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Abstract. Approach to improve the classification of
ocular diseases from fundus images by leveraging
semantic segmentation as an attention mechanism. Key
anatomical structures — optic disc, optic cup, and retinal
vessels — are segmented using deep learning models and
combined into weighted attention masks. These masks
guide a classifier based on EfficientNetB6 to focus on
clinically relevant regions, resulting in significant
improvements in diagnostic accuracy. The method
enhances detection sensitivity for subtle disease features
and increases model interpretability.
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I. INTRODUCTION

Fundus imaging is essential for non-invasive, high-
resolution visualization of the retina, aiding diagnosis of
many ocular diseases. Interpretation requires expert
knowledge and can be time-consuming, especially
where ophthalmologists are scarce [1]. Deep learning,
particularly convolutional neural networks (CNNSs),
have made advances in medical image classification,
including retinal disease detection. However, typical
end-to-end models use global image features,
potentially diluting important localized clinical
information. This limits early disease detection when
signs are subtle [2].

To address this, attention mechanisms focusing on
clinically relevant areas are increasingly used [3]. This
study applies semantic segmentation as attention masks
highlighting key anatomical zones (optic disc, cup,
vessels) to enhance classifier focus and accuracy.

A. Symptoms of Ocular Diseases in Fundus Imaging
Fundus photography visualizes retinal structures
critical in diagnosing:

- Myopia: Axial elongation causes retinal thinning,
peripapillary atrophy, tilted discs.
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- Hypertension:  Microvascular  changes like
arteriolar narrowing, AV nicking, hemorrhages,
cotton wool spots.

- Diabetic Retinopathy: Microaneurysms,
hemorrhages,  exudates,  neovascularization,
macular edema.

- Glaucoma: Increased cup-to-disc ratio,

neuroretinal rim thinning, disc hemorrhages.

- Cataract: Lens opacity reduces image contrast,
causing blur.

- Age-Related Macular Degeneration: Drusen,
pigment changes, subretinal hemorrhages, fluid
accumulation.

Accurate segmentation of these features enables
precise diagnostic algorithms [4].

Il. MULTICLASS SEMANTIC SEGMENTATION METHODS
A. Optic Disc and Optic Cup Segmentation

A modified U-Net in PyTorch segments optic disc
and cup from RGB images (256x256). The network
outputs dual-channel masks indicating disc and cup
regions. The architecture uses symmetric encoder-
decoder blocks with skip connections, two
convolutional layers per block, and ReL U activations.

Training used Binary Cross-Entropy loss with early
stopping over 30 epochs. Performance metrics included:

e Dice coefficient ~0.95 (disc), ~0.88 (cup).
e Binary loU 0.92 (disc), 0.83 (cup).

The optic cup showed lower accuracy due to smaller
size and class imbalance. Loss fluctuations indicate
sensitivity to anatomical variability.

B. Blood Vessel Segmentation

The vessel segmentation model used a U-Net with
ResNet18 backbone pretrained on ImageNet, trained in
two stages: pretraining on public datasets (DRIVE [6],
CHASE DB1 [7], HRF [8]), then fine-tuning on target
images.
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Images resized to 996x996, split into overlapping
tiles (352x352) to reduce border artifacts, then merged
with alpha blending for smooth transitions. Loss
combined binary cross-entropy and Jaccard index [9],
achieving high-quality wvessel segmentation. This
process is shown in Figure.
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Left — result of segmentation model on neighboring tiles,
right — tiles merged with alpha blending

I11. EFFICIENTNETB6 CLASSIFIER (BASELINE)

We trained a classifier on a curated ODIR-5K
dataset with seven classes:

Pathological Myopia

Hypertensive Retinopathy

Diabetic Retinopathy

Glaucoma

Cataract

Age-related Macular Degeneration (AMD)
Normal (Healthy).

Images were resized to 224x224 and augmented
with rotation (£30°), shifts (10 %), zoom (20 %), and
flips.

Model used EfficientNetB6 backbone (no top), with
global average pooling, dense layer (224 units, ReLU),
dropout (0.3), and softmax output (7 classes) [10].

Training parameters:

- Loss: sparse categorical crossentropy
Optimizer: Adam, Ir=1e-4

Epochs: 30

Batch size: 8

Early stopping with patience 5.

Results: Overall test accuracy 78.3 %; best accuracy
for Myopia (94 %) and AMD (90 %); poorest for
Diabetic Retinopathy (29 %) and Healthy (69 %).

IV. EFFICIENTNETB6 CLASSIFIER USING SEMANTIC
ATTENTION MASK

To enhance performance, we generated semantic
attention masks per image using pretrained
segmentation models for optic disc, cup, and vessels.
Each mask was weighted based on clinical relevance:

Disc: 0.9

Cup: 1.0
Vessels: 0.8
Background: 0.2
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A composite attention mask M is computed as a
weighted sum of the individual segmentation maps:

M = wdisc - maskdisc + wcup - maskcup + wyesselsx
xmaskvessels + Whackground * (1 - Comblned_mask),

where combined_mask denotes the union of all binary
object masks. The attention-enhanced image /atin 1S then
obtained via element-wise multiplication:

/attn(X; y) = I(X/ y) ) M(X/ y)

This operation suppresses less informative
background regions while amplifying features in
diagnostically critical areas.

The modified images /lawn are fed into the same
EfficientNetB6 classifier described earlier. The training
configuration — loss function, optimizer, learning rate,
and number of epochs — remains unchanged to ensure a
consistent comparison with the baseline model.

This strategy allows the network to concentrate on
regions most likely to contain pathological changes, and
leads to measurable improvements in classification
accuracy, especially in complex or borderline cases.

Results: Overall accuracy improved to 92.2 %, with
highest accuracies for Cataract (96.6 %) and Myopia
(96.0 %), and the lowest still above 84 % for Diabetic
Retinopathy and Healthy classes.

V. CONCLUSION

This study demonstrates that using attention masks
generated through semantic segmentation significantly
enhances the classification of retinal diseases from
fundus images. By highlighting key anatomical
structures — the optic disc, optic cup, and retinal
vessels — these masks effectively guide the classifier to
focus on clinically relevant regions, which leads to
substantial improvements in diagnostic accuracy.

In addition to improving accuracy, the use of
attention masks increases the interpretability of the
model by revealing which image regions contribute
most to its decisions. Such transparency is essential in
medical settings, providing clinicians with justifiable
diagnostic results. Moreover, the system’s ability to
adapt by adjusting mask weights based on classification
errors enhances its robustness and effectiveness in real-
world applications.
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