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Automated Retinal Disease Grading Based on the Integration of
Attention Mechanisms and Visual Features

Yan-Hao Huang *, Han-Cheng Chen

Abstract

In this Research, a multi-class classification framework for retinal lesion images is
proposed by leveraging Convolutional Neural Networks (CNNs) and Transformer
architectures. The model integrates the local feature extraction capabilities of CNNs with the
global context modeling power of Transformers. To further improve the interpretability of
the deep learning model, class activation maps (heatmaps) were generated to visualize the
regions of interest associated with pathological features.

Experimental results demonstrate that the model achieved its optimal performance at
the 35th training epoch, attaining a validation accuracy of 46.67%, a precision of 37.22%, a
recall of 36.51%, and an F1-score of 36.20%. These metrics indicate a consistent and stable
learning process. Furthermore, the visualization results clearly show that the model
accurately attends to clinically significant regions in the retinal images.

Overall, the findings highlight the potential of the Convolutional vision Transformer
(CvT) in retinal image analysis, offering not only robust classification performance but also
enhanced interpretability.

Keywords: Grad-CAM ~ Conformer ~ Diabetic Retinopathy
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