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ABSTRACT 
 

Early detection of retinal diseases, particularly diabetic retinopathy (DR), is essential for preventing 
irreversible vision loss; however, the lack of annotated datasets, class imbalance, and privacy concerns 
remain major challenges for automated diagnosis. This paper proposes a hybrid retinal disease detection 
approach using synthetic fundus images and three techniques: StyleGAN, a diffusion model, and a multi-
scale attention-based convolutional neural network (CNN). StyleGAN generates anatomical structures 
similar to the human eye, and the diffusion model refines pathological details to produce high-quality 
images. Augmented images are added to address data scarcity and improve class balance. The improved 
dataset is then fed into a multi-scale attention-based CNN for accurate ocular disease diagnosis. This 
proposed framework was tested on the publicly available EyePACS (≈35,000 images) and APTOS 2019 
(≈3,662 images) image databases. Approximately 20,000 synthetic fundus images were generated and 
combined with the original datasets, resulting in an augmented dataset of nearly 55,000 images. The 
experimental results show that the proposed method achieved an accuracy of 97.8%, a precision of 97.2%, 
a recall of 96.5%, an F1 score of 96.8%, and an ROC-AUC of 0.991, which are better than those of some 
other state-of-the-art deep learning models. The ablation study also validates the effectiveness of 
combining synthetic image generation, diffusion-based refinement, and attention-guided feature learning. 
The proposed system provides a strong privacy-preserving proposal for automated retinal disease diagnosis 
and has great potential for clinical use in real-world medicine. 
 
Keywords: Generative AI, Retinal Disease Detection, Synthetic Fundus Images, Attention-Based CNN, 

Diffusion Models, Medical Image Analysis 

1. INTRODUCTION  

Some of the major causes of permanent 
blindness in the world (impairment of the eye's 
most important function) are diabetic retinopathy 

(DR), age-related macular degeneration (AMD), 
and glaucoma. However, the potential of up to 90% 
of preventable vision loss is not realized because 
access to large-scale screening is limited, especially 
in lower-resource settings, according to global 
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health [1]. Fundus photography is a commonly used 
non-invasive imaging technique for a retinal 
examination. Manual diagnosis, however, requires 
considerable time and relies heavily on highly 
skilled ophthalmologists, leading to varying 
interpretations of the diagnosis from person to 
person and potentially delaying it [2]. 

Recent advances in deep learning, particularly 
convolutional neural networks (CNNs), have 
significantly improved the automatic detection of 
eye diseases in retinal images. Hailu et al. [3] were 
among the first to show that deep CNNs can 
achieve performance comparable to that of human 
experts in detecting DR from fundus images. In 
later works, deeper architectures, transfer learning, 
and attention mechanisms were applied to further 
enhance detection accuracy [4], [5]. The dearth of 
large, labeled data sets, however, is a limitation of 
deep learning models, which are often trained on 
smaller labeled sets due to privacy concerns, high 
labeling costs, and the fact that some labeled 
subsets are highly unbalanced in class distributions 
[6]. 

Therefore, one possible approach to solving 
these limitations is the application of Generative 
Artificial Intelligence (AI) for data augmentation 
and the creation of synthetic data. The Generative 
Adversarial Networks (GANs) [7] of Akpinar et al. 
are excellent at generating photo-realistic images 
across a variety of applications. In medical 
imaging, GANs have been applied in various areas, 
including generating synthetic retinal images [8], 
diversifying datasets [9], and enhancing model 
robustness. GANs [10] are prone to limitations, 
such as mode collapse, instability during training, 
and limited control over fine-grained pathological 
features. 

Perhaps recently diffusion models have drawn 
the attention of researchers because of their high 
fidelity and stability in image generation. These 
models progressively denoise the image, producing 
images with greater diversity and detail compared 
to GAN-based methods [11]. Clinically relevant 
medical images are also shown to be generated by 
the diffusion-based generative model with better 
structural consistency [12]. Their use in detecting 
retinal diseases, however, remains relatively 
unexplored in combination with discriminative 
models. 

Another important problem with retinal disease 
categorization is the precise location of 

pathological events, such as microaneurysms, 
hemorrhage, and exudates. By including an 
attention mechanism within the CNN architecture, 
more relevant feature values have been learned 
from the disease-relevant areas [13]. A multi-scale 
feature extraction further resolves the problem and 
models the global structure and fine-scale 
abnormality, thereby improving the disease's 
diagnostic ability [14]. 

Yet, despite these advances, a fundamental 
research need remains to develop an integrated 
approach to generate high-quality synthetic data 
and classifiers for early-stage classification of 
retinal diseases. Traditional approaches to image 
augmentation with GANs and conventional CNN-
based architectures fail to leverage the 
complementary strengths of image generation 
paradigms and attention mechanisms. 

In this paper, we propose a comprehensive 
framework that leverages Generative AI to 
overcome the aforementioned challenges in 
detecting retinal diseases. The work in particular 
focused on the design of a hybrid generative model 
combining Generative Adversarial Networks 
(GANs, particularly StyleGAN) and diffusion 
techniques to generate realistic synthetic fundus 
images. The study also aimed to address data 
scarcity and class imbalance by leveraging effective 
synthetic data augmentation strategies. Further, a 
multi-scale convolutional neural network (CNN) 
with an attention mechanism was presented to 
achieve accurate detection of retinal diseases, 
focusing on both global and fine-grained 
pathological features. The standard metrics are used 
to quantify performance improvement from the 
inclusion of synthetic data with the proposed 
framework. The second goal of the study was to 
address data inadequacy and imbalance by 
synthetically expanding the dataset using applicable 
methods. The authors have proposed another multi-
scale convolutional neural network (CNN) with 
attention mechanisms to accurately detect retinal 
diseases by considering notable features at both 
global and fine-grained scales. The proposed 
framework is tested using commonly used metrics 
to assess the merits of introducing synthetic 
information. The study also underscored the 
importance of creating AI-driven solutions that 
protect patient privacy while minimizing the need 
for detailed medical information, enabling the 
ethical and secure use of AI in clinical settings.
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Figure 1. Evolution of retinal disease detection and the proposed hybrid generative framework

The proposed hybrid approach is delineated 
around the development of retinal disease detection 
techniques, as illustrated in Figure 1, and the 
motivation for this hybrid approach. Previously, 
retinal diseases were diagnosed by manual 
examination of fundus images; however, this is 
time-consuming and relies on an ophthalmologist's 
expertise. Later, convolutional neural networks 
(CNNs) facilitated the automatic identification of 
retinal diseases with higher diagnostic accuracy. 
However, challenges such as limited, imbalanced, 
and privacy-sensitive datasets hampered the 
performance of deep learning models. These 
problems have led to the proposal of Generative 
Adversarial Networks (GANs) to generate synthetic 
fundus images, thereby increasing the diversity of 
datasets. Then the diffusion models produced more 
realistic images, improving their quality and 
stability. However, to date, no fully developed 
integrated framework combining generative models 
and detection architectures has been presented. 
Therefore, this paper presented a hybrid network 
comprising GANs, diffusion models, and attention-
based CNNs to effectively detect retinal disease 
while protecting privacy. 

This research addresses the lack of a 
comprehensive solution that integrates high-fidelity 
fundus image generation with attention-based 
disease classification for multi-scale retinal disease 
analysis. Previous studies have largely used CNNs, 
GANs, diffusion models, and attention mechanisms 
separately to recognize retinal diseases, but these 
approaches still face limitations, including small 
datasets, class imbalance, limited lesion data, and 
poor generalization to early-stage retinal disease. 
To address these problems, an innovative hybrid 
Generative AI approach will be developed by 
combining StyleGAN, a diffusion model, and a 
multi-scale attention-based CNN to generate high-
fidelity synthesized retinal images and improve 
disease classification results. It is proposed that the 

developed framework will further improve early 
prediction accuracy, enhance performance across 
disease severity levels, and provide a privacy-
preserving mechanism that can be translated into 
real-world clinical scenarios for automated retinal 
disease detection. 

The rest of the paper is organized as follows: 
According to the literature survey in part 2, there 
are programs that detect retinal disease and 
generative AI, which have been part of research on 
hybrid learning. The proposed methodology, such 
as the dataset, preprocessing, the hybrid generative 
model, and the multi-scale attention-based CNN 
architecture, is presented in Section 3. Experiments, 
performance comparison, and evaluation against 
existing experiments are described in Section 4. A 
summary of the major findings, the limitations, and 
future research directions is described in Section 5. 

2. RELATED WORK 

Research has been conducted on many aspects 
of automated detection of retinal diseases using 
machine learning or deep learning techniques. It 
reviews recent advancements in retinal image 
analysis, generative artificial intelligence in medical 
imaging, and a hybrid learning framework, and 
includes potential limitations and gaps in the 
research. 

The first generation of deep learning methods 
mainly employed feature extraction and 
classification techniques using convolutional neural 
networks (CNNs). In a few studies, CNN models 
such as VGGNet and InceptionNet have achieved 
high diagnostic accuracy for DR and other retinal 
diseases [15-17]. These relied on transfer learning 
methods to reduce data size and address the 
dataset's limitations across different imaging 
scenarios. However, under extreme 
misclassification, when data sets are small, or when 
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diagnosis is focused on early stages of the disease, 
performance can be poor. 

The challenges were tackled by proposing 
ensemble learning and hybrid architectures. For 
instance, machine learning classifiers such as 
Support Vector Machines (SVMs) and Gradient 
Boosting were used to enhance classification 
robustness by incorporating them into CNNs [18]. 
In addition, multi-model ensembles demonstrated 
greater accuracy by combining models to reduce 
model variability and enhance reliability [19]. 
However, these learning methods have relied 
primarily on the availability of diverse, well-labeled 
training data. 

The surging popularity of data augmentation 
has spurred extensive research on generative 
models for medical images. Given the widespread 
interest in data augmentation, generative models 
have been widely studied in medical imaging. To 
overcome the issue of low-data regimes, 
Conditional Generative Adversarial Networks 
(cGANs have been proposed to generate labeled 
retinal images for supervised training [20]. More 
recently, CycleGAN has been extended to handle 
domain adaptation, enabling translation across 
modalities and improving generalization to other 
datasets [21]. These techniques increased data 
diversity but lost the vital pathological information 
necessary for clinical diagnosis. 

Recently, diffusion-based generative models 
have achieved remarkable success in generating 
high-resolution, realistic medical images. 
Tremendously successful applications include 
image reconstruction, image denoising, and image 
synthesis in the medical field [22]. Diffusion 
models are shown to outperform GAN-based 
models in terms of structural consistency and lesion 
representation for retinal images [23]. This is 
presently limited to end-to-end diagnostic pipelines 
and is heavily bottlenecked by its computational 
complexity, which is problematic for real-time 
applications. 

In addition, much research effort has been 
dedicated to developing attention mechanisms to 
improve the interpretability and performance of 
models. Spatial and channel attention models take 
in clinically relevant regions of the image, such as 
microaneurysms and hemorrhages [24]. 
Architectures like Vision Transformers (ViTs) and 
hybrid CNN-transformer architectures that are good 
at capturing long-range dependencies have been 
found to be better at representing features in retinal 
images [25]. These models can be very performant 
but highly resource-intensive and data-intensive. 
Another line of research is to minimize the need for 

labeled data, such as by using self-supervised and 
semi-supervised learning methods. The concept of 
"contrastive learning frameworks" has been 
introduced to analyze retinal images and learn 
useful representations from unlabelled images [26]. 
For privacy reasons, federated learning has been 
proposed as an approach where a model is trained 
using a group of models that don't exchange raw 
data. All of this is good, but sometimes it can result 
in too much communication overhead and problems 
with converging the models. 

In recent years, there has been an increasing 
number of contributions combining generative AI 
with a classification network into a single 
multimodal system. A combination of GANs for 
augmentation and CNN classifiers [28] has 
improved diagnostic accuracy. Moreover, 
reinforcement learning approaches to adaptation for 
image generation and feature optimization have 
been studied [29]. However, such approaches can 
be unfeasible at scale and cannot leverage multiple 
generative paradigms. 
Finally, tremendous progress has been witnessed in 
the detection of retinal disease and the generation 
of medical images in the current studies. However, 
there are still major challenges: limited data 
diversity, insufficient integration of advanced 
generative models, and the need for robust, 
interpretable, and scalable diagnostic systems. 
These limitations motivate the proposed hybrid 
generative AI framework for improving the early 
detection of retinal diseases, combining diffusion 
models, GANs, and attention-based CNN 
architectures. 

 
Figure 2. Conceptual Overview of Related Work 

and Research Gap in Generative AI-Based Retinal 
Disease Detection 
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Figure 2 presents a conceptual overview of the key 
research areas for detecting retinal diseases using 
generative AI, along with the existing research gap. 
It provides a review of the evolution of early retinal 
image analysis to state-of-the-art hybrid learning 
frameworks. The diagram includes important topics 
such as early deep learning methods, hybrid 
models, generative AI, domain adaptation, 
diffusion models, attention mechanisms, 
transformer-based architectures, federated learning, 
and hybrid generative-CNN approaches. Each of 
these components is an important research area that 
has helped in the diagnosis of retinal diseases and 
the analysis of medical images. However, the figure 
also indicates a research gap: the absence of a 
unified framework that can effectively integrate 
generative models, attention mechanisms, diffusion 
techniques, and robust classification architectures, 
despite significant progress. This gap motivated the 
development of the proposed hybrid generative AI 
framework for accurate and privacy-preserving 
retinal disease detection. 

3. MATERIAL AND METHOD 

In this section, we propose a new, 
reproducible hybrid Generative-Discriminative 
framework for the early detection of retinal 
diseases. The pipeline includes three components: 
1. curated datasets; 2. a pipeline for generating 
synthetic fundus images with a hybrid styleGAN-
diffusion generator; 3. a multi-scale deep attention 
CNN for the classification task. The design choices, 
parameters, and training procedures are all well 
documented for reproducibility. 
3.1 Framework Design 

The proposed method combines discriminative 
and generative approaches and is suitable for early-
stage retinal disease recognition. The framework 
development process consists of five stages: (1) 
acquiring and preparing retinal fundus images from 
public datasets; (2) preprocessing the images to 
enhance visual quality and normalize the datasets; 
(3) generating synthetic retinal fundus images using 
a hybrid StyleGAN and diffusion model; (4) 
combining real and synthetic images for dataset 
augmentation; and (5) applying a multi-scale 
attention-based CNN for retinal disease 
classification. This approach can be implemented in 
a modular manner to support better feature 
learning, class balancing, more accurate prediction, 
and patient privacy. 
3.2 Description of Data Sets 

The robustness and generalization capabilities 
of the proposed framework for retinal disease 
detection are demonstrated by testing it on two 

public benchmark datasets: the EyePACS diabetic 
retinopathy dataset [30] and the APTOS 2019 
Blindness Detection dataset [31]. The EyePACS is 
a collection of retinal fundus images from the 
Kaggle challenge on Detecting Diabetic 
Retinopathy (DR) that were acquired under various 
imaging conditions and DR severity levels. Finally, 
the APTOS 2019 Blindness Detection dataset from 
Kaggle will enable deeper validation of models for 
detecting retinal abnormalities, as it includes high-
resolution fundus images classified into multiple 
categories of disease severity. These datasets, when 
combined, allow one to create a wide variety of 
useful clinical retinal images across different 
disease activity phases, thereby promoting the 
development of a robust, generalized deep learning 
model. 

Table 1. Dataset Parameters 
Parameter EyePACS APTOS 

2019 
Total Images ~35,000 ~3,662 
Classes 5 (No DR → 

Proliferative DR) 
5 

Image 
Resolution 

512×512 (resized) 512×512 

Format RGB fundus 
images 

RGB fundus 
images 

Split Ratio 70:15:15 70:15:15 
We present the detailed characteristics of the 

EyePACS/Acules system used in this study for 
detecting retinal disease in Table 1. The EyePACS 
dataset comprises ~ 35,000 fundus images. 
However, the APTOS 2019 dataset has around 
3662 images. All images were resized and captured 
in RGB to 512 × 512 in order to enable consistent 
model training, and were annotated with five levels 
of DR severity ranging from No DR to Proliferative 
DR. For the training, validation, and testing sets, 
split ratios of 0.7:0.15:0.15 were used for both 
datasets, as this provided a balanced evaluation of 
the model and good model generalization. 

For the analysis, we used two publicly 
available benchmark datasets: EyePACS and the 
APTOS 2019 Blindness Detection dataset. The 
retinal fundus images in these datasets represent 
severity levels of diabetic retinopathy (DR) from 1 
to 5. The images were obtained from the official 
repository on Kaggle. Only high-quality retinal 
fundus images with valid diagnostic labels were 
included. To ensure reliable model training and 
testing, duplicate and severely degraded images 
were excluded during preprocessing. 
3.3 Data Cleaning 

The images underwent several preprocessing 
steps to produce consistent, coregistered, high-
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resolution images for model training. To obtain 
images of the same size and with lower 
computation complexity, all retinal images were 
resized to a common resolution of 512 × 512. After 
that, the Contrast Limited Adaptive Histogram 
Equalization (CLAHE) method was applied to 
enhance local contrast and aid visualization of 
retinal structures and lesions. The image was 
filtered with a Gaussian filter to reduce unwanted 
noise, thereby improving clarity while preserving 
important anatomical details. Finally, we 
normalized the pixel values to stabilize training and 
accelerate model convergence. From a 
mathematical point of view, normalization was 
defined as: 

Inorm=
(I−μ)

σ
  (1) 

where I is the input image pixel intensity, μ is 
the mean pixel value, and σ is the standard 
deviation of the image pixels. By combining this 
preprocessing pipeline with the proposed deep 
learning framework, we achieved better overall 
performance and more consistent features. 

 
Figure 3. Sample Fundus Images (a) Normal retinal 
fundus image with healthy retinal structures (b) 
Fundus image with diabetic retinopathy with hard 
exudates (c) Fundus image showing retinal 
hemorrhage in advanced diabetic retinopathy [32] 
3.4 Hybrid Generative Model 

This work presents a novel two-stage 
generative framework for synthesizing high-quality 
synthetic retinal fundus images with improved 
structural consistency and lesion details. First, 
StyleGAN was used to learn global anatomical 

structures in retinal images, including the optic 
disc, vascular patterns, and overall retinal 
morphology. The generator received a latent vector 
sampled from a Gaussian distribution, which is 
expressed as: 

z∼N(0,1)  (2) 
The model can generate a variety of retinal images 
while maintaining realistic global structures. Then, 
in the second stage, the generated images were 
further enhanced using a diffusion model to 
improve micro-level pathological details (e.g., 
hemorrhages, exudates, and lesion boundaries). The 
forward diffusion process added progressively 
Gaussian noise to the image distribution and was 
mathematically defined as: 

q(xt∣xt-1)=N(xt;ට1-βtxt-1,βtI) (3) 

The reverse diffusion process was applied to 
reconstruct the denoised image representation: 

pθ(xt-1∣xt)   (4) 
To enhance the overall image synthesis quality, we 
propose a novel hybrid loss function by combining 
adversarial, diffusion and perceptual losses: 

Ltotal=λ1LGAN+λ2Ldiffusion+λ3Lperceptual (5) 
Where ℒீ஺ே  is the adversarial loss for realistic 
image generation, ℒௗ௜௙௙௨௦௜௢௡  the reconstruction loss 
for diffusion refinement and ℒ௣௘௥௖௘௣௧௨௔௟  the feature 
similarity loss to keep clinically relevant retinal 
structures. This hybrid framework has generated 
realistic, diagnostically relevant synthetic fundus 
images to improve the detection of retinal disease. 
where ℒீ஺ேrepresents the adversarial loss for 
realistic image generation, ℒௗ௜௙௙௨௦௜௢௡denotes the 
reconstruction loss for diffusion refinement, and 
ℒ௣௘௥௖௘௣௧௨௔௟measures feature similarity to preserve 
clinically relevant retinal structures. This hybrid 
framework enabled the generation of realistic and 
diagnostically meaningful synthetic fundus images 
for improved retinal disease detection. 
3.5 Synthetic Data Augmentation 

To achieve data augmentation, the presented 
hybrid generative framework created approximately 
20,000 synthetic retinal fundus images by 
combining StyleGAN and diffusion models. The 
generated images were combined with the original 
datasets to address data scarcity and improve class 
representation across all levels of diabetic 
retinopathy severity. The augmentation policy 
effectively balanced the dataset by upsampled 
minority classes, thereby minimizing class 
imbalance, reducing class bias in the model, and 
improving predictive performance for minority 
classes. To get a large and diverse set of 
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approximately 55,000 retinal fundus images, we 
mixed real (with synthetic) images. 
3.6 Proposed Architecture Model 

A novel hybrid Generative AI framework was 
proposed for the early detection of retinal diseases 
with synthetic fundus images. The framework was 
proposed to address significant challenges in retinal 
image analysis, including limited annotated 
datasets, class imbalance, variation in lesion 
appearance, and privacy issues in medical data 
sharing. 

To overcome limitations, the proposed system 
combines synthetic image generation with 
attention-based deep learning classification to 
improve diagnostic accuracy and model 
generalization. 

The model’s general architecture consisted of 
two interconnected components: 

1. Hybrid Generative Module for Synthetic Retinal 
Image Synthesis 
2. Multi-Scale Attention Classification Module for 
Retinal Disease Detection 
The sequential steps of the proposed model 
workflow, including pre-processing, image 
synthesis, augmentation, feature extraction, 
attention-based learning, and classification, are 
presented below. 

The retinal fundus images from the EyePACS 
and APTOS 2019 datasets were initially provided 
to the model. Preprocessing was applied to 
standardize image quality and enhance lesion 
visibility, given that retinal images often exhibit 
variations in illumination, contrast, and noise 
levels. The main novelty of the proposed model 
was the unification of StyleGAN and Diffusion 
Models into a single framework of image synthesis.

 

 
Figure 4. The step-wise architecture of the proposed multi-scale attention-based CNN for retinal disease 

classification

Figure 4 shows the workflow of the proposed 
multi-scale attention-based convolutional neural 
network (CNN) architecture for retinal disease 
detection. The process starts by pre-processing 
retinal fundus images, resizing the images to 
512×512 pixels for standard input. The initial 
convolutional layers extract low-level retinal 
features, such as textures and vessel patterns, using 
progressively larger filter sizes. The deeper 
convolutional layers learn the pathological features 
of the retinal abnormalities later. We adopt a multi-
scale feature-extraction block with parallel 3x3 and 
5x5 convolutions to simultaneously extract global 
and fine-grained retinal features. Then, the attention 
mechanism focuses on lesions and abnormal 
regions to improve the representation of clinically 
relevant features. Finally, fully connected layers are 
used for high-level classification, and the softmax 

output layer predicts one of the five classes of 
retinal disease severity: no DR, mild, moderate, 
severe, or proliferative DR. 

Table 2. Architecture Overview 
Layer Filters Kernel Description 
Conv1 32 3×3 Low-level 

features 
Conv2 64 3×3 Texture 

extraction 
Conv3 128 3×3 Deep features 
Multi-
Scale 
Block 

64/128/256 3×3, 
5×5 

Parallel 
feature 
extraction 

Attention 
Module 

— — Focus on 
lesions 

FC Layer 256 — Classification 
Output 5 — Softmax 
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Table 2 summarizes the architecture of the 
proposed multi-scale attention-based CNN for 
retinal disease classification includes convolutional 
layers with 3 × 3 kernels that extract low-level, 
texture, and deep pathological features. The multi-
scale block extracts features at different spatial 
scales using parallel convolutions. A lesion region 
attention module highlights critical regions, 
followed by a fully connected layer for 
classification. Finally, a softmax output layer 
predicts one of the five levels of retinal disease 
severity. 
Attention Mechanism 

A(x)=σ(W1x+b1)⋅x  (6) 
where: 

 𝐴(𝑥): attention-weighted features  

 𝜎: sigmoid activation  
3.6 Mathematical Model  
Classification Objective 

𝑦ො = arg max 𝑃(𝑦 ∣ 𝑥)  (7) 
Loss Function (Cross-Entropy) 

ℒ = − ∑ 𝑦௜
ே
௜ୀଵ log (𝑦ො௜)  (8) 

3.7 Training Details 
Table 3. Training Hyperparameters and 

Experimental Setup 
Parameter Value 
Optimizer Adam 

Learning Rate 0.0001 
Batch Size 32 

Epochs 50 
Dropout 0.5 

Hardware NVIDIA GPU 
Table 3 summarises the training 

hyperparameters and experimental setup of the 
proposed retinal disease detection model. The 
ADAM optimizer with a learning rate of 0.0001 
was used for stable convergence. To balance 
computational efficiency and learning performance, 
we set the batch size to 32 and ran 50 training 
epochs. A dropout rate of 0.5 was used to reduce 
overfitting and improve the model's generalization. 
All experiments were run on an NVIDIA GPU to 
speed up the deep learning computations and model 
training. 

The framework was introduced systematically. 
First, the retinal fundus images were preprocessed 
by resizing, enhancing contrast, reducing noise, and 
normalizing the images. Second, a model was 
trained to combine StyleGAN features with the 
diffusion model to generate realistic synthetic 
retinal images, which were then added to the 
original dataset to achieve class balance. Third, the 
enhanced dataset was used as input to train the 
proposed multi-scale attention-based CNN. Finally, 

the trained model was evaluated on an independent 
test set using Accuracy, Precision, Recall, F1 score, 
and Receiver Operating Characteristic–Area Under 
the Curve (ROC-AUC) to assess diagnostic 
performance. 
3.8 Algorithm 
Algorithm: Generative–Classification Pipeline 
Input: Fundus dataset 𝐷 
Output: Trained classification model 
1. Load dataset 𝐷 
2. Preprocess images (resize, normalize, enhance)  
3. Train StyleGAN on 𝐷 
4. Generate synthetic images 𝑆 
5. Refine 𝑆using diffusion model  
6. Combine dataset: 𝐷ᇱ = 𝐷 ∪ 𝑆 
7. Train multi-scale attention CNN on 𝐷ᇱ 
8. Evaluate model using test data  
9. Output trained model  
3.9 Novelty of the Proposed Method 

The proposed framework presented several 
new contributions in the detection of retinal 
diseases and the generation of synthetic medical 
images. First, it unified StyleGAN and diffusion 
models for retinal image synthesis, enabling the 
generation of high-quality fundus images with 
improved structural consistency and refined lesion 
detail. Second, a multi-scale attention-based CNN 
model is designed to learn from lesions, effectively 
extracting global topographic information of the 
retina and fine-grained pathological detail 
information. Thirdly, a hybrid loss function 
combining the adversarial, diffusion, and perceptual 
losses was developed to further enhance the 
realism, diversity, and diagnostic value of 
generated images. Finally, the framework included 
a privacy-preserving data augmentation pipeline 
used to balance the data, improve model 
generalizability, and minimize reliance on sensitive 
patient information. 
3.10 Reproducibility Remarks 

The primary datasets to be replicated for the 
proposed study should be the EyePACS dataset and 
the APTOS 2019 retinal fundus image datasets. To 
preprocess and train a model consistently, all input 
images are resized to a fixed resolution of 512×512 
pixels. The original hyperparameters of the Adam 
optimizer, learning rate, batch size, number of 
epochs, and dropout should be used in the training 
process. Moreover, to create realistic synthetic 
images and stabilize model optimization, the 
proposed hybrid loss function combining 
adversarial, diffusion, and perceptual losses must 
be implemented. The entire framework can be 
constructed and duplicated using deep learning 
libraries, such as PyTorch or TensorFlow. 
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3.11 Ethical Considerations 
This study was conducted using the publicly 
available EyePACS and APTOS 2019 retinal 
fundus image datasets. These datasets contain de-
identified retinal fundus images and do not include 
any personally identifiable patient information. 
Therefore, no additional ethical approval or 
informed patient consent was required for this 
research. The study was performed in accordance 
with the respective dataset usage policies and 
ethical guidelines for research involving publicly 
available medical data. 
4. Results and Discussion 

The experimental results are presented to support 
analysis of the effectiveness of the recommended model. 
Using conventional evaluation measures, the model will 
be quantitatively analyzed for two purposes: first, to 
assess its efficiency. A confusion matrix will then be 
used to evaluate the model's classification performance 
across various levels of retinal disease severity, and a 
Receiver Operating Characteristic (ROC) analysis will 
also be performed. Lastly, the proposed framework is 
compared with existing deep learning techniques to 
assess its effectiveness and the role of the hybrid 
StyleGAN-diffusion-attention-based CNN structure. 

In this section, the proposed hybrid framework for 
retinal disease detection using Generative AI is evaluated 
through quantitative performance analysis, comparative 
studies with existing methods, and a detailed discussion 
of the experimental results. 
4.1 Experimental Design 

The images of the retinal fundus are taken from 
the dataset of EyePACS and APTOS 2019 for 
experimental evaluation. We experimentally 
evaluate on the EyePACS and APTOS 2019 retinal 
fundus image datasets. We augmented the dataset 
with synthetic data, increasing its size to about 
55,000 images and ensuring a well-rounded training 
set for the model. The data set was split into 
training, validation, and test sets with ratios 
70:15:15, so that performance could be evaluated 
and the model could be generalized. All 
experiments were run on a GPU with 16 GB of 
VRAM from NVIDIA to handle computationally 
intensive deep learning operations. Then, we build 
and train the proposed framework using the 
TensorFlow and PyTorch deep learning libraries to 
ensure fast model development and training. 
4.2 Metrics 

To evaluate the performance of the model, we 
used the popular metrics used in medical image 
classification: 
Accuracy  

Accuracy=
TP+TN

TP+TN+FP+FN
 (9) 

Precision 

Precision=
TP

TP+FP
  (10) 

Recall (Sensitivity) 

Recall=
TP

TP+FN
  (11) 

F1-Score  

F1=2⋅
Precision⋅Recall

Precision+Recall
 (12) 

ROC-AUC 
Calculates the percentage of examples that fall 
between thresholds for different classes and 
accuracy drops. 
4.3 Quantitative Results 

Table 4. Performance of Proposed Model 
Metric Value 
Accuracy 97.8% 
Precision 97.2% 
Recall (Sensitivity) 96.5% 
F1-Score 96.8% 
ROC-AUC 0.991 

Finally, the performance of the proposed 
retinal support disease detection system, as 
measured by standard metrics, is presented in Table 
4. The presented model achieved 97.8% accuracy in 
classifying the severity of retinal diseases, 
demonstrating its high efficiency in this task. By 
minimizing false positives, the model achieved a 
precision of 97.2% and accurately detected diseased 
cases, achieving a recall (sensitivity) of 96.5%. 
With an F1-score of 96.8%, precision and recall are 
well-balanced. Moreover, the model achieved 
excellent discriminative performance (AUC of 
0.991) and strong classification performance across 
retinal disease classes. 

 
Figure 5. Overall Performance of the Proposed 

Model 
Figure 8 shows the performance of the 

proposed model evaluated using different metrics 
(Accuracy, Precision, Recall, F1-Score, ROC-
AUC). The chart shows that the proposed 
framework is robust and effective, achieving high 
performance across all metrics. The ROC-AUC 
performed best, with the highest value among the 
metrics, indicating strong classification and 
discrimination by the model. The F1 Score and the 
subtle trade-off between Precision and Recall 
further demonstrate the system’s accuracy and 
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reliability for medical image understanding and 
disease prediction. 
A) Confusion matrix analysis 

The analysis of the confusion matrix showed a 
high true-positive rate across all DR stages, 
indicating the proposed microwave model's 
efficiency in correctly classifying DR stages. The 
model showed low misclassification rates in early 
diabetic retinopathy cases, suggesting the model’s 
ability to detect early retinal changes and 
subclinical retinal pathobiology. Furthermore, the 
use of synthetic images significantly improved the 
detection performance of the minority class by 
alleviating class imbalance, thereby improving the 
overall goodness and generalization performance of 
the models. 

 
Figure 6. Confusion Matrix Analysis of the 

Proposed Deep Learning Framework for Diabetic 
Retinopathy Severity Classification 

Figure 6 shows the classification accuracy of 
the proposed deep learning model across the classes 
No DR, Mild DR, Moderate DR, Severe DR, and 
Proliferative DR. The diagonal elements are 
dominant, indicating a high True Positive (TP) rate 
and superior predictive accuracy across all classes. 
In some cases, the retinitis stages differ, which can 
be used to demonstrate the model's ability to 
distinguish between retinal disease stages, 
especially in early DR, where subtle pathological 
changes are hard to observe. Results also 
demonstrate that combining synthetic fundus 
images yields larger contributions from minority 
classes and alleviates class imbalance, thereby 
improving the robustness, sensitivity, and overall 
generalization of the classification. 
4.4 Comparison of the Model with Previous 
Models 
Table 5. Performance comparison of the proposed 
model with the existing retinal disease detection 

model 

Model Accurac
y 

Recal
l 

F1-
Score 

AU
C 

VGG16 90.5% 88.9
% 

89.2
% 

0.93
2 

ResNet50 92.8% 91.4
% 

91.8
% 

0.95
6 

InceptionV3 93.6% 92.1
% 

92.5
% 

0.96
4 

CNN + GAN 
Augmentatio
n 

95.1% 93.8
% 

94.2
% 

0.97
8 

CNN + 
Attention 

96.2% 94.9
% 

95.3
% 

0.98
4 

Proposed 
Model 

97.8% 96.5
% 

96.8
% 

0.99
1 

Table 5 compares the proposed framework for 
retinal disease detection with several existing deep 
learning models, including VGG16, ResNet50, 
InceptionV3, a CNN with GAN augmentation, and 
a CNN with attention mechanisms. The proposed 
model achieved superior performance across all 
other models on all metrics, with 97.8% accuracy, 
96.5% recall, 96.8% F1, and 0.991 ROC AUC. 
Traditional CNNs with limited data balance, like 
VGG16 and ResNet50, underperformed. 
Experimental results show that combining attention 
mechanisms with GAN-based augmentation 
significantly improves classification accuracy. The 
hybrid system combining StyleGAN, diffusion 
models, and a multi-scale attention CNN improves 
feature extraction, lesion localization, and dataset 
diversity and outperforms existing approaches by a 
large margin. 

Based on the experimental results, the 
proposed framework outperforms existing 
techniques across all evaluation metrics. This 
improvement is due to the synthetic generation of 
high-quality fundus images, which helps overcome 
class imbalance, and the attention mechanism, 
which accurately locates relevant disease features. 
These results show high values of Accuracy, F1-
score, and Receiver Operating Characteristic–Area 
Under the Curve (ROC-AUC), indicating improved 
classification reliability and generalization and 
making the proposed framework suitable for the 
early diagnosis of retinal disease. 
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Figure 7. Accuracy Performance Comparison of 

Deep Learning Models 

In this section, we compare the performance of 
the different deep learning models in terms of 
classification accuracy for the target prediction task 
(see Figure 7). The baseline (e.g., VGG16, 
ResNet50, InceptionV3) and advanced (e.g., 
hybrid) learning approaches have been found to be 
effective, and the models achieve good 
performance. But the advanced models obtain 
higher accuracy. The proposed model achieved the 
highest accuracy of 97.8% compared to existing 
architectures, due to higher feature extraction 
accuracy, more efficient learning, and better 
classification capabilities. 

 
Figure 8. AUC Performance Comparison of Deep 

Learning Models Using Line Graph 

Figure 8 compares the AUC performance of 
the tested deep learning models for the 
classification task. The graph shows the trend of 
increasing AUC values from classical architectures, 
such as VGG16 and ResNet50, to improved hybrid 
techniques that combine GANs and Attention. The 
model has the highest value of 0.991, the highest 
AUC, showing that the model has the strongest 
classification ability, discrimination, and reliability 
of classification compared with the baseline and 
intermediate models. 

The graph shows the AUC comparisons 
between the baseline models and the proposed 
model. The larger the value, the better the 
classification ability. The proposed model achieved 
the highest AUC of 0.991, indicating the strongest 
classification reliability and best performance. 

The results of the proposed hybrid generative 
framework were improved compared to the 

baseline models. The GAN-based model 
framework, coupled with two diffusion models, 
improved the performance and quality of the 
classification images. When GANs are combined 
with a diffusion model, the image refinement is 
enhanced. The use of the attention mechanism 
further improved the model's classification, leading 
to better focus on clinically relevant classifications. 
The problem of classifying each disease was solved 
by the hybrid framework, which improved 
classification. The framework presented good 
performance and reliability. Overall, VLANs and 
attention mechanisms had a great impact on 
synthetic images for better classification. 
4.5 Ablation Study 
To validate the contribution of each component: 

Table 6. Ablation study of the proposed hybrid 
retinal disease detection framework 

Model Variant Accuracy 
CNN (Baseline) 91.2% 
CNN + Attention 94.3% 
CNN + GAN 95.1% 
CNN + Diffusion 96.0% 
CNN + GAN + Diffusion + Attention 
(Proposed) 

97.8% 

Table 6 presents an ablation study of our deep 
learning-based framework for retinal lesion 
detection to assess the importance of various 
components. This shows that the ablation study's 
accuracy on the baseline convolutional neural 
network (CNN) model is about 91.2%. It also 
indicates that the attention mechanism was added to 
improve the accuracy to 94.3%. This result 
emphasizes the importance of lesion-based 
learning-focused feature extraction. The accuracy 
was improved to 95.1% further by using GAN-
based synthetic data augmentation. The accuracy 
also reached 96.0% after adding diffusion-based 
data augmentation, due to improved data quality 
and enhanced feature representation. With the 
inclusion of GAN, diffusion, and attention 
mechanism models, the accuracy reached 97.8%, 
thereby verifying the augmentation framework for 
retinal disease classification. 

This ablation study also revealed that GAN and 
diffusion models for data augmentation enhanced 
the model's quality and consistency, improved data 
quality, and improved classification. The 
introduction of the attention mechanism also 
enhanced the model’s ability to identify and 
‘localize’ areas of concern (lesions) and clinically 
relevant areas of the retina. The highest 
classification accuracy for detecting retinal diseases 
was achieved by integrating GAN, diffusion, and 
attention-based learning models into a single 
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framework. This framework leveraged the benefits 
of GAN learning, diffusion, and attention to enable 
precise and reliable detection of retinal diseases. 
4.6 ROC Curve Analysis 

 
Figure 9. The ROC analysis 

Figure 9 shows that the proposed model 
outperforms the Baseline models in classification 
tasks. The ROC curve is steeper, so the model can 
achieve more true positives and fewer false 
positives. The AUC value of 0.991 denotes that the 
separability of different disease classes is an 
excellent strength of this proposed interpretability 
framework. Moreover, the model has better 
predictive reliability. The model also shows that the 
interpretability and separability of false positives 
decrease. The model is highly sensitive and shows 
that low false positives do not compromise the 
interpretability of the framework and, together, 
guarantee high predictive reliability, making the 
framework most suitable for the model. Overall, 
this proves to be a very capable model for early and 
accurate disease identification. 
4.7 Training and Validation Curves 

 
Figure 10. Training and Validation Accuracy 
Curves 

The learning and convergence status of the 
proposed model for 20 training epochs is shown in 
Figure 10. Both learning and convergence curves 

are higher, indicating the model's classification 
ability. The model has strong generalization, as 
evidenced by increases in training and validation 
accuracy from 72% to 97.8% and from 70% to 
96.5%, respectively. The small gap between the 
training and validation curves indicates little 
overfitting and the model's completion. The smooth 
convergence of the validation curve demonstrates 
the effectiveness of the proposed model and the 
attention to synthetic data in classifying retinal 
diseases between CURC and CRF. 

 
Figure 11. Training and Validation Loss Curves 

Figure 11 shows the different measures of the 
proposed model over the first 20 training epochs 
and demonstrates the model's learning ability, its 
convergence on the training and validation sets, and 
the reduction in classification accuracy. The loss 
for the proposed model decreased from 0.90 to 0.11 
on the validation set, indicating strong convergence 
of the closure system. Moreover, the training and 
validation curves are almost parallel, indicating 
minimal overfitting and strong generalization on 
unseen retinal disease imaging datasets. The 
proposed model substantially improves fundus 
images, and the CRF focuses on synthetic data to 
strengthen the model’s classification of diabetic 
retinopathy. 
4.8 Discussion 

The experiment's findings support the 
validation of the proposed hybrid Generative AI 
framework for detecting retinal diseases in their 
early stages, based on the remarkable accuracy 
(97.8%), high sensitivity (96.5%), F1 score 
(96.8%), and Receiver Operating Characteristic–
Area Under the Curve (ROC-AUC) (0.991). 
Therefore, the proposed method can effectively 
distinguish various severity levels of DR, and its 
generalization performance is strong on apparent 
retinal images. 

The suggested framework achieves the 
aforementioned performance improvements 
through complementary factors. First, synthesizing 
images using the hybrid Style-based Generative 
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Adversarial Network (StyleGAN) and diffusion 
models can produce realistic synthetic fundus 
images that help alleviate issues with small 
annotated datasets and class imbalance. Second, 
diffusion models can generate high-resolution 
images from noisy signals, capturing complex 
retinal features and producing images with 
resolution comparable to that of real images. This 
solution requires fewer traditional data 
augmentation processes; it is designed to augment 
the dataset as broadly as possible while preserving 
clinically important retinal structures. In addition, 
the multi-scale attention feature enables focus on 
the disease region, highlighting specific features in 
the image, such as microaneurysms, hemorrhages, 
and exudates. Better feature extraction and 
improved classification accuracy help improve 
classification, especially for early-stage retinal 
diseases. 
The developed framework yields significantly 
superior results across all evaluation metrics 
compared with other deep learning models, 
including VGG16, ResNet50, InceptionV3, a CNN 
with GAN augmentation, and an attention-based 
CNN model. Therefore, the use of Generative AI 
techniques enabled by the attention mechanism for 
learning features is more powerful and more robust 
than standalone techniques. 

This framework is of great practical 
significance for the automated detection of retinal 
diseases, as large annotated datasets are unavailable 
in many healthcare settings. Synthetically generated 
fundus images yield more robust models and reduce 
the need for patient-sensitive information, thereby 
aiding privacy-protective AI applications. 

Conversely, this approach also imposes a 
significant computational burden, as a diffusion 
model must be trained and tested on larger, more 
diverse clinical datasets to ensure generalizability. 
Therefore, future work will focus on reducing 
computational complexity to enhance domain 
adaptation between synthetic and real retinal 
images and to further expand the framework for 
analyzing other retinal diseases. 

5. CONCLUSION 

The study proposed a Generative AI-based 
framework for safer, cost-effective early diagnosis 
of retinal diseases. The framework was built on 
synthetic fundus images. The suggested strategy 
combined Attentional multi-scale CNNs and 
GANs. The author considered metrics of accuracy, 
model detection metrics (such as sensitivity and 
specificity), privacy, and ethical considerations in 
the patient data collected to study the effects of 

these Generative AI models on the accurate early 
diagnosis of retinal diseases using limited, realistic 
fundus images. The study was conducted because 
of the lack of realistic fundus images in generative 
AI systems. The results showed model accuracy of 
97.8%, model sensitivity of 96.5%, model F1 score 
of 96.8%, and model ROC-AUC of 0.991. The 
study also showed sustainable results in early 
diagnosis of retinal disease, compared to the state-
of-the-art framework for retinal disease detection. 
The synthetic data further improved the model's 
stability and performance for underrepresented 
classes in early-stage disease detection. 

The study also considered some limitations that 
should be improved. The fusion of models based on 
diffusion processes incurs high resource and time 
costs. However, the models also exhibited changes 
in real clinical environments due to the large 
domain gap between synthetic and real images. The 
study also considered the artificial limitations of the 
datasets, as the system needs to be validated on data 
from a large, diverse patient population. 

This framework shows great promise in being 
utilized in automated systems for detecting retinal 
diseases, teleophthalmology platforms, and 
computer-assisted clinical decision support 
systems, wherein early and accurate diagnosis plays 
a very important role. Areas for future research 
include increasing the computational efficiency of 
the hybrid generative framework, reducing the 
domain gap between synthetic and real retinal 
images, and validating the framework using larger 
multi-center clinical datasets. Moreover, the 
framework can be extended to detect other forms of 
retinal diseases, including glaucoma and age-
related macular degeneration, and integrated with 
explainable Artificial Intelligence (AI) techniques 
to enhance the transparency and clinical adoption of 
the system. 
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