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Effect of deep generative adversarial
networks models in determining the degree
of diabetic retinopathy

Shirin Mirabedini'™, Mohammadreza Kangavari?

Abstract

Background and aims: Early detection of diabetic retinopathy in the military
forces can prevent their performance reduction or avoid the
occurrence of operational errors. So an automated and optimal
method to diagnose the degree of disease from retinal images is
valuable in the prevention of acute phases. The purpose of this article
is to present a new method in determining of proliferation based on
the deep generative adversarial networks models (GANS).

Methods: In this study, which was conducted in 2018-2019, a new
method was used to classify 35,126 medical images on the data set
available from the Kagel site related to a hospital in the UK. To create
a balance between levels, first with the help of a deep GAN, the
number of small classes was increased, then using a designed
classifier, the degree of disease was determined in different ways.
Results: Using the designed GAN, an accuracy of about 87% was
obtained for classification, which was about 7% more than the best
similar works. In addition, with the distribution of the model, the
efficiency of automation also showed an improvement of 60%.
Conclusion: By solving the problem of imbalance between different levels
of retinopathy, by producing new images using the designed GAN
and distributing the mentioned operations, while increasing the
performance, optimal accuracy has been obtained. Therefore, this
new strategy can be used to automate the diagnosis of diabetic
retinopathy.
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