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Grading Model for Diabetic Retinopathy Based on Graph Convolutional Network

YANG Yufan, YUAN Liming, WANG Ke, LI Hongyi, LI Yixuan, YAO Yujia and WANG Jingyi
School of Computer Science and Engineering, Tianjin University of Technology, Tianjin 300384 ,China
Abstract Diabetic retinopathy is a high-risk blinding disease. If it is detected early.it can be treated to slow or stop further vision
loss in patients. There have been some successful cases of using deep learning to conduct diabetic retinal disease detection. Never-
theless, these methods usually only consider the spatial relationship between pixels in images and do not take into account the re-
lationship between deeper features of the images. For this reason,a graph convolutional network based diabetic retinopathy gra-
ding model is proposed with the aim of helping doctors and researchers to better grade and diagnose diabetic retinopathy images in
clinical practice and scientific research. This model mainly uses the graph convolutional network to capture the important grading
information embedded among deep features of an image,to obtain features with stronger semantic information,and to construct a
two-way branching network based on it. In addition, for better feature fusion,an adaptive weighting mechanism is used to further
improve the grading performance. Experimental results show that the proposed method can fully learn the relationship between
the deep features of the image by using the graph convolutional network,so as to improve the classification performance,and its
classification accuracy reaches about 84. 8% on the APT0S2019 dataset and about 68% on the Messidor-2 dataset.

Keywords Diabetic retinopathy grading,Convolutional neural network,Graph convolutional network, Two-way branch network,

Adaptive weighting mechanism
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Table 1 Hyperparameter settings on APT0S2019
Hyperparameters Value
learning rate 0.01
k 3
d, 347
d, 75
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Table 2 Comparison with state-of-the-art methods on

APTOS2019
Method Backbone network Acc Kappa F1 score
DLI ResNet50 0. 825 0. 895 0.803
CANET ResNet50 0. 832 0. 900 0.813
GREEN ResNet50 0. 844 0.908 0. 836
Ours ResNet50 0.848 0. 909 0.843
GREEN/ZA X 0%/0% GREEN/Z& X 24 /3% GREEN/A X :3%/3%
K EATEOR HEAREIR HEARE IR

Kl 4 fE APTOS2019 $¥i 4k LT M4 i 43 2 45 28

Fig. 4 Visualization of classification results on APTOS2019
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Table 3 Hyperparameter settings on Messidor-2
Hyperparameters Value
learning rate 0.005
k 5
dl 64
d2 64

# 4 AF Messidor-2 44 I 5 ek ik iyt te

Table 4 Comparison with state-of-the-art methods on Messidor-2

method backbone network Acc kappa F1 score
Base ResNet50 0.652  0.585 0.456
Base DenseNetl121 0.655 0.627 0.627

GREEN ResNet50 0.668 0.621 0. 630

GREEN DenseNetl121 0. 668 0. 650 0.642
Ours ResNet50 0.671 0.663 0.655
Ours DenseNet121 0.680 0.673 0. 660

DLI/CAnet:0% /0% DLI/CAnet:0% /0% DLI/CAnet:3%/24% DLI/CAnet:24/3%
GREEN/AX:14/0%  GREEN/ASG%/1%  GREEN/AX:3%/2% GREEN/ZA X :24 /2%
FEAREOR HLARER HLAREIR A LA 2R

&5 £ Messidor-2 #4 4 1] ML A4 73 2 45 5

Fig. 5 Visualization of classification results on Messidor-2 dataset
4.3 HEhI

AR SO A A 3 T BTk ] GCN Jifi 3k DR % s 78 47
AETR] Y G 2R o AR 4738 Ao T4 Al 5 50 43 BT 322 3 1 7 A

B, A Sl i APTOS2019 ¥ 4R & il
DenseNet121 {1 JJy 3=+ W 45 47 1 @l 52 56, 45 S 40 3 5 fiTg1), mf
UL AT 1 4 R PE R e 2 HAW A T A AN /N 4R T, BE S i
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Table 5 Experimental results on APTOS2019 with DenseNetl21 as
backbone network
method backbone network acc kappa F1 score
Base DenseNet121 0.828 0.738 0. 824
GREEN DenseNet121 0.838 0. 889 0. 826
Ours DenseNet121 0. 855 0.906 0. 849

# 6 APTOS2019 %44 EfficientNet-b0 154 3 ¥ 4% 14 5L 5
Table 6 Experimental results on APTOS2019 with EfficientNet-b0

as backbone network

method backbone network acc kappa F1 score
Base EfficientNet-b0 0. 803 0. 850 0.803

GREEN EfficientNet-bo 0. 840 0. 890 0. 830
Ours EfficientNet-b0 0. 845 0.905 0. 840

27 Messidor-2 i34 EfficientNet-b0 1E & 3 T W 4% 1% 52 56
Table 7 Experimental results on Messidor-2 with EfficientNet-b0

as backbone network

method backbone network acc kappa F1 score
Base EfficientNet-b0 0.649  0.620 0.588

GREEN EfficientNet-b0 0.665 0.632 0.635
Ours EfficientNet-b0 0.675 0. 660 0. 650

IR T B S 5 KR R B AR SCRE B ) GON 22 o] R IR
JZEFRAE 1] 5C F B T 23 MR BE AT A A /DB AR T 3t Al
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