LRSI ISSN 1003-3254, CODEN CSAOBN
Computer Systems & Applications,2022,31(7):372-378 [doi: 10.15888/j.cnki.csa.008607]
O E RGBT TR .

E-mail: csa@iscas.ac.cn
http://www.c-s-a.org.cn
Tel: +86-10-62661041

E T Retina-GAN BRI X AR & & I & 57 5©

BEIR, KRR

(FH BFHEOR A (5 BB AR 2R, H B 266061)
IS 1EE: 5k1% 2, E-mail: jzhang@qust.edu.cn
O 0T n] DA R i A 2 ) AR AR, BRI B G E CB A E L, B Tk R RN R R
R 2%, SR T LARE VS i 2% ), HTAERECK, BT ASEIL Qiﬂ%ﬁﬁﬂﬁlﬂl%ﬁ%’ﬂﬁﬁﬁfﬁ%)\ﬁ KA. A
SCH Attention ML 5 RU-Net 45 14 fili-G 8 FH 21 2R RO PTIN 48 (generative adversarial networky GAN) 4E R 2% 41, T2
FC T —Ff R () 5 Retina-GAN. [F]] 7E X} IR i B4 1) ﬁiﬂ‘@ﬁig}il;iﬁﬁ% Halt 1 (ACE), 3 EG T L
JSE, A A BE I . O T SRR BB )1, 3] DRIVE i dk, 8 Retina-GAN 5 HAl A 5 L AR, 0 & 4947 T
SEHERE . R RS ST 9280 H0E S Retina-GAN HL HOM RS B4 5 17 fr 1k .

XKH2IA): MM BEAR I B R RU-Net; 42 /oxt HURZ%; Retina-GAN; I 73 %5 57 >

b

Sl AR R, KR R T Retina-GAN FAIRR I R B4 M & 43 81 H SEHL R 45 5 FH,2022,31(7):372-378. http://www.c-s-a.org.cn/1003-
3254/8607.html

Vessel Segmentation in Retinal Image Based on Retina-GAN

HOU Song-Chen, ZHANG Jun-Hu
(College of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: For finding the ophthalmic diseases that can be observed from retinal vessels, fundus images play a key role
and provide an effective reference for professional medical personnel. However, manual vessel segmentation has a large
workload, which is time-consuming and laborious. Therefore, developing an automatic and inteilig'ent segmentation
method is of great benefit to relevant personnel. In this study, the attention mechanism and RU-Net structure are
integrated into the generator of generative adversarial networks (GANS), forminv!g a new structure—Retina-GAN. At the
same time, automatic color equalization (ACE) is selected in the'preprocessing of fundus images to improve image
contrast and make blood vessels clearer. To validate the proposed a'pproach, we compared the Retina-GAN with some
other models on DRIVE datasets. Accuracy, sensitivity, and specificity are measured for comparative analysis. The
experiment shows that Retina-GAN has better performance than other models.
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