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Retinal vessel segmentation method based on improved U-Net
WANG Shiwei, CHEN Jun, YI Caijian
( College of Physics and Information Engineering, Fuzhou University, Fuzhou 350108, China)

[ Abstract] In view of the difficulties in feature extraction and inaccurate segmentation of detail regions in the traditional algorithm
for fundus retinal vessel segmentation, a new algorithm CSD-UNet is proposed, which is improved on the basic U-Net. This new
algorithm can segment blood vessels better. First, convolution attention module is used in the encoding and decoding stage to
enhance the subtle structure of the blood vessel by introducing the channel and spatial attention mechanism. Secondly, the SoftPool
method is adopted to ensure that more original information is preserved and the receptive field is increased in the down-sampling
stage. Then, the dense upsampling convolution is selected as the up-sampling method to generate a pixel —level prediction and
capture more detailed information. The proposed algorithm is verified on the open data set DRIVE, CHASE_DBI. The experimental

results show that the proposed algorithm is superior to the existing advanced algorithms in segmentation effect.
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Fig. 1 Overall network structure of CSD-UNet
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Tab. 1  Experimental results of various algorithms on DRIVE
dataset
Tk Fl SE sp ACC  AUC
U-Net®! 0.8142 0.7537 09820 09531 0.9755
R2U-Net!*] 0.8171 0.7792 09816 0.9556 0.978 4

Residual U-Net'®!  0.8149 0.7726 0.9820 0.9553 0.977 9

Recurrent U-Net!®)  0.8155 0.7751 0.9816 0.9556 0.978 2

CSD—-UNet 0.8241 0.7952 0.9804 0.9568 0.979 3
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Tab. 2 Experimental results of various algorithms on DRIVE
dataset
Jrik Fl SE sp ACC  AUC
U-Net!®/ 0.7783 0.8288 0.970 1 0.9578 0.9772
R2U-Net!? 0.7928 0.7756 0.9820 0.9634 0.9815

Residual U-Net'®!  0.7800 0.7726 0.9820 0.9553 0.977 9

Recurrent U-Net!®)  0.7810 0.7459 0.9836 0.9622 0.980 3
LadderNet! '] 0.803 1 0.797 8 0.9818 0.9656 0.9839
TterNet! '] 0.8073 0.7970 0.9823 0.9655 0.9851

CSD-UNet 0.8323 0.7640 09911 0.9659 0.987 8
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