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ABSTRACT 

Diabetic Retinopathy (DR) is a progressive microvascular complication of diabetes and a principal cause of 

preventable vision loss. Existing automated DR detection systems often struggle with high computational 

overhead, limited generalization across datasets, and poor performance on imbalanced classes, particularly 

in multi-stage severity grading. To bridge these gaps, this paper proposes DR-EfficientNet-L. The 

framework employs a multi-branch EfficientNet backbone for parallel multi-scale feature extraction and 

integrates an attention-guided fusion mechanism to emphasize clinically salient lesions, such as 

microaneurysms and haemorrhages. A class-weighted focal loss is used to mitigate class imbalance and 

enhance detection sensitivity for rare severity levels. For scalability, the architecture is trained using 

synchronous distributed learning with gradient compression to reduce inter-node communication 

overhead. An extensive evaluation across EyePACS, APTOS 2019, and Messidor-2 datasets reveals 

superior classification performance. Under external validation, the model achieves 74.0% accuracy on 

Cross-Dataset (Similar) and 71.0% on Cross-Dataset (Different), reflecting robust generalization under 

distribution shift. The distributed setup further yields a 14.8× training speedup across 16 nodes with only 

8.1% communication overhead. The comparative analysis confirms statistically significant improvements 

(p < 0.02) over benchmark models including DiaCNN and InceptionResNet-V2, establishing the viability of 

DR-EfficientNet-L for real-world, resource-aware clinical deployments. 

Keywords-diabetic retinopathy; deep learning; distributed training; attention mechanism; fundus image 

classification; EfficientNet; medical image analysis; convolutional neural networks 

I. INTRODUCTION  

 DR is a severe and progressive retinal complication of 
diabetes mellitus that poses a significant public health 
challenge worldwide. It is one of the leading causes of 
irreversible vision loss among the working-age population, 
particularly in developing and resource-constrained regions. 
The asymptomatic nature of DR in its early stages underscores 
the need for widespread, routine screening to ensure timely 
diagnosis and intervention [1]. However, manual screening 
through retinal fundus image analysis is time-consuming, prone 
to inter-observer variability, and not scalable for large 
populations. Deep learning techniques, especially 
Convolutional Neural Networks (CNNs), have shown promise 
in automating DR detection and grading. Architectures, such as 
InceptionResNet-V2, ResNet-50, and custom CNN models like 
DiaCNN have demonstrated high diagnostic performance on 
standard datasets. Yet, these models face several key 
limitations:  

 High computational complexity and memory requirements 
hinder real-time clinical deployment.  

 Limited ability to generalize across datasets with varying 
quality and acquisition settings. 

 Sensitivity to data imbalance, particularly in distinguishing 
rare DR grades, such as Proliferative DR (PDR). 

To overcome these challenges, the present work proposes 
DR-EfficientNet-L, a novel distributed deep learning 
architecture that integrates parallel multi-scale feature 
extraction, attention-guided fusion, and synchronous 
distributed optimization. This design effectively addresses data 
imbalance through class-weighted focal loss and ensures 
scalability via gradient compression techniques. Adaptive 
training strategies, including regularization and dynamic 
learning rate scheduling, further improve generalization and 
convergence. This combination allows DR-EfficientNet-L 
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(where "L" denotes "Lightweight, Large-scale") to outperform 
existing models and is suitable for real-time deployment in 
large-scale screening programs. It is especially relevant for 
settings where both computational and clinical resources are 
limited.  

Authors in [1] documented the shift from conventional 
machine learning techniques to deep learning-based approaches 
in DR detection, marking a significant advancement in the 
field. Building on this evolution, authors in [2] incorporated 
Local Interpretable Model-Agnostic Explanations (LIME) into 
CNN classifiers, enhancing model transparency and clinical 
interpretability. Authors in [3] introduced DiaCNN, a deep 
learning model that leverages transfer learning using Inception 
architectures to enable robust multi-class DR severity grading. 
Similarly, authors in [4] utilized InceptionResNet-V2 to detect 
retinal abnormalities across heterogeneous imaging datasets, 
demonstrating improved generalization capabilities. 

Beyond classification, other studies have focused on image 
pre-processing and lesion segmentation. Authors in [5] 
employed particle swarm optimization coupled with fuzzy 
clustering to improve lesion boundary delineation, while 
authors in [6] proposed a multi-dimensional fuzzy thresholding 
technique integrated with deep CNNs to suppress image noise 
and enhance diagnostic clarity. Complementing these technical 
advancements, authors in [7] emphasized the importance of 
scalable and clinically deployable DR screening systems, 
highlighting a persistent gap between research innovation and 
real-world implementation. Existing architectural 
developments include modular frameworks for multi-disease 
detection [8], attention-guided architectures for lesion 
localization [9], and lightweight designs addressing 
computational constraints [10]. Additional contributions 
encompass joint segmentation-classification pipelines [11], 
severity stratification systems [12], unsupervised learning 
approaches [13], and deep learning architectures [14]. 

The proposed model, DR-EfficientNet-L, addresses 
limitations through the following contributions: 

 A novel distributed EfficientNet-based architecture tailored 
for multi-class DR severity grading. 

 An attention-guided fusion mechanism focusing on 
clinically relevant lesions. 

 Integration of a class-weighted focal loss to address dataset 
imbalance. 

 An optimized multi-node training pipeline using gradient 
compression for scalability. 

 Extensive benchmarking across EyePACS, APTOS 2019, 
and Messidor-2 datasets demonstrating superior 
performance and generalization. 

II. DR-EFFICIENTNET-L FRAMEWORK 

Figure 1 illustrates the DR-EfficientNet-L framework. A 
retinal fundus image is processed through multi-branch 
EfficientNet encoders operating at different scales to extract 
rich, multi-level features. These features are combined using an 
attention-guided fusion module that applies channel attention to 

emphasize lesion-relevant information. The fused 
representation is passed to a classifier that predicts the DR 
severity level: No DR, Mild, Moderate, Severe, or 
Proliferative. This design enables accurate and scalable DR 
detection with enhanced focus on clinically significant regions. 

 

 

Fig. 1.  Proposed DR-EfficientNet-L framework 

A. Multi-Branch EfficientNet for Multi-Scale Feature 

Extraction 

EfficientNet is a family of CNNs known for its compound 
scaling of depth, width, and resolution, offering an optimal 
balance between model accuracy and computational cost. In 
DR-EfficientNet-L, a multi-branch configuration is adopted, 
where three EfficientNet-B0 backbones process the input 
retinal image at different scales (original, downsampled, and 
upsampled versions) [15]. This design enables multi-scale 
feature extraction, allowing the model to capture both fine-
grained lesions, like microaneurysms, and large-scale structural 
changes, such as neovascularization. 

Each branch independently extracts feature maps, which are 
subsequently normalized and concatenated to form a unified 
representation. This multi-scale processing emulates the 
diagnostic strategy of human experts who analyze fundus 
images at various magnifications to detect early and advanced 
DR symptoms. The compound scaling logic of EfficientNet 
ensures efficient resource utilization even when extended 
across multiple branches [16]. 

B. Attention-Guided Lesion-Aware Fusion Module (AGLAF) 

To prioritize clinically relevant regions, such as exudates, 
hemorrhages, and neovascular formations, the current study 
introduces an AGLAF module. After multi-scale feature 
extraction, this module applies channel and spatial attention 
mechanisms to amplify informative features and suppress 
irrelevant background noise. 

The spatial attention mechanism uses average and max 
pooling across the channel axis, followed by convolution to 
generate a spatial attention map. Simultaneously, the channel 
attention mechanism utilizes Squeeze-and-Excitation (SE) 
blocks to reweight feature channels based on their importance 
in detecting lesions. The final fused feature map is obtained by 
combining both attention-enhanced outputs, thereby directing 
the model’s focus toward clinically significant retinal regions. 
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Let the outputs of the three parallel convolutional branches 
be denoted as feature tensors: 

��, ��, �� ∈ �	×�×�      (1) 

where ℎ, �, and � represent the spatial dimensions and depth of 
the encoded features. These feature maps are concatenated 
along the channel axis to form a unified tensor: 

     � = Concat���, ��, ��� ∈ �	×�×��  (2) 

To adaptively weight each channel according to its 
relevance to DR features, an SE mechanism is employed. First, 
a global descriptor is computed via Global Average Pooling 
(GAP): 

�� = �

	⋅�
∑ ∑ ��,�,�

�
���

	
���  ∀ ! = 1,2, … ,3� (3) 

This results in a channel-wise descriptor vector: 

� ∈ ���     (4) 

This vector is passed through two fully connected layers 
with ReLU and sigmoid activations to compute the attention 
weights: 

α = σ()� ⋅ δ�)� ⋅ ��+    (5)  

The reweighted feature tensor is obtained by applying the 
gating vector to the original concatenated features: 

��,�,�
, = α� ⋅ ��,�,� ∀ -, ., !   (6) 

The attention-weighted output becomes: 

�, ∈ �	×�×��     (7) 

This refined representation is forwarded to the classification 
head, where important lesion-specific features are retained and 
irrelevant patterns are suppressed to improve DR severity 
prediction. 

C. Class-Weighted Focal Loss for Imbalanced DR Severity 

Levels 

The five-class grading task for DR (No DR, Mild, 
Moderate, Severe, PDR) inherently suffers from significant 
class imbalance, with advanced DR stages underrepresented in 
most datasets. Standard cross-entropy loss tends to bias the 
model toward the dominant classes, compromising sensitivity 
for rarer but clinically critical categories like PDR. 

To address this, the current work employs a class-weighted 
focal loss, which extends focal loss by integrating class-
specific weighting factors. Focal loss down-weights well-
classified examples and focuses learning on hard, misclassified 
instances. By assigning higher weights to underrepresented 
classes, it ensures that minority categories receive sufficient 
gradient signals during training. 

The output from the attention-guided fusion module is 
passed to the classification block to predict DR severity. The 

refined feature map �, ∈ �	×�×/� is first flattened into a one-

dimensional vector and fed into a fully connected layer, 
followed by softmax activation to generate class probabilities 
over five DR stages: 

01 = Softmax()2 ⋅ Flatten��,� + 42+  (8) 

where )2 is the weight matrix of the final dense layer, 42 is the 

bias vector, 01 ∈ �5 , with 6 =  5, corresponds to the predicted 
probability distribution over the five DR grades: No DR, Mild, 
Moderate, Severe, and Proliferative. 

The class with the highest predicted probability is selected 
as the model’s output. This layer serves as the clinical decision-
making component of the pipeline. 

D. Scalable Distributed Training with Gradient Compression 

To support large-scale deployment and reduce training 
time, DR-EfficientNet-L adopts synchronous distributed 
training across multiple compute nodes using data parallelism. 
Each node trains a local model copy on a subset of the data and 
synchronizes gradients after each iteration. 

To minimize inter-node communication overhead a key 
bottleneck in distributed systems, gradient compression 
techniques, such as Top-K sparsification and quantization, are 
implemented. In Top-K compression, only the most significant 
gradient updates are shared, while the rest are locally 
accumulated. This reduces bandwidth usage without 
compromising convergence stability. 

The current study employs communication libraries like 
Horovod with NCCL backend for efficient all-reduce 
operations across GPUs. The model is designed to achieve 
near-linear speedup across multiple nodes with low 
communication overhead, enabling fast prototyping and 
scalability. 

E. Adaptive Training with Regularization and Learning Rate 

Scheduling 

To enhance generalization and stabilize training, several 
adaptive strategies are applied: 

 L2 regularization and dropout are introduced to prevent 
overfitting, which is especially important given the 
complexity of the model. 

 A cyclical learning rate scheduler is used to dynamically 
vary the learning rate between bounds based on training 
iterations. This helps escape shallow local minima and 
speeds up convergence. 

 Early stopping is employed based on validation loss to 
avoid unnecessary computation once the model 
performance plateaus. 

Together, these training enhancements ensure robust 
optimization across datasets with different characteristics and 
imaging qualities. 
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TABLE I.  COMPARATIVE PERFORMANCE ANALYSIS 

Model Accuracy (%) Sensitivity Specificity AUC-ROC Matthews Correlation Cohen's Kappa 

Proposed DR-EfficientNet-L  96.8 0.973 0.982 0.994 0.921 0.952 

DiaCNN  93.5 0.935 0.958 0.981 0.868 0.917 

InceptionResNet-V2  92.1 0.918 0.947 0.975 0.842 0.901 

Multi-dimensional Fuzzy CNN  91.3 0.909 0.935 0.968 0.826 0.891 

Lightweight Model  89.7 0.895 0.921 0.956 0.794 0.871 

Joint CNN  90.8 0.904 0.928 0.963 0.812 0.884 

Ensemble Learning  94.2 0.942 0.965 0.986 0.883 0.926 

 

III. MODEL IMPLEMENTATION AND DEPLOYMENT 

SETUP 

The entire pipeline was implemented in PyTorch, utilizing 
the efficientnet pytorch module for the backbone. Training was 
conducted on a cluster of 16 NVIDIA A100 GPUs, each with 
40GB memory, connected via NVLink. Input fundus images 
were pre-processed by resizing to 512×512 pixels and 
normalized, with data augmentation including random 
rotations, brightness/contrast shifts (±20%), and horizontal 
flipping. The DR-EfficientNet-L model, comprising 28.4M 
parameters, was optimized using AdamW (weight decay 0.01) 
with a batch size of 32 per GPU. An initial learning rate of 
0.001 was dynamically adjusted via a cyclical learning rate 
scheduler (triangular2). To prevent overfitting, L2 
regularization and a dropout rate of 0.3 (selected after 
sensitivity analysis) were applied. A class-weighted focal loss 
with a focusing parameter γ=2.0 (optimized through sensitivity 
tests) and class-specific α weights addressed dataset imbalance. 
Training ran for 60 epochs, incorporating early stopping based 
on validation loss. For scalable multi-node parallelization, 
synchronous distributed training was enabled using Horovod 
(v0.27) with NVIDIA’s NCCL backend for all-reduce 
operations and Top-K sparsification for gradient compression. 

A. Dataset Description 

The proposed DR-EfficientNet-L model was evaluated 
using three publicly available benchmark datasets: EyePACS, 
APTOS 2019, and Messidor-2, each offering diverse imaging 
conditions and DR severity distributions. The EyePACS 
dataset [17], sourced from Kaggle, comprises 88,702 high-
resolution retinal fundus images annotated across five DR 
severity levels, making it suitable for large-scale training and 
benchmarking. The APTOS 2019 dataset [18] includes 5,590 
images captured under varied illumination and resolution 
settings, enabling robustness evaluation. The Messidor-2 
dataset [19], consisting of 1,748 images, served as a validation 
set for real-world generalization due to its high-quality 
annotations and clinical relevance. All images were 
preprocessed through resizing, normalization, and 
augmentation techniques, such as rotation and brightness 
adjustment, to enhance model generalizability. The datasets 
were split into training, validation, and test sets in a 70:15:15 
ratio, ensuring a balanced evaluation across all DR severity 
grades. The dataset class distributions were: EyePACS (No 
DR: 73.4%, Mild: 8.5%, Moderate: 11.2%, Severe: 4.3%, 
Proliferative: 2.6%), APTOS (73.9%, 6.3%, 12.4%, 4.7%, 
2.7%), Messidor-2 (71.2%, 8.7%, 12.9%, 4.2%, 3.0%), 
supporting the use of class-weighted focal loss. 

IV. RESULTS AND DISCUSSION 

This section presents the experimental results obtained 
using the proposed DR-EfficientNet-L model evaluated across 
three benchmark datasets: EyePACS, APTOS 2019, and 
Messidor-2. The performance is assessed using standard 
classification metrics, including accuracy, sensitivity, 
specificity, F1-score, and cross-dataset generalization. The 
present study also analyzes scalability, training efficiency, and 
compares the proposed model with existing state-of-the-art 
techniques. 

A. Performance Evaluation and Benchmarking 

Table I presents a comparison of performance metrics 
across different DR detection models. The proposed DR-
EfficientNet-L achieves the highest accuracy of 96.8%, 
representing a 3.3% improvement over Ensemble Learning 
models and 7.1% over Lightweight Model. The model's 
sensitivity (0.973) and specificity (0.982) demonstrate superior 
diagnostic capability by minimizing false negatives and 
positives. 

B. Classification Performance 

Figure 2 presents the receiver operating characteristic 
curves for multi-class DR classification, demonstrating the 
superior discriminative capability of the proposed DR-
EfficientNet-L. The model achieves AUC values above 0.98 
for all DR severity grades, with the highest performance 
recorded for No DR (0.994) and PDR (0.993). The consistently 
high AUC values across all classes validate robust multi-class 
classification performance. 

 

 

Fig. 2.  ROC curves for DR severity classification. 

Table II presents the detailed classification performance for 
each DR severity grade, revealing balanced performance across 
all classes with F1-scores ranging from 0.936 to 0.985. The 
false negative rate remains below 6% for all classes, which is 
crucial for preventing missed diagnoses in clinical screening. 
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TABLE II.  PER-CLASS CLASSIFICATION METRICS 

DR 

grade 
Precision Recall 

F1-

Score 
Support 

False 

positive 

rate 

False 

negative 

rate 

No DR 0.982 0.988 0.985 8,234 0.012 0.018 

Mild 0.941 0.932 0.936 1,847 0.068 0.059 

Moderate 0.958 0.965 0.961 2,156 0.035 0.042 

Severe 0.967 0.959 0.963 743 0.041 0.033 

Proliferat

ive 
0.975 0.981 0.978 512 0.019 0.025 

 

C. Computational Efficiency and Scalability 

Figure 3 presents a multi-dimensional comparison of 
computational requirements across different models. The 
proposed DR-EfficientNet-L utilizes 28.4M parameters (58.5% 
fewer than in [12]), achieves 3.2 h training time (71.4% 
reduction compared to [12]), and maintains 55.6 FPS inference 
speed, demonstrating optimal balance between model 
complexity and computational efficiency. 

 

Fig. 3.  Computational requirement comparison. 

TABLE III.  DISTRIBUTED TRAINING SCALABILITY 

Configurati

on 
Nodes 

Batch 

Size 

Images/

s 
Speedup 

Communi

cation 

overhead 

(%) 

Energy 

efficiency 

(images/ 

kWh) 

Single node 1 32 215 1.0× 0.0 2,150 

Small cluster 4 128 810 3.78× 5.5 3,240 

Medium 

cluster 
8 256 1,588 7.42× 7.2 3,812 

Large cluster 16 512 3,182 14.8× 8.1 4,455 

 
Table III demonstrates the distributed training efficiency 

across different node configurations. The proposed DR-
EfficientNet-L demonstrates near-linear scaling with 14.8× 
speedup on 16 nodes while maintaining only 8.1% 
communication overhead. Energy efficiency is improved by 
107% from single node to 16-node configuration due to 
reduced total training time. 

D. Generalization and Robustness Analysis 

Figure 4 displays the cross-dataset generalization 
performance of multiple deep learning models under four 
testing scenarios: Same Dataset, Cross-Dataset (Similar), 

Cross-Dataset (Different), and Mixed Training. DR-
EfficientNet-L (Proposed) consistently outperforms other 
models, achieving the highest accuracy across all scenarios. It 
records approximately 78% accuracy on the Same Dataset, 
74% on Cross-Dataset (Similar), 71% on Cross-Dataset 
(Different), and 75% under Mixed Training. Competing 
models, such as DiaCNN, Fuzzy CNN, InceptionResNet, and 
Ensemble, show reduced generalization, with accuracy 
typically dropping by 5–20% in cross-dataset scenarios. This 
demonstrates the robustness and transferability of DR-
EfficientNet-L compared to baseline methods, especially in 
unseen dataset conditions. 

 

 

Fig. 4.  Cross-data generalization performance. 

E. Statistical Validation and Clinical Significance 

Table IV presents a statistical validation of the performance 
improvements through paired t-tests. All p-values < 0.05 
indicate statistically significant improvements of DR-
EfficientNet-L over existing methods across all metrics, with 
the strongest significance recorded against DiaCNN and 
InceptionResNet (p < 0.001) and meaningful improvement 
over the Ensemble approach (p < 0.02). The results confirm 
that DR-EfficientNet-L offers a robust and consistently 
superior performance across all critical diagnostic metrics with 
strong statistical confidence. 

TABLE IV.  STATISTICAL SIGNIFICANCE TESTING (P-
VALUES) 

Model comparison Accuracy Sensitivity Specificity F1-score 

DR-EfficientNet-L vs 

DiaCNN  
0.0012 0.0018 0.0023 0.0015 

DR-EfficientNet-L vs 

InceptionResNet  
0.0008 0.0011 0.0015 0.0009  

DR-EfficientNet-L vs 

Ensemble  
0.0186 0.0242 0.0318 0.0205 

 

V. CONCLUSION 

This study introduces DR-EfficientNet-L, a novel 
distributed deep learning architecture for accurate, scalable, 
and interpretable Diabetic Retinopathy (DR) detection. It 
demonstrated superior classification performance, robust cross-
dataset generalization, and significant training speedup on 
distributed systems. These validated capabilities establish DR-
EfficientNet-L as a viable and advanced solution for real-world 
clinical deployments. 
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