AL S . 2023, 31(10)

+ 194 - Computer Measurement & Control

gt 58 A

XEHS:1671 -4598(2023)10 - 0194 - 06

DOI:10. 16526/j. cnki. 11—4762/tp. 2023. 10. 030

FE 4SS . TP183 X HkARIRAD : A

— Fh % B AE X AR 25 #9 BY A0 ) B I B 4y Y R 2%
i B, M B

LR R PR TR bt 1095 8 214122)

TEE BN AL G0 A0 I BRI A 43 0 ) 4% i T 2 R B IR T BORUINVERAE B BB e, I A B RBEEAR Y ), R 8 T —F A 51
A% G0 X8 R A At — g T A e %y A X R R 0 B 0T o B 25 4 s S AL SRR 7. 2 MB, DAIBR 25 TR )RR 2 RUBE A i A5 R
P ol SERh AR AE SR A B . RRAE R I Gl G Z B AT 64 2, FRAE R R ST AR B FRBR AR AR A R, BB U D e AE TR
AR IR B R RIS s XTI ik 4 DRIVE Fl CHASE-DB1 #5485 1 3fF 47 032 ) AE 0 2 43 39l 96. 85 %6 il 97. 39 %6, M
BE4Y 3K 84. 03 % 1 86.50% , S PE4NF K 98. 08 % Fl 98.12% , AUC 4351 % 98. 63 % F1 98.99% ,

KB MBS AR ARG BT B ZRES AR

A Retinal Vascular Segmentation Network with
Shallow Asymmetric Structure

WANG Yao, GU De
(School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: Aiming at the problem that the traditional retinal blood vessel segmentation network leads to the loss of small feature
information and the low sensitivity of network segmentation with the deepening of the network depth, An asymmetric retinal vessel
segmentation structure is proposed, which is different from the traditional symmetric encoder-decoder module. The amount of net-
work weight parameters is 7. 2 MB, and the residual attention module and the multi-scale dilated convolution module are used as the
basic feature extraction modules. The maximum number of channel layers of the feature map is only 64 layers, and the size of the fea-
ture map is halved and the deconvolution operation is only twice. which can reduce the information loss phenomenon caused by the
change of feature map size. The test accuracy of the proposed method on the DRIVE and CHASE-DBI datasets is 96.85% and
97.39% ., respectively, the sensitivity is 84. 03% and 86.50% , the specificity is 98. 08% and 98.12% , and the AUC is 98. 63% , re-
spectively and 98. 99 %.
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Il /NERAE B R (34 . Strided Conv ¥ FRRAE B R 20
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Method Accuracy | Sensitivity | Specificity | AUC
k(23] 0.955 8 0.794 1 0.9798 | 0.9847
ekl 24] 0.957 3 0.773 5 0.9838 | 0.9816
k[25] 0.956 6 0.796 3 0.980 0 | 0.980 2
SCik[26] 0.959 4 0.812 6 0.978 8 | 0.979 7
Sek[27] 0.965 5 0.802 2 0.9810 | 0.9820
Proposed 0.968 5 0.840 3 0.980 8 | 0.986 3

# 2 CHASE-DBI $#i 4 97 ¥ Pk B 38 b PEAY 45 1

Method Accuracy | Sensitivity | Specificity AUC
CEkl23] | 0.960 8 0.817 6 0.970 4 | 0.986 5
k(2471 | 0.965 5 0.797 0 0.9823 | 0.985 1
ek 25] 0.963 7 0.826 8 0.977 3 0.981 2
k(28] 0. 966 7 0.813 2 0.984 0 0.989 3
Proposed 0.973 9 0.865 0 0.981 2 0.989 9
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