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Research on retinal vascular segmentation based on GAN using few samples

Zhang Sijie Fang Xiang Wei Fu

(College of Microelectronics and Communication Engineering, Chongqing University, Chongqging 400044, China)

Abstract ; Retinal vessel segmentation is an important step for automatic screening of diabetic retinopathy. Currently, most deep learning
methods use a large number of labeled samples for network training, but it is difficult to obtain labeled samples in the medical field, and
healthy samples and patient samples are imbalanced. In this paper, we have proposed a method of retinal vessel segmentation using few
samples based on generating adversarial network. In the generator part, after preprocessing the image by inversing color and other
methods, the dataset is expanded by rotation. The U-Net structure is used in the network part and the discriminator uses CNN network.
In the experimental stage, the training test was applied to DRIVE dataset and HRF dataset. Only 6 samples of the training set were used
in the training step, and all the test samples were used in the test step. Finally, the area under the ROC curve of the two datasets
reached 0. 97 and 0. 95, and the accuracy rate reached 0. 95 and 0. 94. Compared with U-Net in condition of few samples, segmentation
performance is improved greatly. It shows that this method is effective for the task of low sample segmentation in retina vessel.
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Fig.2 The preprocessing operation steps for original

image and result of each operation
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Fig.3 Network structure of FS-GAN
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Fig.5 Network model of discriminator
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Fig. 8 Comparison of segmentation result from FS-GAN and manual labeled image on DRIVE dataset
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Table 1 Comparison of proposed method segmentation result with other methods on DRIVE dataset

ik AUC-ROC F1 1§ TERfR R VIR R0 Y 25+ 3 PR ]/ min
FS-GAN( 6 FEA) 0.976 2 0.807 4 0.953 0 10 60+5
U-Net(6 FEA) 0.934 8 0. 665 9 0.948 3 10 20+5
TterNet (6 FEA) 0.975 1 0.790 0 0.952 3 200 300+30
DUNet( 6 F:7<) 0.9722 0.799 9 0.952 0 100 200+20
U-Net (20 FEAS) 0.975 5 0.8142 0.9329 10 60+5
TterNet (20 F£7%) 0.981 6 0.820 5 0.957 3 200 480+30

DUNet (20 FE7AS) 0.980 2 0.823 7 0.969 7 100 400+20
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Fig. 10 Comparison of segmentation result from FS-GAN network and manual labeled image on HRF dataset
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Table 2 Comparison of proposed method segmentation result with other methods on HRF dataset

VRS AUC-ROC TR R F1 {8 TR IS+ HEZE A 8]/ min
FS-GAN(6 FEA) 0.9512 0.968 8 0.780 4 0.802 1 0.943 4 40+5
TterNet (6 FE7%) 0.950 3 0.959 0 0.785 2 0.788 9 0.930 1 300+60
DUNet (6 FEZR) 0.950 2 0. 969 7 0.695 5 0.796 1 0.940 8 200+30
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Comparison of the segmentation images from FS-Gan, lterNet, DUNet and manual labeled
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Table 3 Statistics of proposed method segmentation result of different groups on HRF dataset

N TS DICE PSR RIGSE F1 {§ e %

25N 0.8335 0.974 0 0.8416 0.848 4 0.9532
IR B 0.789 5 0.969 4 0.752 8 0.795 1 0.942 7

T PRI T A0 D0 R A8 £ 3 0.744 9 0.963 1 0.746 2 0.762 4 0.934 3
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Fig. 12 Comparison of proposed method segmentation

result on dataset a and dataset b
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Table 4 Comparison of proposed method segmentation

result on dataset 1 and dataset 2

Jiik Blide 1(OAF) e 2 ARfeBE (B 4E 2-1)

AUC-ROC 0.945 1 0.951 1 +0. 006 0
S 0.965 2 0.969 3 +0.004 1
RS 0.765 2 0.770 4 +0. 005 2

DICE 0.770 5 0.783 4 +0.0129
TR 2 0.938 0 0.942 4 +0. 004 4

M 4 LU A RESE 2 A RS SR
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Table 5 Comparison of proposed method segmentation
result with ablating GAN structure network on HRF dataset

ViR FS-GAN TH S AL
AUC-ROC 0.951 2 0.948 1 -0.003 1
RSB 0.969 3 0.970 8 +0.001 5
R 0.780 4 0.742 0 -0.038 4
DICE 0.785 1 0.769 6 -0.015 5
TR % 0.943 4 0.939 9 -0.003 5
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Fig. 13 Comparison of proposed method segmentation result with

ablating GAN structure network on HRF dataset
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