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An XNet-CNN Diabetic Retinal Image Classification Method

CHEN Yu'  ZHOU Yuia' DING Hui’

(1. School of Information and Computer Engineering of Northeast Forestry University Harbin 150040 China;
2. Hainan Eye Hospital Haikou 570100 China)

Abstract: In this research a retina image automatic recognition system based on Convolutional Neural Network
( CNN) is proposed for the disadvantages of the traditional retina image processing process which is cumbersome
and poor in robustness. First image preprocessing includes noise removal numerical normalization and data
volume amplification; then a new neural network model XNet is designed. XNet inherits the advantages of
LeNet and Inception networks. The network parameters are based on training. The samples were adjusted
adaptively. Finally the comparison of accuracy and number of iterations was performed for different network
structures. The experimental results show that the XNet network structure is superior to LeNet and Inception and
the accuracy rate can reach 91%; and the necessity of data amplification is confirmed through experiments.
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