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Abstract- Eye diseases such as Diabetic Retinopathy (DR),
Glaucoma, and Age-related Macular Degeneration (AMD)
remain major causes of vision loss globally. Early screening is
crucial but limited by the availability of trained
ophthalmologists. This paper proposes a deep learning—based
automated screening system for multiclass eye disease
detection using retinal fundus images. The model integrates
preprocessing enhancement, feature extraction using CNN
architectures, and classification using transfer learning.
Experiments  conducted Publicly available datasets
demonstrate high diagnostic accuracy, outperforming
conventional models. This work highlights the potential of
deep learning for scalable and cost-effective ophthalmic
disease screening.
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I. INTRODUCTION

Vision impairment affects millions worldwide and is
often caused by preventable or treatable conditions. Manual
screening requires highly skilled ophthalmologists and is
prone to subjective interpretation. Artificial Intelligence (Al),
particularly deep learning, has emerged as a transformative
technology to enhance diagnostic efficiency.

Recent research shows CNNs outperform traditional
feature-based methods by learning hierarchical patterns from
retinal images. This makes them suitable for detecting:

e Diabetic Retinopathy

e Glaucoma

e Macular Degeneration

e Cataract indicators

e  Optic disc abnormalities
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The proposed method automates the diagnostic
process, reduces workload, and accelerates early detection.

Il. MOTIVATION

e  Growing global shortage of ophthalmologists.

e Increasing patient load in screening programs (e.g.,
DR camps).

e High misdiagnosis risk in early disease stages.

e Need for low-cost automated screening for rural
areas.

e Al can detect fine abnormalities that are hard for
humans to notice.

I1l. RELATED WORK
Previous studies used CNNs such as:

e VGGI16 for DR severity grading

e ResNet50 for optic disc segmentation

e InceptionV3 for DR classification

e EfficientNet for lightweight mobile diagnosis

Limitations in earlier models include:

e Poor generalization across datasets
e Dependence on large, high-quality labeled images
e Inefficiency in handling image artifacts

Our proposed model improves robustness

preprocessing and transfer learning.
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IV. PROPOSED METHODOLOGY

4.1 System Architecture
The architecture includes:

1. Image Acquisition

a. Retinal images collected from
b. standard fundus cameras or online datasets.

2. Preprocessing
a. RGB normalization
b. CLAHE,contrast enhancement
c. Noise removal
d. Cropping to the optic disc region

3. Feature Extraction (CNN)

a. Transfer learning using ResNet/EfficientNet
b. Automatic learning of texture & structural
features

4. Classification Layer
a. Softmax classifier for multiclass prediction
5. Evaluation

a. Accuracy, Precision, Recall, F1-score
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4.2 Preprocessing Steps
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V. DATASET DETAILS
Below is an example dataset summary table:

Table 1: Dataset Description

Dataset ImageClasses Image
Name CountIncluded Tvpe
FoaBAGE 22 A0 nDRGrﬂ.d esFundus
0—4 Images
DRISHTI-
1.010 GlaucomalFundus
GS
Lkisrad
APTOS 3662 e indus
2019 0—4
LCICEJ. Nuixed
Clinical 500 "¢ Fundus
Diseases
Dataset

VI. MODEL ARCHITECTURE
6.1 CNN Layers Used

e Conv Layers

e  Batch Normalization

e Max Pooling

e Fully Connected Dense Layers
e Dropout Regularization

e  Soft max Output

VII. EXPERIMENTAL RESULTS

Performance Metrics
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Table 2: Disease-wise Classification Performance

Disease Precision Recall el
Score

Diabetic 062%  94.8%095 5%

Fetinopathv

Glancoma 92 1% 89 6%90_ 8%

Macular 00.5% 882989 3%

Degeneration

Normal 97 4% 98.1%97 7%

Table 3: Model Comparison

Model Accuracy Strength
Good feature
VGG16 89 4% .
extraction
Ett
InceptionV392 1% 1clent
architecture
ResNets0  94.7%  otiordesper
pattems
Highprecision+
Proposed
06.8%
Model ©  enhanced

DLCRIQCESSINEG,

Model Accuracy Strength

ANC Nevuan
ONY Drowe
Sk "

Future improvements:

Page | 748

ISSN [ONLINE]: 2395-1052

» Real-time deployment using
mobile apps

» Integration  with  cloud-based
hospital systems

» Explainable AI(XAT)for clinical
trust

» Multi-modal imaging (OCT +
Fundus)

VIII. DISCUSSION
Challenges include:

e Variability in lighting & camera equipment

¢ Non-uniform dataset distribution

e Presence of blur and artifacts

e Need for explainability (heatmaps, Grad-CAM)

IX. CONCLUSION

The proposed deep learning-based eye disease
detection system demonstrates high accuracy and clinical
potential. By integrating preprocessing, transfer learning, and
optimized CNNs, the system can effectively detect major eye
diseases early. The model can be deployed in hospitals,
screening centers, and rural telemedicine units.
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