 520 images and Grade 4 has just 117 images. In total, these partitions have 3,937 
images that are not in the training set. The distribution shows that the most common grade is 0 and that 
the rarest grade is 4. This assessment system will facilitate post-convergence independent evaluation of 
the federated model on the global level. Monitoring could be used on the validation set during training, 
classification and generalization testing could be done on an internal and external test set. 
 
Figure 12:  Validation and test distribution. 
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4.3 Dataset Split Distribution 
This figure 13, is used to compare the four major dataset-partitions used in the proposed framework. The 
largest part of the dataset is the training set (5,610 images). There are 810, 1630 and 1497 images in the 
validation set and internal test set and external test sets respectively. The four partitions together contain 
9547 X-ray pictures. The training set comprises about 58.76% of the data, and the other sets are 
respectively the internal test set (17.07%), the external test set (15.68%), and the validation set (8.48%). 
The proportion of the training set is relatively large enough for local Federated Optimization. The validation 
set is used for monitoring the model while the internal test set could be used for data conditions that are 
similar to those under which the model was trained. 
 
 Figure 13:  Dataset split distribution. 

 
 

4.4 Training and Validation Distribution 
The figure 14, depicts a comparison between the images in the train and validate sets for every KL severity 
grade. This training set has a size of 5,610 images; the validation set has a size of 810 images. The largest 
class in both partitions is Grade 0 which contains 2200 training images and 320 validation images. There 
are 1,020 images in the training set and 150 images in the validation set for Grade 1, and 1480 and 210 
images in the training and validation sets for Grade 2, respectively. There are 740 training and 105 
validation images in Grade 3 and 170 training and 25 validation images in Grade 4. By comparing these two 
datasets,It was observed that the values were proportional, facilitating consistent model developmentand 
validation. The relatively low number of Grade 4 children, however, is a potential source of class imbalance. 
The proposed augmentation of the data could help make the training process more diverse for each local; 
and feature extraction using DenseNet121 could provide attention to clinically relevant features. 
 
Figure 14:  Training versus validation distribution. 
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4.5 Complete Class-wise Dataset Comparison 
The figure 15, shows the complete comparison of all images (train, validation, internal test, external test) 
on all KL grades. The Grade 0 has 2200 training, 320 validation, 630 internal test and 590 external test 
images. Grade 1 contains 1,020, 150, 290, and 270 images, respectively. Grade 2 includes 1,480, 210, 440, 
and 400 images, while Grade 3 contains 740, 105, 220, and 195 images. Grade 4 contains the least amount 
of images with 170 training, 25 validation, 50 internal test and 42 external test images. In all partitions, the 
class of Grade 0 dominates while the class of Grade 4 is always the minority class. The consistent 
distribution shows that the experimental data is imbalanced in terms of the distribution of classes. 
Therefore, more than one classification metric should be applied to the proposed framework. Coordinated 
attention-based feature learning, augmentation and federated optimization could aid in improving the 
recognition of severity categories in minority classes of KOA. 
 
Figure 15: Class-wise dataset comparison. 

 
 

4.6 Percentage Distribution of KL Grades 
In the figure 16, the overall KL-grade distribution is expressed in percentage of the 9,547 available 
radiographic images. The largest proportion of the data (39.17%) is made up of Grade 0. Grade 2 represents 
26.50%, followed by Grade 1 at 18.12%. Grade 3 makes up 13.20% and Grade 4 only 3.01%. So, 65.67% of 
the total data are for Grade 0 and Grade 2, and 16.21% for grade 3 and 4. This distribution shows a 
significant difference in the number of cases in the lower and higher KOA severity categories. This 
imbalance may impact on the optimization of a model, and could cause a classifier to overlook other classes 
to favor dominant classes. The augmentation and the preprocessing procedures suggested could add more 
variability to the minority class training data. Furthermore, DenseNet121 feature extraction based on 
attention enables to enhance the representation of disease-specific radiographic patterns. Therefore, along 
with overall accuracy, evaluation using precision, recall and F1-score on a class-wise basis is also necessary. 
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Figure 16: KL grade percentage distribution. 

 
 

Conclusion 

The proposed Federated Attention-Based Deep Learning Framework offers a privacy-preserving method 
of automated multi-center diagnosis of knee osteoarthritis (KOA) from heterogeneous radiographic 
images. The framework combines image preprocessing, DenseNet121 based feature extraction, attention 
mechanism, federated model aggregation and KL-grade severity classification. The study employs 9547 
knee radiographs ranging from KL Grades 0-4, of which 5610 are allocated to training, 810 are allocated to 
validation, 1630 are allocated to internal testing and 1497 are allocated to external testing. The class 
distribution of the dataset is highly skewed, with the Grade 0 class making up 39.17% of the images and 
the Grade 4 class limited to 3.01% of the images. The pre-processing pipeline consists of various steps to 
minimize the radiographic variations between different health care centers, such as resizing, intensity 
normalization, contrast enhancement, noise reduction, ROI extraction, augmentation, and client level 
standardization. There are improvements of the clinically relevant features on DenseNet121 and attention 
based feature learning, such as joint-space narrowing, and osteophytes. Collaborative model training in 
federated learning allows for avoiding sharing of raw patient radiographs, preserving data privacy and 
confidentiality. Incorporation of in-house and outside testing offers a foundation for evaluating 
generalization across diverse imaging situations. In general, the proposed framework provides a scalable 
and secure structure to support reliable classification of the severity of KOA in a distributed healthcare 
system. 
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