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Fig. 9 Comparison of 5 kinds of fundus images before and after processing
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Fig. 10 Real-time random enhancement renderings
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Table 2 Results of backbone model training

e e TS R Kappa {H

Models Accuracy Specificity Sensitivity ~ Kappa value
MobileNetV2 0. 858 0.914 0. 842 0.842
Efficient-

NetBO 0. 862 0.932 0. 854 0. 864
ME-Net 0.898 0.930 0. 868 0. 869
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Table 3  Performance comparison of models adding attention
mechanism
8] B 3 5 R Kappa fd
Models Accuracy Specificity Sensitivity Kappa value
MobileNetV2 +
GAM 0. 893 0.921 0. 862 0. 850
EfficientNetB0 +
GAM 0.921 0.924 0. 870 0. 870
ME-Net +
GAM 0.922 0.936 0. 889 0. 900




BNE =R E PR, BEE, 22 E T ME-ANet 2B (9 18 bR 75 41 M BR 95 35 9

Nk — R T AW G B B Y 4 R ME- ANet
I B4 73 SRR DL S Sk W03 B 25 o 3 0 A Y i
AR SE ) o PR BT — A RS2 5, X ME-ANet %!
HEAT N GRI off Sk A A B 28 ME-Head 45 14 Jin 28 75t
YN ZRAH AR I I 2R A A X L, SE 45 R 3k
4 iR,

&4 ME-ANet &2l 25 SR RE M RE X bb
Table 4 Performance comparison of ME-ANet model training

strategies
Il 5 5K

Training
strategies

B2
Non - transfera- 0.921 0. 945 0. 884 0.914
ble learning

TR
Transfer 0.945 0.956 0.905 0.925
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Fig. 11  Accuracy and loss rate curve in model transfer

training and validation
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Table 5 Comparison of model method

BEA UATES 5 RYE  Kappa fi
Models Accuracy  Specificity ~ Sensitivity Kappa value
AlexNet 0. 897 0.940 0.812 0. 864
GoogleNet 0.933 0.934 0.776 0. 858
EfficientNet 0.925 0.975 0.918 0. 800
InceptionV3 0.783 0.889 0.782 0.772
ME-ANet 0.945 0.956 0.905 0.925
3 #iE
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Study on Grading of Diabetic Retinopathy Based on Me-ANet
Model

CHENG Xiaohui'”*,LI Hejun"* ,DENG Yun'?*,TAO Xiaomei',LI Xinxiao'"

(1. College of Information Science and Engineering, Guilin University of Technology, Guilin, Guangxi, 541006, China; 2. Guangxi
Key Laboratory of Embedded Technology and Intelligent System , Guilin, Guangxi, 541006, China)

Abstract : Diabetic retinopathy (DR) is an ophthalmic disease with a high blindness rate. The difference be-
tween retinal images of different pathological grades was small and the distribution of lesion points was irreg-
ular. Aiming at the problem that the existing depth model has low recognition rate for similar lesions in DR,
which seriously affects the classification accuracy of the model. This study builds a new model architecture
for training based on deep learning,and proposes an attention network that integrates MobileNetV2 and Effi-

cientNetB0O depth models;: ME-ANet. The model integration is divided into two parts:head and backbone,and
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the shallow part of the depth model is fused to form the head of the network. During the training, the transfer
learning strategy is used to initialize the network model parameters to reduce the over-fitting problem in the
training. The backbone part uses the core structure of the above two models to design a 3-stage integrated
module for feature extraction. At the same time, the Global Attention Mechanism (GAM) is designed and
embedded into the 3-stage integrated module respectively. The improvement of the model accelerates the con-
vergence speed of the network. The network model achieves feature fusion extraction of shallow image infor-
mation,reduces the problem of convolution loss of micro lesion feature information during the training,and
further improves the classification accuracy of the model. The feature extraction backbone network is con-
structed through model integration,which improves the model’s learning of low-level feature information, the
attention mechanism suppresses non-lesion feature information,and strengthens the learning of typical lesion
features, thereby realizing fine-grained classification and further improving the classification performance of
the model.

Key words: diabetic retinopathy;transfer learning;integrated module;attention mechanism;feature fusion
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