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Abstract 

Diabetic Retinopathy (DR), Diabetic Macular Edema (DME), and glaucoma are significant ocular diseases that severely impair 

vision and require early automated detection for effective clinical management, but the traditionally adopted centralised deep 

learning based detection poses serious privacy problems for the participating organisations and also the data heterogeneity is a 

practical issue. The article proposes a privacy-preserving Federated Learning (FL) framework that enables collaborative model 

training across multiple decentralized datasets without sharing sensitive patient data for detecting DR, DME, and glaucoma from 

high-quality coloured fundus images, employing a Federated Deep Learning (FDL) approach coupled with the FedProx aggregation 

for effectively handling the non-IID data distributions in a multi-disease diagnostic setting. The framework evaluates four federated 

deep learning models based on EfficientNetB0, MobileNetV2, AlexNet, and InceptionV3 architectures across multiple 

communication rounds to analyze their effectiveness in a decentralized learning environment. A curated dataset of 2,700 high-

resolution fundus images (balanced across four classes) is constructed from multiple public sources and augmentation was applied 

to the training set, increasing the effective training samples while keeping the test set unchanged. The dataset is distributed across 
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three clients in a 30:35:35 ratio and trained over 20 communication rounds with consistent hyperparameters. The obtained results 

demonstrate that EfficientNetB0 and InceptionV3-based federated models consistently achieve more than 97% accuracy, with the 

EfficientNetB0-based model showing superior stability and emerging as the most suitable architecture with a prediction accuracy 

of 97.96% along with high precision, recall, and F1-score, indicating robust and stable multi-disease classification under 

heterogeneous federated settings. 

 

Keywords- Federated learning, Automatic detection, Diabetic eye diseases, FedProx. 

 

 

 

1. Introduction  
Artificial Intelligence (AI), the revolutionary advancement of computer science creates systems that are 

built on mimicking human intelligence with decision-making capabilities, language translation, and visual 

perception. Many industries integrally use AI-enabled systems for not only providing capability but also 

productivity. Machine Learning (ML), a subset of AI, helps in building intelligent systems that are more 

adaptive, handle complex tasks effectively in diverse environments (Janiesch et al., 2021). Deep Learning 

(DL) models, considered to be a subset of ML, are data-hungry and handle complex problems using deep 

neural networks (Al-Fahdawi et al., 2024; Deepak & Bhat, 2024). The DL networks possess the capability 

to automatically learn the high-level features from the raw inputs and significantly enhance the performance 

of tasks such as image recognition, natural language processing, and speech synthesis (Qummar et al., 

2020). DL algorithms are popular due to increased computational power, the availability of large datasets, 

and innovations in neural network architectures. 

 

Progressive complications of diabetes, like Diabetic Macular Edema (DME), Diabetic Retinopathy (DR), 

and Glaucoma can lead to severe vision loss and blindness if not detected and treated early (Ding & Wong, 

2012). The traditional detection methods are not only time consuming and tedious but also prone to human 

errors. Additionally, these detection methods are limited by the availability of ophthalmologists, especially 

in underserved regions. ML and DL techniques offer transformative solutions by automating retinal image 

analysis. These techniques efficiently process huge datasets of high-resolution fundus images, identifying 

early-stage biomarkers that may be difficult for human eyes to detect (Abràmoff et al., 2010; Hughes-Cano 

et al., 2024). AI algorithms can be trained to distinguish between normal and diseased retinas with high 

precision (Nasajpour et al., 2022). The healthcare providers can ensure faster screening using these assistive 

techniques and thus provide timely treatment which is crucial for preventing irreversible damage. 

Furthermore, these systems can be deployed in telemedicine platforms, expanding access to quality eye 

care, especially in remote or low-resource settings. The scalability, speed, and accuracy of AI models make 

them essential tools in enhancing the diagnosis and management of retinal complications, improving 

medical results of patients, and reducing the burden on healthcare systems (Safi et al., 2018; Wilkinson et 

al., 2003).  

 

Federated Learning which is a collaborative, privacy-preserved learning is also a subset of AI. It is a 

relatively more recent and innovative approach to privacy-protected learning and was introduced by Google 

company. FL is a decentralised form of ML where a data bank is not created at any central location. Unlike, 

the traditional AI systems where the data is pooled centrally, FL system allows data to remain at the host 

locations itself. The central server shoulders the responsibility for coordinating the learning process and 

incorporating the learned model into a combined global model (Zhang et al., 2021). This is done to address 

the privacy and data security problems resulting from data centralisation. FL enables model training across 

decentralised host devices that hold data samples locally, without sharing their samples to any central 

repository (Gulati et al., 2024; Yang et al., 2019). FL provides a collaborative and privacy-preserved 

learning framework, encouraging advancements in applications where data privacy is paramount, such as 

personalised healthcare and autonomous driving. FL also enables the development of robust disease 
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detection models without centralising sensitive patient data, thereby preserving privacy and complying with 

various privacy regulations such as GDPR and HIPAA (Chaddad et al., 2024). The primary advantage of 

an FL system, the data is held locally on devices within the organisation, reducing the risk of data breaches 

to a great extent and ensuring the confidentiality of the patients. Next, the FL architecture facilitates access 

to diverse data by enabling collaborative learning across multiple institutions. This diversity helps in 

developing more generalizable and robust disease detection models (Gulati et al., 2024; Li et al., 2020). 

Improved model performance is another key benefit of FL. By aggregating insights from multiple models 

trained on different datasets, FL enhances the overall robustness and reliability of disease detection models. 

Also, FL models can be continuously updated and adapted with new data, improving accuracy and 

reliability at runtime (Kairouz & McMahan, 2021; KhoKhar et al., 2022). 

 

Therefore, FL has emerged as a promising paradigm for privacy-preserving model training across 

decentralized healthcare institutions, but the existing studies are largely limited to single-disease diagnosis 

(binary classification and detection) assuming IID data distributions and evaluate only a single model 

architecture. These limitations reduce their applicability in real-world clinical environments, where data are 

inherently heterogeneous (non-IID) and multiple co-existing retinal diseases must be detected 

simultaneously. To address these research gaps, the article proposes a multi-disease federated deep learning 

framework for the simultaneous detection of DR, DME, and glaucoma, incorporating the FedProx 

aggregation method to effectively handle data heterogeneity across clients. Additionally, a comparative 

evaluation of multiple CNN architectures is performed within a federated setting to identify the most stable 

and accurate model for decentralized retinal disease diagnosis. 

 

The work presented in the article is an advancement of the federated learning framework proposed by Gulati 

et al. (2024), and Gulati et al. (2025) and by incorporating a systematic comparative assessment of multiple 

convolutional neural network architectures within a unified federated learning setting. The proposed work 

evaluates and identifies the most suitable architecture for privacy-preserving multi-disease retinal diagnosis 

under heterogeneous (non-IID) client data distributions. 

 

The article presents a collaborative and privacy-preserved federated deep learning framework for the 

detection of diabetes induced eye diseases- Diabetic Macular Edema, Diabetic Retinopathy, and glaucoma. 

The key contributions and findings following the implementation of the framework are outlined below: 

 

• The article proposes a unified federated deep learning framework for the simultaneous classification of 

multiple retinal diseases, including Diabetic Retinopathy, Diabetic Macular Edema, and Glaucoma. The 

proposed approach is a multi-disease modelling within a single decentralized architecture, unlike the 

previous works that focus on single disease detection with privacy preserved framework. 

• The federated deep learning framework proposed in the article, for the detection of diabetic eye diseases 

enables collaborative model development across different institutions by integrating different open-

source and harmonizing their labels into a common taxonomy. The harmonized dataset was distributed 

across different clients in an unequal split to represent heterogeneous, non-IID data. Thus, capturing 

realistic variations in data distributions, imbalanced classes and heterogeneous acquisitions of data, 

practically observed in decentralized healthcare systems. 

• Thus, allowing for the development of robust models trained on a variety of datasets. Further, it increases 

the overall reliability and accuracy of the federated deep learning models. 

• The proposed federated deep learning framework employs the FedProx aggregation method, which 

includes a proximal term to mitigate client drift and improve convergence stability in non-IID data 

distributions. the challenges posed by data heterogeneity across different clients. Thus, improving the 

stability and robustness of the global model highly suitable for privacy-preserving medical image analysis 
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in distributed environments. 

• The proposed work systematically evaluates four federated deep learning models based on 

EfficientNetB0, MobileNetV2, AlexNet, and InceptionV3 architectures. The federated deep learning 

model with EfficientNetB0 consistently demonstrates superior accuracy, stability, and reliability, 

achieving over 97.96% accuracy across communication rounds. The systematic evaluation provides 

insights into the convergence behaviour, stability, and cross-disease performance under heterogeneous 

data conditions. 

 

The article introduces Federated Learning (FL) and its importance in preserving data privacy while enabling 

collaborative learning across decentralized datasets. Section II is the literature review that explores existing 

research on FL applications in healthcare, particularly in detecting diabetic eye diseases such as Diabetic 

Retinopathy, Diabetic Macular Edema, and Glaucoma. Section III of the materials and methods describes 

the federated learning framework implemented in this research, including the datasets used, deep learning 

models evaluated, and the FedProx aggregation method applied to address data heterogeneity. In Section 

IV, the results and discussion section, the performance of various models is analysed based on accuracy, 

precision, recall, and F1 scores. Finally, in section V, the conclusion section summarises the key findings, 

highlights the effectiveness of the proposed framework in ensuring privacy-preserving, accurate disease 

detection, and suggests potential avenues for future research. 

 

2. Literature Review 
The research work by Baptista et al. (2023) employed a horizontal cross-silo FL approach based on 

convolutional networks that have been used for glaucoma screening from retinal fundus images. The dataset 

used in the article was a curation of different publicly available retinal fundus image datasets: Origa, 

Refuge, Gamma, Drishti-GS, Eyepacs, and Airogs. The results obtained range from 76.3% to 86.8% of 

prediction accuracy. The article focuses only on retinal fundus images, and domain generalization 

approaches are not covered in the article. The research article by Chetoui & Akhloufi (2023) proposed an 

approach to detecting DR (DR) using Federated Learning (FL) and Vision Transformer (ViT) models to 

preserve data privacy across multiple institutions. The research uses four publicly available datasets: 

APTOS 2019 (3,662 images), MESSIDOR-1 and MESSIDOR-2 (combined 2,948 images), IDRID (516 

images), and a sample of 6,000 images from EyePACS. The results showed that the FLViT achieved 95% 

accuracy on the APTOS dataset (1% improvement), with similar improvements of 2-3% on other datasets. 

 

Hossain et al. (2023) proposed a framework combining FL and Differential Privacy (DP) for predicting DR. 

The dataset used in the article is the Kaggle Diabetic Retinopathy Detection dataset. The article investigates 

four different federated deep learning models based on ResNet50, AlexNet, VGG16, and SqueezeNet1.1 

for detecting DR. ResNet50 achieved the best performance, with an accuracy of 83.05% on the binary 

classification task (No-DR vs. DR) when no noise was added. The work primarily focused on IID data 

partitions and practically data is usually non-IID. The research by Singh & Singh (2023) aims to enhance 

the classification of DR using a DenseNet-based federated learning model. The DenseNet121 architecture 

was chosen for its efficiency and high accuracy in image classification tasks and improved. The dataset 

used in this article is the APTOS 2019 Blindness Detection dataset from Kaggle. The FedDDR model 

achieved an overall accuracy of 94.27% in classifying DR across all severity levels compared to existing 

methods.  

 

Another research by Aljohani & Aburasain (2024) proposed a hybrid framework integrating VGG-16 and 

ResNet50 with Random Forest for the detection of glaucoma from retinal fundus images. This hybrid 

approach utilizes both image data and texture features for classification. The proposed framework was 

implemented using a pooled dataset from four publicly available sources: Acrima, G1020, Origa, and 
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Refuge. The proposed hybrid framework obtained an accuracy of 95.41%. The paper by Nam (2024) 

proposed a federated learning (FL) approach to improve the accuracy of the glaucoma disease detection 

model while maintaining patient data privacy. Publicly available fundus image datasets were used in the 

article for the proposed glaucoma detection: Origa, Refuge, and G1020. The segmentation of the optic cup 

and disc is completed using a U-net model. The approach obtained an overall detection accuracy of 88% 

for glaucoma detection. However, the work does not explicitly address the challenge of non-independent 

and identically distributed data across different clients.  

 
Table 1. The summarization and comparison of the existing research work in the retinal disease detection. 

 

Study Task Dataset FL type 
Disease 

scope 
Method Results Limitation/Gap 

Baptista et 
al. (2023) 

Glaucoma 
screening 

Origa, Refuge, 

Gamma, Drishti-
GS, EyePACS, 

Airogs 

Cross-silo 
FL 

Single 

disease 

(Glaucoma) 

CNN-based 

federated 
model (FedAvg 

Aggregation) 

76.3% – 86.8% 
accuracy 

Single disease 

Chetoui & 
Akhloufi 

(2023) 

DR detection 

APTOS 2019, 

MESSIDOR-1, 
MESSIDOR-2, 

IDRID, 

EyePACS 

Cross-silo 

FL 

Single 
disease 

(DR) 

Vision 

Transformer 
(FLViT) 

(FedAvg 

Aggregation) 

~95% accuracy on 

APTOS; 2–3% 

improvement on 
other datasets 

Single disease 

Hossain et 

al. (2023) 

DR 

classification 

Kaggle DR 

dataset 

Cross-

device FL 

Single 

disease 
(DR) 

ResNet50, 

AlexNet, 

VGG16, 
SqueezeNet + 

Differential 

Privacy 
(FedAvg 

Aggregation) 

83.05% accuracy 

(ResNet50, binary 
DR classification) 

IID partition 

Singh & 

Singh 
(2023) 

DR severity 

classification 
APTOS 2019 

Cross-

device FL 

Single 

disease 
(DR) 

DenseNet121 
(FedDDR)  

(FedAvg 

Aggregation) 

94.27% 

classification 
accuracy 

Single disease 

Aljohani 
& 

Aburasain 

(2024) 

Glaucoma 

detection 

Acrima, G1020, 

Origa, Refuge 

Centralized 

learning 

Single 

disease 
(Glaucoma) 

VGG16 + 
ResNet50 + 

Random Forest 

hybrid model 

95.41% accuracy Not federated 

Nam 
(2024) 

Glaucoma 
detection 

Origa, Refuge, 
G1020 

Cross-silo 
FL 

Single 

disease 

(Glaucoma) 

U-Net 

segmentation + 

federated 
model  

(FedAvg 

Aggregation) 

88% detection 
accuracy 

No non-IID 
evaluation 

Gulati et 

al. (2024) 

Diabetic eye 

disease 
detection 

ODIR-5K, 
IDRiD, OCT & 

Eye Fundus 

Dataset, Robust 
Vessel 

Segmentation in 
Fundus Images 

Cross-silo 

FL 

Normal, 

DR, DME, 
Glaucoma 

MobileNetV2 + 

FedProx 
Aggregation 

with μ = 0.01, 
0.02, 0.03, 0.04, 

0.05. 

Accuracy- 97.71% at 

μ = 0.03. 

Single backbone 

architecture. 

Gulati et 
al. (2025) 

Ocular 

disease 

detection 

IDRiD and 

APTOS 
Blindness 

Detection 

Cross-silo 
FL 

Normal, 
DR, DME. 

MobileNetV2 + 

FedAvg 

Aggregation 

Accuracy: 96.53%, 

Precision: 96.52%, 

Recall: 96.53%, F1-
score: 96.52% (best-

performing client 

configuration) 

Single backbone 
architecture. 

 

 

Gulati et al. (2025) presented a collaborative federated learning framework using the MobileNetV2 

architecture and FedAvg aggregation across different client configurations (2, 3, and 4 clients). The 

framework achieved an average prediction accuracy of 96%, with the 3-client configuration providing the 
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best balance between accuracy and stability. Although these studies demonstrated the feasibility of privacy-

preserving federated learning for retinal disease diagnosis, they evaluated only a single deep learning 

architecture. Additionally, the authors Gulati et al. (2024) also proposed a privacy-preserving federated 

learning framework for detecting diabetic eye diseases using a MobileNetV2 backbone and the FedProx 

aggregation strategy to improve convergence under heterogeneous client data distributions. The framework 

achieved a maximum prediction accuracy of 98.70% (μ = 0.03), while μ = 0.05 demonstrated the most 

stable convergence.  

 

Although there have been several studies on federated learning for retinal diseases diagnosis, most of the 

previous methods have centered around the single disease diagnosis either DR or glaucoma as summarized 

in Table 1. Many prior works have demonstrated the effectiveness of federated learning for retinal disease 

diagnosis; most existing approaches have been developed under centralized training settings or have 

evaluated only a single deep learning architecture within a federated framework. Moreover, many studies 

assume that data across participating clients are independently and identically distributed (IID), an 

assumption that rarely holds in real-world clinical environments where data collected from different 

healthcare institutions are inherently heterogeneous. Consequently, limited research focuses on the 

comparative robustness, convergence behaviour, and predictive performance of different convolutional 

neural network (CNN) architectures under realistic federated learning conditions. To address these 

limitations, the present research extends our previously proposed privacy-preserving federated learning 

framework for the detection of Diabetic Retinopathy (DR), Diabetic Macular Edema (DME), and glaucoma 

by incorporating the FedProx aggregation strategy to effectively handle heterogeneous non-IID client data 

distributions. Furthermore, a systematic comparative evaluation of four CNN architectures -EfficientNetB0, 

MobileNetV2, AlexNet, and InceptionV3 - is performed within an identical federated learning environment 

to identify the most robust and accurate architecture for privacy-preserving multi-disease retinal diagnosis. 

 

3. Background 
Federated Learning (FL) was launched by researchers at Google Inc., in the year 2016 for dealing with 

issues like the privacy of user-sensitive data and compliance with data regulations. Various issues, such as 

computational and storage requirements for enormous amounts of data are resolved using FL. Data privacy 

is of prime importance in critical fields like healthcare and finance. Therefore, the emergence of stringent 

data policies like the GDPR propelled the decentralization of data in order to maintain privacy (Hartmann, 

2018). The concept of FL is based on the fact that the data is usually present on different servers, which are 

pooled onto a single server in a traditional machine learning system. But in an FL setup, the data remains 

in the originating host location and the data never leaves the host. Instead, machine learning is applied at 

the host location to form multiple local models (Gulati et al., 2025; Jin et al., 2023). These local models are 

used by a central coordinating server to form a global model. FL is essentially developed to hold data on 

local devices, enabling the training to be decentralized and distributed. Thus, the data never leaves the host 

site maintaining privacy and addressing bandwidth as well as storage issues. The computation is divided 

among multiple data holding sites. Thus, leveraging the computational power of the client devices (Zhang 

& Mao, 2022).  

 

Federated learning is an iterative process with machine learning or deep learning as the backbone of the 

learning model. The process begins with the initialization of a global model at the central server. The server 

is responsible for the coordination of the federated learning process. The server initializes a global model 

that is either pre-trained or has random weights.  
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Figure 1. The cyclic process privacy-enhancing and collaborative federated learning framework. 

 

 

The global model is then sent to all participating clients with their own dataset. Using the initial global 

model and their locally held dataset, the clients run a series of training epochs to build local models. All the 

participating clients upload their local model updates on the server. The central server then aggregates and 

incorporates the clients’ local models into the global model; thus, forming an updated global model. The 

updated global model is transferred to the clients which again train using their local dataset and the process 

is iterated for a series of communication rounds until the model becomes stable, or attains a satisfactory 

prediction accuracy and converges. The aggregation at the server is usually an averaging function called 

the FedAvg. The cyclic nature of the privacy-preserved and collaborative federated learning architecture is 

shown in Figure 1. Once sufficiently trained, the final global model is deployed by distributing it back to 

the clients for local inference or broader centralized deployment. Additionally, the FL models can be 

adapted for continuous learning, allowing it to evolve as new data becomes available, all while maintaining 

privacy and efficiency. 

 

The architectural representation of the privacy-preserved, collaborative federated learning framework with 

N clients is shown in Figure 2. It is a decentralized approach to machine learning where the data is not 

pooled and remains at the source location, ensuring the privacy of used sensitive data. Federated learning 

is an iterative process, as already discussed, with a single central server and multiple clients. The clients 

may be servers or edge devices as per the architecture.  

 

The server is responsible for selecting participants in the current communication round. The server also 

selects and implements the aggregation strategy. The aggregation strategy is one of the crucial components 

in a federated learning scenario, as it decides how the client models will be combined into the global model. 

Federated Averaging, or FedAvg, is the most commonly used aggregation method. This method averages 

model updates, with contributions weighted by the number of data points per client, though it struggles with 

non-IID data. Federated Proximal or FedProx is an extension of the FedAvg aggregation method. FedProx 

adds a proximal term to the local objectives, which penalizes large deviations from the global model. Thus, 

with the help of the proximal term issues with non-IID data and slow clients are addressed. Another method 

is clustering-based aggregation, which groups clients based on similarities in their data or updates. Thereby 

improving performance in diverse data distributions. 
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Figure 2. Architectural representation of a privacy-preserved and collaborative federated learning framework with 

N clients. 

 

 

Federated Stochastic Gradient Descent or FedSGD, aggregates the gradients from each client rather than 

the model weights. The clients compute the gradients based on their local data which are then averaged at 

the server to update the global model. FedSGD is more efficient in scenarios where models are large and 

transferring gradients is less costly than transferring model weights. 

 

4. Materials and Methods 
The materials and methods section here, describes the materials in terms of the dataset and the methodology 

adopted in the implementation of the research for automatic detection of diabetic eye diseases, including 

Diabetic Retinopathy, glaucoma, and macular edema. The research employs a federated learning (FL) 

framework to ensure data privacy while enabling collaborative model training across multiple clients. 

 

4.1 Dataset Description 
The proposed Federated Deep Learning framework presented in the article uses a dataset of colored fundus 

images with three eye diseases- Diabetic Retinopathy, Diabetic Macular Edema, and Glaucoma, and the 
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fourth class is the Normal class fundus images. The image set used is a curation of four different datasets 

with high-quality fundus images available in the public domain for research purposes. 

 

i. The "OCT and Eye Fundus Dataset", is available on GitHub and uploaded by the Translational Visual 

Health Laboratory (2024). The dataset has labelled images from four Diabetes induced eye disease 

classes and is available on GitHub. The images belong to four main classes: Normal, DME, DR And 

Glaucoma. 

ii. The "Indian Diabetic Retinopathy Image Dataset (IDRiD)" (Porwal et al., 2018) another publicly open-

source dataset, accessible through Kaggle and the also the IDRiD’s website. The set comprises of 

labelled retinal fundus images for analysing and diagnosing DME and DR. 

iii. The Ocular Disease Intelligent Recognition (ODIR) dataset, is a structured ophthalmic database. It is 

assembled manually by Shanggong Medical Technology Co. Ltd. (2020) sourced from different 

medical organizations of China. This dataset is publicly accessible on Kaggle and represents real-life 

patient information. 

iv. Another dataset utilized in the research is the openly available "Robust Vessel Segmentation in Fundus 

Images," dataset created by Budai et al. (2013) in their research article published in the International 

Journal of Biomedical Imaging. The set comprises fundus images of persons with healthy eyes, eyes 

suffering from diabetic retinopathy and glaucomatous eyes. 

 

  

  

 

Figure 3. Data samples from: DME class, DR class, glaucoma class and normal class. 

 

 

A multi-source data integration strategy was adopted since no single source was sufficient to provide all 

disease categories. Thereafter, a standardized processing pipeline was adopted in order to reduce the inter-

dataset variability. The first step was the modality filtering for retaining only coloured fundus images and 

excluding all OCT images from the pooled dataset. Secondly, for datasets with multi-label annotations only 

single-disease instances were held. Next, images with poor illumination, blur or inadequate retinal visibility 

were removed to maintain quality of the dataset. Subsequently, all the images were transformed to a 

standard size for uniformity and normalised to ensure compatibility with deep learning models. The pooled 

dataset was obtained and due to differences in the dataset sizes and class distributions, the samples were 

balanced. From the pre-processes pool a total of 2700 images were selected, with 675 images from each 

class. The balanced representation supports robust model training in a federated learning setting with 

heterogeneous data distributions. Figure 3 illustrates representative fundus images for each class: (a) DME, 

(b) DR, (c) glaucoma, and (d) normal, highlighting their key retinal characteristics. 
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Table 2. The source-wise image contribution from each dataset and the finally selected distribution. 
 

Source dataset 
Original dataset 

size 
Available classes  

Fundus images 

after filtering 
Classes contributed 

Images selected for 

final dataset 

OCT & Eye 
Fundus Dataset 

More than 5,000 
(OCT + fundus) 

Normal, DR, DME, 
Glaucoma 

1,200 
Normal, DR, DME, 
Glaucoma 

800 

IDRiD 516 DR, DME 516 DR, DME 400 

ODIR-5K 
Nearly 10,000 

(left/right images) 

Normal, DR, 

Glaucoma, others 
6,000 

Normal, DR, 

Glaucoma 
1,480 

Robust Vessel 
Segmentation in 

Fundus Images 

40 Normal, DR 40 Normal, DR 20 

Total Pooled 
Dataset 

— — More than 7,700 — — 

Final Balanced 

Dataset 
— 4 classes — 

Normal, DR, DME, 

Glaucoma 
2700 (675 per class) 

 

 

Table 2 summarizes the contribution of each dataset before and after preprocessing. The selective filtering 

of fundus only images followed by the label harmonization and quality filtering a balanced subset of 2700 

images were constructed with 675 samples from each class. After that, augmentation and the total set of 

images used after augmentation was applied only to the training subset following the train–test split, 

increasing the training samples while keeping the test set unchanged.  
 

4.2 Proposed Methodology 
This subsection describes the detailed methodology proposed in the article for implementing the federated 

deep learning model used in the detection of diabetes induced eye diseases. The architecture used in the 

work is horizontal federated learning architecture with 3 clients and a dataset size of 2700 images. 

Augmentation is applied to the dataset to improve the prediction accuracy for detecting Glaucoma, DME, 

and DR. Enhancement of the dataset was done, and the number of images was increased three times, as 

shown in Table 3. Augmentation was applied only to the training set, increasing the number of training 

samples threefold, while maintaining the original test set unchanged. 
 

The complete implementation process is diagrammatically depicted in Figure 4, which is given below, and 

the hyperparameters used in the execution are listed in Table 3, as shown below. The complete algorithm 

for the proposed methodology is given in Algorithm 1. 
 

The process of setting up a federated deep learning system starts with the collection of data. The collection 

initially consists of the raw data from various sources (given in the previous subsection). The dataset is 

cleaned afterward, and only high-quality images are selected for the learning process. The augmentation 

was applied to the image set to improve the generalization and preventing the overfitting. The images were 

geometrically transformed after resizing, the transformations included were random rotations within 1 to 

15 degrees. This introduces a minor variation in the original sample preserving the anatomical structure of 

the original image. Horizontal flipping was applied with a 0.5 probability, that reflects natural left- right 

variation and centre cropping was performed for retaining the original retinal region and ensuring that the 

central structures like optic disc and macula are retained in the frame. The augmentation pipeline was 

applied only to the training set after splitting the train and test data. The augmentation was applied in an 

on-the-fly manner during training where the transformed samples are generated dynamically at each epoch 

rather than being stored as separate images. Each of the original images contributes multiple variants across 

the iterations to increase data diversity without duplications. The transformations were carefully selected 

to be moderate for avoiding any distortions to the data. The augmentation was restricted to the train images 

the risk of data leakage is eliminated with improved model robustness and preventing compromising the 

evaluation integrity.  



Gulati et al.: FedEye: Detecting Diabetic Eye Diseases using Federated Deep Learning and… 
 

2302 | Vol. 11, No. 5, 2026 

 
 

Figure 4. Flow diagram of the methodology for detecting diabetic eye diseases using federated deep learning 

models. 
 

 

Furthermore, augmentation was implemented in an on-the-fly manner during training, where transformed 

samples are generated dynamically at each epoch rather than being stored as separate images. Each original 

training image contributes multiple augmented variants across training iterations, effectively increasing 

data diversity without physically duplicating the dataset. The applied transformations were deliberately 

moderate to avoid unrealistic distortions. 

 

Although the effective training data is expanded, the transformations introduce meaningful variations in 

orientation and appearance rather than redundant copies. The use of center cropping further ensures 

structural consistency while reducing background noise. Since augmentation is restricted to the training set 

and performed dynamically, the risk of data leakage is eliminated, and the approach enhances model 

robustness without compromising evaluation integrity. 

 

The fundus images were distributed across three clients in a 30:35:35 ratio after performing preprocessing 

of images and class balancing. Despite, the fact that the overall dataset maintains equal representation of 

all four classes, the allocation of images to each client was performed without enforcing identical class 

proportions. Therefore, each of the clients receive data originating from different source datasets with 

varying imaging conditions, such as differences in acquisition devices, illumination, and image quality. 

Therefore, this leads to variations in class distributions and underlying data characteristics across clients. 

Consequently, the local datasets exhibit non-identical (non-IID) distributions in terms of both class 

composition and feature space, thus, reflecting a realistic device-level heterogeneity practically observed 

in decentralized healthcare environments. 
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Table 3. The parameters used in implementing the federated deep learning model for detecting diabetic eye 

diseases. 
 
 

Parameter Value 

Model Architecture Horizontal Federated Learning 

Deep Learning Models EfficientNetB0, MobileNetV2, AlexNet and InceptionV3 

Dataset Classes Diabetic Macular Edema, Diabetic Retinopathy, Glaucoma and Normal 

Number of Clients 3 clients 

Data split among clients 30:35:35 

Dataset Size 
Original dataset-2,700 images 
Training set: 2160 originally and 6480 after augmenting 

Testing set: 540 

Learning Rate 0.001 

Optimizer Adam 

Batch Size 16 

Epochs 5 (per round) 

Communication Rounds  20 

Aggregation Strategy FedProx (µ=0.05, µ is the proximal term) 

Augmentation Techniques Resize, Cropping, Random Rotations, Flipping and Normalizing 

Train Test Ratio 80:20 

Performance Metrics Accuracy, Precision, Recall, and F1-score, Class-wise accuracy 

 

 

The global model is selected, and the model weights and parameters are initialized accordingly. In this 

research work, 4 deep learning models are selected: EfficientNetB0, MobileNetV2, AlexNet, and 

InceptionV3. These models were initialized with ImageNet weights and the last layer was adapted to 

classify into four classes. The training phase included training of higher layers meanwhile the convolutional 

layers were frozen, thus the generic feature representations were preserved and reduced overfitting. 

 

The clients used same training configuration, that is the optimizer was Adam with a learning rate of 0.001, 

batch size was 16 with 5 local epochs per round. The training was conducted for 20 communication rounds 

without the use of early stopping and performance evaluation after every round was done. 

 

After model selection, the initial model weights and the model parameters are communicated to all the 

participating clients that hold the data locally on their devices. The clients use the global model weights 

transferred by the central server for training on their local devices. The clients form local models after the 

training phase. These are then communicated to the server, and the aggregator at the server incorporates the 

client models into the global model. 

 

The implementation uses a FedProx aggregation method in which a proximal term adds to the loss function 

of the training phase. The proximal term, denoted by µ, is a regularizer for limiting the deviation from the 

global model while training. The larger the deviation, the more the magnitude of the proximal term, and the 

loss increases. Therefore, the penalty increases for more deviation. The aim is to minimize the impact of 

heterogeneity by controlling the local updates, which leads to greater stability and consistency in the global 

model's performance. 

 

The proximal term µ has been chosen carefully based on a prior evaluation conducted in an earlier work 

where the µ value was varied between 0.01 and 0.05 (Gulati et al., 2024). The results of the ablation 

demonstrated that the higher µ value of 0.05 performed better and converged earlier by restricting local 

model drift.  

 

After the aggregation, the updated global model weights are again uploaded to the clients. The clients repeat 

the training process with these updated weights and build local models again using the FedProx loss 
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function. Clients again sent the newly built local models to the server for another round of aggregation. The 

server again receives all the client model weights, and the aggregator component aggregates or averages 

the client model weights to update the global model. The steps are iterated for a series of communication 

rounds until the model becomes stable. In the proposed work, the models are continuously evaluated for 20 

communication rounds, and in each round, the clients run 5 epochs of training with batch size 16. After 

every communication round, performance metrics are calculated.  
 

Algorithm 1. Federated learning with FedProx aggregation for detecting diabetic macular edema, 

diabetic retinopathy, and glaucoma. 

Inputs 

● 𝑁: Number of clients 

● 𝐾: Total number of communication rounds 

● 𝑇𝑖: Local data for client 𝑖 
● μ: Proximal term (regularization parameter) 

● η: Learning rate 

● 𝑊0: Initial global model weights 

Output 

● Final global model weights 𝑊𝐾 

1. Initialization: 

i. Server initializes the global model weights 𝑊0 

ii. Set the number of communication rounds 𝐾. 

2. For each round 𝑘 = 1 to 𝐾: 

i. Server sends global model weights 𝑊𝐾  each client 𝑖. 
ii. Each client 𝑖 performs the following steps: 

A. Receive global model weights 𝑊𝐾. 

B. Set local model weights 𝑊𝑖
𝑘 ← 𝑊𝑘 

C. Local Training on Client 𝑖: 
For each local epoch (local iteration): 

a. Minimize the local objective function 𝑓𝑖(𝑊) = 𝐿(𝑇𝑖,𝑊) +
𝜇

2
‖𝑤 − 𝑤𝑘‖2                                                                                         

(1) 

where 

• 𝐿(𝑇𝑖,𝑊)is the loss of local data 𝑇𝑖, 

• 
𝜇

2
‖𝑤 − 𝑤𝑘‖2 is the proximal term.  

b. Update the local model using gradient descent: 𝑤𝑖
𝑘+1 ← 𝑤𝑖

𝑘 − 𝜂𝑓𝑖(𝑤𝑖
𝑘)                                                                                            

(2) 

D. Client sends updated local model weights 𝑤𝑖
𝑘+1 back to the server. 

3. Server Aggregation: 

i. The server aggregates the updated local models from all clients: 𝑊𝐾+1 ←
1

𝑁
∑ 𝑊𝑖

𝐾+1𝑁
𝑖=1                                                                   

(3) 

4. Repeat Steps 2-3 for 𝐾communication rounds.  

5. Final Global Model: 

i. After completing 𝐾 rounds, the server outputs the final global model 𝑊𝐾. 

6. Exit 
 

So, after all the models are executed for 20 communication rounds, the results are compared for each model, 

and inferences are drawn regarding the model's performance and stability.  
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5. Results and Discussions 
In this section, the outcomes captured by following the methodology proposed are described in a graphical 

format for analysis. The section also discusses which deep learning model is apt for the problem of detecting 

the three diabetic eye diseases. The effectiveness of the model is assessed based on the performance metrics: 

prediction accuracy, precision, recall, F1-score, and class-wise accuracy. The four federated deep learning 

models simulated for the detection of diabetic eye diseases are based on the EfficientNetB0, MobileNetV2, 

AlexNet, and InceptionV3 models. 

 

  

a) b) 
 

  
c) d) 

 

Figure 5. a) Clientwise Accuracy, b) Clientwise Precision, c) Clientwise Recall, and d) Clientwise F1-Score 

obtained by the efficientnetb0-based FL model. 

 

Figures 5 to 8 present a comprehensive analysis of the performance of various FDL models, including 

EfficientNetB0, MobileNetV2, AlexNet, and InceptionV3, across key evaluation metrics such as accuracy, 

precision, recall, and F1-score. These figures illustrate the clientwise results obtained for detecting diabetic 

eye diseases across multiple clients over successive communication rounds. Figures 9 to 10 show the global 

metrics obtained by implementing the four FDL models based on EfficientNetB0, MobileNetV2, AlexNet, 

and InceptionV3 architectures across the 20 communication rounds. 
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a) b) 

 

  
c) d) 

 

Figure 6. a) Clientwise accuracy, b) Clientwise precision, c) Clientwise recall, and d) Clientwise F1-score for 

mobileNetV2-based FL model. 

 

 

Figure 5(a) below presents the accuracy scores obtained while training using the EfficientNetB0-based 

FDL model on various clients for detecting diabetic eye diseases. The performance of client 1 in terms of 

accuracy consistently increases and stabilizes by round 20. For client 2, a similar trend in accuracy 

performance is followed, indicating that the model performs well across rounds. The third client also 

achieves a high accuracy score by round 20. Thus, this suggests that the EfficientNetB0 model generalizes 

well. The client's precision score when the EfficientNetB0-based FDL model is utilized for client training 

is presented in Figure 5(b). Precision is an important metric, especially in medical applications, as it 

measures the ability of the model to correctly identify positive cases without falsely classifying negatives 

as positives. For client 1, the precision score gradually increases before round 5, and then it remains high 

constantly. For client 2, the precision stabilizes from round 10 onwards, showing a consistent improvement 

in the model’s performance over time. For client 3, the precision score steadily increases till round 10 and 

remains stable for the rest of the rounds. The precision scores for all three clients start strong and steadily 

improve over the first few communication rounds. By round 10, maintain this high precision level 
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consistently for the remainder of the rounds. Figure 5(c), presents the client-wise recall score for the 

EfficientNetB0 based FDL model for detecting diabetic eye diseases. Recall, also known as sensitivity, is a 

critical metric in medical diagnostics because it measures the ability of the model to identify all actual 

positive cases correctly. All three clients demonstrate consistently high recall scores stabilising by around 

20th communication round. The recall score gradually increases and stabilises for client 1, and client 2 and 

3 follows a similar trend, with recall improving and becoming consistent after the 12th communication 

rounds. Figure 5(d), shows the client-wise F1-score for the EfficientNetB0-based FDL model used to detect 

diabetic eye diseases. The F1-score is one of the important metrics in classification tasks, especially in 

medical diagnostics, since it measures the balance between precision and recall. Numerically, the F1-score 

is the harmonic mean of precision and recall, providing a balance between false positives and false 

negatives. It is observed that the F1-score for client 1 steadily increases in the initial rounds and stabilizes 

by round 5, indicating that the model has achieved a strong balance between precision and recall. However, 

client 2’s F1-score shows a similar upward trend, where the F1-score improves significantly during the 

initial rounds and stabilizes by round 10. Whereas, client 3 starts with a lower F1-score compared to the 

other clients, but improves significantly by round 5. By round 10, client 3 achieves an F1-score comparable 

to the other clients and then stabilizes. 

 

The client-wise accuracy for the MobileNetV2-based FDL model used for the detection of various diabetic 

eye diseases is diagrammatically shown in Figure 6(a). It can be observed from Figure 6(a) that client 1 

shows fluctuating accuracy in the early rounds, with an initial dip at round 3. Later, the accuracy improves 

and stabilises from round 8 onwards consistently achieving high accuracy in the later communication 

rounds. Client 2’s accuracy shows a more inconsistent initial behaviour, with significant fluctuations across 

the first 10 rounds. From round 12 onwards, client 2’s accuracy stabilizes, demonstrating that the 

MobileNetV2 model eventually converges to a high accuracy, though with some initial difficulties. Client 

3 starts with the lowest initial accuracy among the three clients and shows a steady improvement in accuracy 

and after this point, the accuracy remains relatively high and stable. Figure 6(b) refers to the clientwise 

precision score for the MobileNetV2-based FDL model to detect diabetic eye diseases. For client 1, the 

precision score improves across rounds and stabilizes around round 8, maintaining a high precision score 

till the end of the 20 communication rounds. For client 2, initially the score shows fluctuations, but the 

model's performance improves over time, and it stabilizes by round 10. Similarly, for client 3, an overall 

steady increase in precision is demonstrated, which stabilizes after a few initial rounds. Figure 6(c) 

represents the client-wise recall scores for the MobileNetV2-based FDL model used to detect diabetic eye 

diseases. In client 1, the recall score initially fluctuates in the early rounds but shows a consistent 

improvement as the communication rounds progress. By round 10, the recall score stabilizes, maintaining 

a high value throughout the remaining rounds, which indicates that the model performs well in identifying 

positive cases in this client’s data. In client 2 also shows some fluctuations in the initial rounds, but after 

round 10, the recall score stabilizes, indicating consistent performance in detecting positive cases. Client 3 

follows a similar trend as client 2, where the recall score shows fluctuations early on, but the model’s 

performance stabilizes in later rounds, reaching a high and steady recall value. Figure 6(d), presents the 

client-wise F1-Score for the MobileNetV2-based Federated Deep Learning (FDL) model used to detect 

diabetic eye diseases. In the initial communication rounds, client 1 shows some fluctuation in F1-scores, 

reflecting inconsistency between precision and recall. However, after round 5, the F1-score stabilizes and 

remains high, indicating that the model performs well in balancing the correct identification of positive 

cases and minimizing false positives. Client 2 also shows an upward trend in the early rounds, around round 

10 the F1-score stabilizes. Client 3 starts with a slightly lower F1-score compared to the other clients; by 

round 10, client 3 reaches a performance comparable to the other two clients, indicating that the 

MobileNetV2-based FDL model successfully balances precision and recall for this client as well. 
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a) b) 

 

  
c) d) 

 

Figure 7. a) Clientwise accuracy, b) Clientwise precision, c) Clientwise recall, and d) Clientwise F1-score for 

AlexNet-based FL model. 

 

Figure 7(a), presents the client-wise accuracy for the AlexNet-based FDL model used for detecting diabetic 

eye diseases such as Glaucoma, DME, and DR. For client 1, the accuracy in the initial rounds is very low 

and increases slowly. However, there is a sharp increase around round 4 and the accuracy keeps on 

increasing by round 7 and stabilizes by round 20. Despite this improvement, AlexNet struggles to maintain 

consistently high accuracy levels in the earlier rounds. In client 2, the accuracy scores in the starting rounds 

are lower than in client 1 and fluctuate significantly during the initial rounds. After round 5, the accuracy 

improves steadily, eventually reaching 78% by round 20. For client 3, initially better accuracy is shown 

than the other clients and fluctuates significantly during the first ten rounds. Thereafter, the model becomes 

stable. Figure 7(b), represents the clientwise precision score for the AlexNet-based FDL model. Initially, 

in client 1, the precision score is extremely low, and from round 4 onwards, the precision score improves 

gradually. The precision peaks at 85% by round 15 and stabilizes by round 20. Similar to client 1, precision 

starts very low initially and keeps fluctuating till round 7, improves after round 7, and reaches a high by 

round 14. From 15 onwards, the precision score stabilizes, indicating a more consistent performance 

towards the later rounds. The precision score for client 3 starts very low as well, the precision score begins 
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to improve from round 4 and fluctuates around 80% between rounds 10 and 20, stabilizing by the final 

communication rounds. The client-wise recall score is presented in Figure 7(c) for the AlexNet-based FDL 

model. The recall score starts very low in the early communication rounds. Gradually, the recall improves 

and shows a steep increase starting from round 4 and increasing till round by round 7. The recall then 

stabilizes from round 10 to round 20. Similar to client 1, the recall for client 2 improves steadily after round 

4 and reaches around 65-70% by round 10. By round 15, the recall stabilizes, indicating consistent 

performance in identifying positive cases in the later rounds. Client 3 begins with a higher recall score than 

the other two clients, by round 10, the recall stabilizes afterwards. The client-wise F1-score for the AlexNet-

based FDL model is shown in Figure 7(d). The F1-score for client 1 starts at a very low level of around in 

the first few communication rounds. From round 4 onwards, the F1-score improves significantly, by round 

10. By round 15, the F1-score stabilizes around 75-77% and remains at this level until round 20. Client 2 

also starts with a very low F1-score in the early rounds. The F1-score gradually improves after round 5, 

stabilizing by round 15. By round 20, client 2's F1-score reaches 77-78%, showing decent performance by 

the final rounds but still not ideal for medical use cases. Client 3 starts with a slightly higher F1-score in 

the early communication rounds. After round 5, the F1-score improves steadily till round 10 and stabilizes 

by 20th round.  
 

  
a) b) 

 

  
c) d) 

 

Figure 8. a) Clientwise accuracy, b) Clientwise precision, c) Clientwise recall, and d) Clientwise F1-score for 

inceptionV3-based FL model. 
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Figure 8(a) shows the client-wise accuracy for the InceptionV3-based FDL model used for detecting 

diabetic eye diseases. The accuracy for client 1 starts at around 80% in the first round, showing a strong 

initial performance. Accuracy consistently improves by round 4 and stabilizes around 97.22% between 

rounds 8 to 20. Client 2 starts with a significantly lower accuracy score compared to client 1 but improves 

dramatically after the 4th communication round; after that, the model’s accuracy stabilizes. Client 3 starts 

at a medium accuracy level in the first round and improves steadily in the 4th to 8th round, stabilizes after 

round 8. The inceptionV3 architecture proves to be highly effective in this task, as evidenced by its ability 

to generalize well across all clients, even in the presence of decentralized and potentially heterogeneous 

data. The client-wise precision score for the InceptionV3-based FDL model used in detecting diabetic eye 

diseases is depicted in Figure 8(b). The precision steadily increases for client 1 and stabilizes at a high 

value after the initial rounds (after round 5). Client 2 shows a similar pattern of increasing precision and 

stabilizes after round 8. Precision for client 3 improves gradually, starting lower than the other two clients 

but reaches stability around the 10th round at a similar level. The client-wise recall score for the 

InceptionV3-based FDL model used for detecting diabetic eye diseases is shown in Figure 8(c). The recall 

score of clients 1 starts relatively high and remains stable throughout the communication rounds starting 

from 5th round. For client 2 the recall score shows similar patterns, starting around 60% in the initial rounds 

but quickly rising to stabilize around round 8. The recall score for client 3 starts at a medium level, improves 

steadily till round 4, and then stabilizes after round 4. The high recall values across all three clients 

demonstrate that the InceptionV3-based FL model is very effective at detecting true positive cases in the 

datasets used for diabetic eye disease detection. Figure 8(d) presents the client-wise F1-score for the 

InceptionV3-based FDL model used to detect diabetic eye diseases such as DR, DME, and Glaucoma. The 

F1-score for client 1 initially is high at around 79% and steadily increases to stabilize after the 5th round. 

Initially, client 2's F1 score starts lower compared to client 1, but it increases sharply within a few 

communication rounds and stabilizes after the 10th round. The F1-score for client 3 begins in the mid-

range, but it quickly improves and reaches stability by the 8th round. The figure demonstrates that the F1-

scores are consistent across all clients after a few communication rounds despite variations in their local 

datasets. 

 

Figure 9(a) shows the prediction accuracy of FDL models with EfficientNetB0, MobileNetV2, AlexNet, 

and InceptionV3 architectures in identifying DME, DR, Glaucoma, and healthy eyes. The FDL models with 

EfficientNetB0 and InceptionV3 showcase a higher accuracy performance with very small variations. 

However, the FDL model with the InceptionV3 model reaches the score after a few communication rounds. 

The FDL model with MobileNet V2 achieves a high prediction accuracy quite early, but it has more 

variations in comparison to the EfficientNetB0 and InceptionV3-based FDL models. In contrast, the 

AlexNet-based FDL model struggles with a lower peak accuracy and is considerably unstable in its 

performance over the various communication rounds. Therefore, based on prediction accuracy score 

comparison, the FDL model with EfficientNetB0 performs consistently well throughout with more stability 

and, hence, is suited for the privacy-enhanced diabetic eye disease detection, even though the data used is 

decentralised and heterogeneous. A comparative analysis of the precision scores achieved by the four FDL 

models based on EfficientNetB0, MobileNetV2, AlexNet, and InceptionV3 architectures across different 

communication rounds is presented in Figure 9(b). The EfficientNetB0 and InceptionV3-based FDL 

models achieve high precision scores while maintaining consistent performance throughout. This is 

indicative of the effectiveness in making accurate positive predictions. The FDL model with MobileNetV2-

based architecture obtains a high precision score and has slight variations in comparison to the FDL models 

with EfficientNetB0 and MobileNetV2 but largely remains stable. Contrastively, the AlexNet-based FDL 

model achieves lower precision scores with a lot of variations across the communication rounds. Overall, 

the FDL model based on EfficientNetB0 architecture achieves a high precision from the beginning rounds 

and maintains high scores throughout the communication rounds. The recall scores achieved by four FDL 
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models with EfficientNetB0, MobileNetV2, AlexNet, and Inception architectures across various 

communication rounds are shown in Figure 9(c). All three FDL models based on EfficientNetB0, 

MobileNetV2, and InceptionV3 perform well in terms of the recall scores achieved by these models. 

However, the InceptionV3 achieved a higher score a little later than the EfficientNetB0 and MobileNetV2-

based architectures. Out of the three, the most stable is the EfficienNetB0, and MobileNetV2 has small 

deviations and is less stable when the standard deviation is considered. The AlexNet-based FDL model 

performance in terms of recall score is relatively much lower and suffers considerable variability. Thus, 

pointing to its inefficiency in correctly identifying true positive cases. Therefore, the best performance in 

accordance with the recall score is achieved by the EfficientNetB0 model. Figure 9(d) depicts the F1 scores 

for various FDL models—EfficientNetB0, MobileNetV2, AlexNet, and InceptionV3—across different 

communication rounds within a federated learning framework. Again, the EfficientNetB0 and InceptionV3-

based FDL models achieve high F1 scores, reflecting that they maintain an excellent balance between 

precision and recall, which is crucial for applications requiring accurate and consistent performance. The 

FDL model with MobileNetV2 architecture also achieves good F1 scores, showing effective balance with 

minor inconsistencies across rounds. The AlexNet-based FDL model displays significantly lower and more 

fluctuating F1 scores, indicating an inadequate balance between precision and recall.  

 

  
a) b) 

 

  
c) d) 

 

Figure 9. Comparison of the a) Global accuracy, b) Global precision, c) Global recall, and d) Global F1-score 

achieved by various models over communication rounds. 
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Figure 10(a) shows the prediction accuracy across the communication rounds of the four FDL models 

implemented for identifying DME. Both the EfficientNetB0 and MobileNetV2 architecture-based FDL 

models perform consistently well throughout the communication rounds, and they are also stable in their 

performance. Thus, demonstrating strong capabilities in identifying the DME disease in coloured fundus 

images. The FDL model is based on the InceptionV3 model is generally effective and maintains a 

commendable performance in the identification of DME, still it has some inconsistencies due to which it is 

unstable in between. The FDL model with AlexNet architecture displays a lower and inconsistent 

performance in comparison to the other models that achieve a high accuracy score in a few rounds. The 

performance comparison based on the accuracy of prediction of the FDL based on EfficientNetB0, 

MobileNetV2, AlexNet, and InceptionV3 architectures for detecting DR is shown in Figure 10(b). An 

exceptional performance in terms of accuracy score and model stability is shown by EfficienNetB0 and 

InceptionV3, proving to be highly capable of detecting DR. The MobileNetV2-based FDL model performed 

higher in terms of the accuracy achieved, yet it is not as consistent in comparison to the EfficientNetB0 and 

InceptionV3 models. The AlexNet-based FDL model does not perform as well when compared to the other 

FDL models and is not a stable model, showing high fluctuations across the communication rounds. Thus, 

the AlexNet-based FDL model is not reliable for identifying DR in coloured fundus images. The 

performance in terms of prediction accuracy of the four FDL models based on EfficientNetB0, AlexNet, 

InceptionV3, and MobileNetV2 architecture for the detection of Glaucoma is depicted in Figure 10(c) 

throughout the 20 communication rounds. A superior performance in terms of accuracy is showcased by 

the FDL models based on MobileNetV2 and EfficientNetB0 architectures. The FDL models based on 

MobileNetV2 and EfficientNetB0 are also more stable in their performance in comparison to the FDL 

models with InceptionV3 and AlexNet architectures. The FDL model with Inception V3 architecture 

exhibits a good performance but is not as stable and converges late when compared to the EfficientNetB0 

and MobileNetV2 architectures in identifying Glaucoma. The InceptionV3 exhibits a good performance 

but is not as stable and converges late when compared to EfficientNetB0 and MobileNetV2 in identifying 

Glaucoma. However, the AlexNet-based FDL model's performance is not stable and not up to the mark 

when identifying Glaucoma. The results presented in Figure 10(d) are the comparison of accuracy scores 

for the Normal class obtained by FDL models based on EfficientNetB0, MobileNetV2, AlexNet, and 

InceptionV3 architectures across multiple communication rounds. The FDL models with EfficientNetB0 

and InceptionV3 architectures demonstrate high performance after initial rounds and the accuracy becomes 

high consistently throughout. Therefore, both models are able to identify the normal class cases effectively. 

This means that models are robust and minimize false positive cases. The FDL model with MobileNetV2 

architecture also performs well with little deviations. This shows that the MobileNetV2-based FDL model 

is also a reliable model for identifying healthy cases. In contrast, the FDL model with AlexNet architecture 

performs poorly and has a lot of fluctuations. Thus, indicating that the AlexNet-based model is not suitable 

for identifying the normal cases, this may lead to misclassification.  

 

Figure 11 compares the proposed FDL model's performance with the state-of-the-art models for detecting 

diabetic eye diseases such as DR, DME, and glaucoma. The research works presented above differ in terms 

of learning scenarios, their dataset composition, and the task scope. Many of these are based on single-

disease classification, while the proposed approach uses a federated multi-disease framework. Therefore, 

the comparison is made as a general performance reference rather than a strictly equivalent benchmark due 

to differences in datasets and experimental settings. The proposed work achieves a significantly higher 

accuracy score of 97.96%, while the other models, like the vision transformer-based model, achieve 95%, 

and an improved DenseNet model achieved 94.27% accuracy. This showcases the ability of the proposed 

model in handling federated learning environments while ensuring data privacy and achieving higher 

diagnostic accuracy for detecting multiple diabetic eye diseases. 
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c) d) 

 

Figure 10. Presentation of the obtained accuracy scores for the a) DME, b) DR, c) Glaucoma, and d) Normal class 

with different models over communication rounds. 

 

 

 
 

Figure 11. Comparison of the proposed work with the existing state-of-art models for the detection of diabetic eye 

diseases. 
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6. Conclusion and Future Work 
The article presented a privacy-preserved and collaboratively trained federated deep learning framework 

for detecting diabetic eye diseases, including Diabetic Retinopathy (DR), Diabetic Macular Edema (DME), 

and Glaucoma. The proposed federated deep learning framework addresses the key challenge in centralized 

machine learning and data privacy. The use of federated learning ensures that sensitive patient information 

remains secure due to the training process being distributed across decentralised data sources. The 

utilisation of FedProx aggregation mechanism in the framework helps in dealing and mitigating the impact 

of data heterogeneity across clients. Thus, enhancing the stability and robustness of the global model. 

 

The performance of multiple federated deep learning models based on EfficientNetB0, MobileNetV2, 

AlexNet, and InceptionV3 is evaluated and compared. The results demonstrated that the EfficientNetB0 

and InceptionV3 based federated models outperformed others, achieving over 97.96% accuracy across 

communication rounds, making them highly reliable for detecting diabetic eye diseases. In terms of 

stability, the EfficientNetB0-based model is the highest, with the slightest deviation. In contrast, AlexNet 

exhibited lower accuracy and instability, highlighting the importance of selecting appropriate models for 

healthcare applications. Therefore, the EfficientNetB0-based federated deep learning model is the most 

suited for detecting diabetic eye diseases.  

 

Future work may focus on further optimizing the framework for non-IID data, exploring additional models, 

and extending the application of federated learning to other critical healthcare domains. This research work 

contributes to the growing secure, decentralized machine learning field, paving the way for more advanced, 

privacy-conscious healthcare solutions. Additionally, cross-validation and multi-seed experiments might be 

added to further strengthen the statistical reliability of the results. Additionally, patient-wise data 

partitioning might also be explored where metadata is available to better simulate real-world federated 

learning scenarios. 

 

Furthermore, the integration of advanced privacy-preserving techniques such as secure aggregation, 

encryption and differential privacy and analysis of communication overhead and communication-efficient 

strategies may be explored for improving practical deployment. 
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