SPMELHEEYMEFTIE

¥ 9% el £ % Hi A Vol. 9 No. 6
2020 £ 11 A JOURNAL OF INTEGRATION TECHNOLOGY Nov. 2020
5IZH& R

AR, ARAR, TRORAE, 5. — Pk TR AR RN A ons 70 00 48 BRI R I I 73315 72 (D). SRR, 2020, 9(6): 21-28.
Li MX, Xu R, Zhang TH, et al. A retinal vessel segmentation method based on super-pixel and generative adversarial
networks [J]. Journal of Integration Technology, 2020, 9(6): 21-28.

S S A3 -
— T E T B 5% ZE A0 Rl X W £ B4 X R
Parlal \l*l AY :
MEDENFZE
AL % & KRE B R AEm
VLRSS B TR JEBH 110168)
C(TRRRESA R JLB 110015)
OE ARG R G I B e A ML R BA RS I AR A AN 2 SO B R ) L, 42
— PR GE A R M BRI AS 2 5 A NP 4% (Generative Adversarial Networks, GAN) [RIAR RN s I 49|
Tvke ETIEE SN GAN BT EEE, SR A 2SR A 6] G B A 1) 22 R EERFIE IR IR 3R = GAN 47
FIFEEE, 7RISR INE 22 EG A, FIHLHERSEG R BB A S 5RE WAk
B, % GAN % EUG LS RS R B E MG = gt 7 7028, DUAR B . 1 e g B3k
B, SRS RIS 2> B v A B, 07 VA REBUERMERRIE L — e BT, feEA gy i
HEEIFHIR.

XHR AERSTINGS; SIRS ek R, R, AR 4 E
FESES TP 391  XEAMFRERE A doi: 10.12146/j.issn.2095-3135.20200707001

A Retinal Vessel Segmentation Method Based on Super-pixel and
Generative Adversarial Networks

LI Mengxin' XURui' ZHANG Tianhui' CHENLi* HAO Jiali'

'( School of Information and Control Engineering, Shenyang Jianzhu University, Shenyang 110168, China )
*( Building Design and Research Institute, Shenyang Jianzhu University, Shenyang 110015, China )

Abstract In order to solve rough contour of some blood vessels and the loss of vessel-perpherals and
branches in traditional retinal vessel segmentation, a novel method forretinal vessel segmentation which

combines linear spectral clustering super-pixel with generative adversarial networks (GAN) is proposed.

kS EEA: 2020-07-07 {E&EIHHEA: 2020-08-21

TEEENY: SRk CRIER), 4, #eg, LA S, s asitil. B, & aedshl, E-mail: 846007599@qq.com: 1
w, WL, WFF T RS R AL EE, skRE, WL F A, BFATT DA S ER AL EE . BRAT, g AR, B 5007 n) h dt s
REAb BLER ANEAR: AT, WLwrFAs, BFF TR A IE 8 B SR .



22 £

Hi VN 2020 4E

The accuracy of segmentation is improved using the multi-scale features from atrousspatial pyramid pooling

(ASPP) module with a modified GAN method. After the segmentation image is obtained, by utilizing

the characteristics of high edge suitability and clear contour of linear spectral clustering super-pixel

segmentation, the GAN output image was mapped to the super-pixel segmentation image. The segmentation

was achieved by classifying the pixel clusters. The experimental results show that compared with the

traditional retinal vessel segmentation method, the sensitivity and accuracy of the proposed method are

improved, especially in the details of the contour edge.
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