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Research on Classification of Diabetic Retinopathy Based on
Deep Learning
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Abstract : In order to solve the problems of difficulty in manual classification and poor recognition accuracy of diabetic retinopathy ( DR)
image,a DR image classification method based on composite scaling model is studied , which is used to detect DR and assist doctors in di-
agnosis. Firstly,the image of diabetic fundus lesions is analyzed in detail. After image preprocessing,the image features are enhanced by
image blending. At the same time, the training set is expanded by image flipping,image noise adding and contrast adjusting. Finally,the
degree of diabetic fundus lesions is graded by using transfer learning and composite scaling model. After a number of experiments, the ac-
curacy of the proposed method for diabetic retinopathy image classification is as high as 92% , and the Kappa coefficient is as high as
0. 88. It is showed that the proposed method can achieve high—precision classification of diabetic retinopathy without specifying the char-
acteristics of the disease. Compared with AlexNet, LeNet, CompactNet,ResNet and other models, the proposed method has significantly
improved the accuracy of diabetic retinopathy image classification. The diagnosis of the disease can provide an effective scientific basis,
and it also has a certain reference value for the study of other fundus lesions.
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