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Two-Stage Retinal Vessel Segmentation Based on Improved U-Net

Cai Qianhong, LiuYuhong, Zhang Rongfen

College of Big Data and Information Engineering, Guizhouw University, Guiyang, Guizhow 550025, China

Abstract Aiming at the problems of current retinal image segmentation methods, such as blurring of fine vessels
pixels and loss of details at the edge of thicker retinal vessels, we designed a two-stage segmentation method based
on the combination of improved U-Net and Mini-U-Net network in this paper. Firstly, we added a small-size Mini-
U-Net to the full-size U-Net network to perform secondary training on the blurred vessel pixels in the retinal image
to improve the segmentation effect of blurred blood vessel pixels; secondly, the original convolutional layer in the
encoding and decoding processes of the two networks is changed to a residual convolution module to preserve the
original feature information more completely; finally, an attention mechanism is introduced at the jump connection
of the two networks to improve fine vessels segmentation precision. The precision ratio of this method on the
DRIVE and STARE public fundus image datasets were 0. 8331 and 0. 8563, the recall rates were 0. 8396 and
0.8639, the F1-Score were 0.8351 and 0.8609, and the accuracy rate were 0.9698 and 0.9787, respectively. The
total segmentation results of the proposed method are better than those of other methods.

Key words image processing; retinal vessel segmentation; U-Net; two-stage training; residual network; attention
mechanism
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Fig. 11 Local segmentation maps. (a) Original fundus images; (b) partial color fundus maps; (c) standard partial

segmentation maps; (d) ours local segmentation maps
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Table 2 Performance indicators of different methods in DRIVE database
Method Year Precision Recall F1-Score Accuracy
U-Net™/ 2018 0. 8852 0.7537 0.8142 0.9531
Residual U-Net"*” 2018 0. 8614 0.7726 0.8149 0. 9553
Recurrent U-Net'*” 2018 0.8603 0.7751 0.8155 0. 9556
R2 U-Net™] 2018 0. 8589 0.7792 0.8171 0. 9556
Conditional GAN™" 2018 0.8143 0.8274 0. 8208 0. 9608
LadderNet™" 2018 0. 8593 0.7856 0. 8208 0.9561
DUNet™* 2019 0.8529 0.7963 0.8237 0. 9566
Dynamic Deep Networks!"! 2019 0.8284 0. 8235 0. 8259 0.9693
Ours 2020 0. 8331 0. 8369 0. 8351 0.9698
%3 ARREJFEEALE STARE $E4 For#1PEaEFE ir
Table 3 Performance indicators of different methods in STARE database
Method Year Precision Recall F1-Score Accuracy
U-Net™ 2018 0. 8475 0. 8270 0.8373 0. 9690
Residual U-Net™*! 2018 0. 8581 0. 8203 0.8388 0. 9700
Recurrent U-Net™ 2018 0. 8705 0. 8108 0. 8396 0. 9706
R2 U-Net™" 2018 0. 8659 0. 8298 0. 8475 0.9712
Conditional GAN™"! 2018 0. 8466 0.8538 0. 8502 0.9771
DUNet*] 2019 0.8777 0.7595 0.8143 0.9641
Dynamic Deep Networks™ 2019 0. 8559 0. 8541 0. 8549 0. 9780
Ours 2020 0. 8563 0. 8639 0. 8609 0. 9787
A IRy A WA B S L B A B A ) L 3.5.5 AR ZHEME4RA

Table 4 Comparison of inference time of different methods

on two databases

Inference time /ms

Method Platform
DRIVE STARE
U-Net™ NVIDIA GTX 1080Ti 18 17
Residual U-Net'® NVIDIA GTX 1080Ti 19 17
R2 U-Net®!  NVIDIA GTX 1080Ti 17 15
Ours NVIDIA GTX 1080Ti 16 14

AR SR AN [ J5 v 1) 4 N 45 SR AT T % e AN TR
J7¥7E DRIVE #il STARE W 5088 4 i 43 31 4%
XTI Ay an 12 FE 13 pros . Al UL, A —dk
A /NI A U-Net 776 1003515 25 B0 0 155 L, 1 7
SEAE R R A 2 1 i 4 28 XA Residual U-Net #1 R2
U-Net 77— & F2 B 1Y i 5515 3% 528 800 1 &
T < e o N R T 7 N S 7. i
TE 4 /N 178 A B4R R T T OF BAE S5 M B 24 1Y
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