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Classification of Fundus Retina Diseases Based on Deep Learning

LI Guojing ,XIA Qiuting ,LI Hong"

(College of Automation ( Artificial Intelligence) ,Hangzhou Dianzi University ,Hangzhou Zhejiang 310018, China)

Abstract; To propose a multi-disease classification method based on deep learning and to realize a complete fundus
retinal image-aided diagnosis solution, Resnet50 is used as the backbone network , multi-task learning is used to
solve the problem of multi-label classification, the images of the left and right eyes are stitched according to the cor-
relation between the left and right eyes,and the features of the left and right eyes are fused,so as to improve the ac-
curacy of the model. Since the disease classification based on the fundus image is essentially judged according to the
lesions on the image,the attention mechanism is introduced to make the model pay more attention to the focus fea-
tures and enhance the learning ability of the network to the effective features. Finally,the accuracy of the model is
further improved by multi-model fusion technology. Through the design of several groups of comparative experi-
ments , it is determined that the Resnet50 backbone network is the best choice for this experiment,and the introduc-
tion of attention mechanism and multi-model fusion improve the diagnostic accuracy of the model.
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