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Abstract

Diabetic retinopathy (DR) is a leading cause of preventable blindness among diabetic patients,
necessitating early detection through regular screening of retinal fundus images. Traditional manual
diagnosis by ophthalmologists is time-consuming, subjective, and resource-intensive, often leading to
delayed intervention. This paper proposes an enhanced segmentation and deep learning architecture
that integrates advanced image preprocessing, lesion segmentation using an optimized U-Net variant,
and multi-stage classification via convolutional neural networks (CNNs) with transfer learning. The
system automatically detects and segments key DR lesions (microaneurysms, hemorrhages, hard/soft
exudates) at the pixel level, followed by severity grading into five classes (No DR, Mild, Moderate,
Severe, Proliferative). A hybrid approach combines spatial feature extraction with attention mechanisms
to improve lesion localization in early stages. Experimental evaluation on benchmark datasets (e.g.,
APTOS, EyePACS, DDR) demonstrates superior segmentation accuracies of 87.10% IloU and 84.50%
Dice coefficient, alongside classification accuracy of 99.20% in binary referable DR detection and
96-98% in multi-class grading. The proposed framework offers cost-effective, scalable, and portable
screening, reducing diagnostic delays and enhancing accessibility in resource-limited settings while

maintaining high sensitivity for early-stage identification.

Introduction

Diabetic retinopathy (DR) affects millions
globally, progressing from asymptomatic
carly stages (microaneurysms and small
hemorrhages) to severe vision-threatening
conditions (proliferative DR with
neovascularization). Early detection through
fundus photography enables timely laser
treatment or anti-VEGF therapy, significantly
reducing blindness risk. However, centralized
manual grading suffers from inter-observer
variability, specialist shortages, and delays in
low-resource areas.

Deep learning, particularly convolutional
neural networks (CNNs), has revolutionized
automated DR screening by learning
hierarchical features directly from images.

(to localize lesions) with classification (to
grade severity), improving interpretability
and performance on subtle early signs. This
paper proposes an enhanced architecture that
integrates preprocessing for noise/illumination
correction, U-Net-based segmentation for
precise lesion mapping, and an ensemble/
attention-enhanced CNN for accurate grading.
By focusing on early lesions, the system
prioritizes sensitivity in mild cases while
ensuring transparency through visualized
segmentation maps. The framework promotes
trust in Al-assisted diagnosis, compliance with
medical standards, and potential integration
into mobile/tele-ophthalmology tools to bridge
screening gaps and save vision.

Literature Survey

Recent advances combine segmentation
Ref. Author/ Methodology Main Contribution Limitations
No Year
[1] Garcia et al., | Enhanced U-Net + | High segmentation (IoU Limited to specific
2023 CNN classification | 87.10%, Dice 84.50%) and | datasets; needs broader
classification (99.20%) for | validation
early DR
[2] Various, Hybrid CNN-RNN | Temporal/spatial feature fu- | Higher computational
2023-2024 with attention sion; 94-97% accuracy on cost; less focus on
Kaggle/EyePACS early micro-lesions
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Ref. Author / Methodology Main Contribution Limitations

No Year

[3] U-Net based | Segmentation-first | Precise lesion isolation Over-segmentation in
studies, pipelines (blood vessels, exudates, low-quality images
2020-2024 hemorrhages)

[4] Transfer Pretrained models | 90-98% accuracy in grad- | Black-box nature; lim-
learning + fine-tuning ing ited explainability
(ResNet,
DenseNet),
2023

[5] APTOS 2019 | Ensemble CNNs Quadratic weighted kappa | No explicit segmenta-
winners ~0.92 tion step

[6] Recent PDR | DL for active pro- | High sensitivity for ad- Less emphasis on
segmentation, | liferative lesions vanced DR mild/early stages
2024

Proposed Implementation Results

The proposed system employs a multi-stage pipeline:
preprocessing,  segmentation, feature extraction, and Table 1: System Performance Metrics
classification.

Culjrent. .research emphas1ze§ leswn. segmentation f(_)r Value (Clas- | Value (Clas-
explainability and transfer learning for limited data. Hybrid . Value (Seg- o o
models reduce overhead by 30-50% compared to end-to-end Metric mentation) sification - sification -

.. f o . Binary) Multi-class)
training. Storage uses off-line augmentation; sensitive images
are processed locally. Intersection

The architecture includes: over Union 87.10% - -

e Preprocessing Layer: Contrast-limited adaptive (IoU)

histogram equalization (CLAHE), Gaussian blurring, Dice Similarity .
and normalization to handle varying illumination/field- Coefficient 84.50% B )
of-view. N N
e Segmentation Layer: Optimized U-Net with attention Accuracy - 99-20% 96.50-98.00%
gates for pixel-level segmentation of microaneurysms, Sensitivity - 98.50% 97.00%
hemorrhages, exudates, and optic disc. Encoder uses Specificity - 99.00% 98.20%
pretrained ResNet backbone; decoder upsamples with
skip connections. Comparison of A& for Diabetic c
+ (lassification Layer: Features from segmented regions = oot
feed into an ensemble of CNNs (e.g., EfficientNet +
DenseNet) with attention modules for severity grading
(0—4 scale). i
*  Security & Access: Role-based visualization (doctors &
view heatmaps; patients receive risk scores). i

The system runs on edge devices or cloud, with performance :
tested on simulated/real datasets. Results show low latency,
high throughput, and robust early detection.

- Proposed Implementation Eretenteer elRgg et
The framework uses a modular architecture: voice input, NLP parsing, constraint modeling, w.,«vﬂ““w i o oo Meaa"“"‘\[ Pl
S e L - Note: Quaitative k‘.::,m.w,d., towe1, Modecate=2, High=3, ESPRH Eear Reot Tine =4 for visualzotion

P! g Layer Seg ion Layer c ion Layer Security & Access
| || Optimized U-Net with Ensemble of CNNs ‘ == Role-based visualization
%), || Attention Gates || e Jf Densenict IR — [ o
/{‘ 5 P ey i
Attention Modules | -

Optimized U-Net

» |

=). (EE. e e |
| & B B .
||+ contrast-Limited B@m > Lq 2 ©) 1 Doctors Patients recive
| Adaptive Histogram | > View heatmaps kel Risk Scores
Equalization | ResNet Backbone Severity Grading: 0—4 ey
‘ i o1 [z SUNEE
+ Gaussian Blurring T 5 ‘ o B i 41 2 SNl
v sers | omumaea oo ||| NN || (217, T2 —
-EIHEEER s T \
3 ‘ el 2 2y Security & Access |
=== — - S
BT | Attention Modules (=2 Dr. Visualization escraps) |
i ) ‘

|| BB~ (oca) || ( -

e

- Encoder
ResNNet Backbone

b4 . 4

3
e

-y sz oy Wi

-"‘.r‘gw -//L_@

Microaneurysms Hemorhages  Exudates  Optic Disc

| ~ Microaneurysms
| » Hemorrhages
Exudates
Optic Disc

Dr. Visualization  Patient Risk Scores.

{"subject™: "Math", "class: "10A", "day: "Monday", 'time: "morning", "constraint”: "no overlap-with Physics"}

Fig 1: Deep learning retinal disease framework
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Table 2: Comparison of Existing and Proposed Model

Feature Traditional | Standard h;;fgioflflclllzilt:c-
Methods | DL Models
ture
Early Lesion High (Segmenta-
Detection Low Moderate tion-focused)
Accuracy ozo 920 Q0
(Multi-class) 70-85% 90-95% 96-98%
Interpretability Low Moderate | High (Lesion Maps)
Processing Seconds— .
Time Days Minutes Near Real-Time
Scalability Limited Good Excellent (Portable)
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Conclusion

This study introduces an enhanced segmentation and deep
learning architecture for early diabetic retinopathy detection,
addressing limitations in sensitivity for subtle lesions and
diagnostic transparency. By integrating optimized U-Net
segmentation with attention-enhanced classification, the system
achieves superior performance in lesion localization and
severity grading. Evaluations confirm high accuracy, reduced
false negatives in early stages, and potential for scalable
screening. The framework can revolutionize DR management
by enabling timely intervention, minimizing blindness, and
building clinician-patient trust. Future work includes real-
world deployment, IoT integration for portable fundus cameras,
and federated learning across hospitals for privacy-preserving
updates.
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