YEBF - M

334 A3 20224E 3 A Journal of Optoelectronics « Laser Vol. 33 No. 3

March 2022

DOI: 10. 16136/j. joel. 2022. 03. 0522

2 RPEERAIERLA N U RUPLINGE o3 5

RAWT, A, & EH. K &

GLVEHE T R2: R TR S A3z, 7008 # 0 341000)

T8 2 00 S I G T A 2 R R A AR f B Y EE R AR AR L EE o6 B0 L I I A o ) AF A A
BT A0 I T 2 R A A R A ] L B 2 RO RRAE b A OB U B RS A Sk . i oL A
FHARJZ U-Net 55 25018 5 5% 25 155 e X HR IS 1845 320 17 R kL B 43 50, A5 20 00 ) B8 ol 48 0 20 e B . Lk,
B ML) B0 18 5 5 0 AT 1R AR 2 M TR 1% A B B U-Net, ) H: 45 i 58 2% 25 455 B 3 17 40 s 1 181 1% i
I S G 1= e P = SO i 2 I R o = WA | W L = e e D R N T R =R R
2 oS BREE W S s 2% AR B 0N R S 2B IR Bl A B2 45 i O A X3, R
UBMMEREERZRBIRMEGRZ . EESF B W MBS . £ DRIVE 5 STARE %4 4 =
BT SE 8, ol 3 4 A 96. 4506 A 97. 02 %6 . BECER B 43 R 83. 3506 A 81. 40 %6, R S 4 Bl A
98.38% Fll 98.83% , BAKVEREM T A B k.

KB MM B WU B fFHsk 2 2 REMSIEME: = KaETEE L

hE 4 %S . TP391 X EKFRIR AL A X E 4 S ; 1005-0086(2022)03-0272-11

Multi scale feature fusion double U-shaped retinal segmentation
algorithm

LIANG Liming” , ZHOU Longsong, YU Jie, CHEN Xin
(School of Electrical Engineering and Automation, Jiangxi University of Science and Technology » Ganzhou, Jiangxi
341000, China)

Abstract: The morphological structure of retinal vessels is an important index to reflect human health, In
order to solve the existing problems in retinal vessel segmentation,such as blurred main vessels, broken
microvessels and false segmentation of optic disc,the multi-scale feature fusion double U-shaped retinal
segmentation algorithm is proposed. Firstly,the low level U-Net efficient cyclic residual module is used
for coarse-grained segmentation of fundus images to obtain the initial contour of retinal vessels. Second-
ly,the coarse segmentation image is multiplied by the pixels of the original feature image into the high
level U-Net,and the scaling wide residual model is used to decode the fine-grained image to enrich the
details of retinal vessels. At the sametime, the three pathway attention mechanism is used to connect the
encoding layer and decoding layer of the double network in a compound way to realize the cross network
propagation of feature mapping and reduce the semantic difference of context. Finally, the double U-
shaped network can extract vascular pixels at a deeper level and accurately segment retinal details. Ex-
periments were conducted on DRIVE and STARE datasets,the accuracy was 96.45% and 97. 02% ,the
sensitivity was 83. 35% and 81.40% ,and the specificity was 98. 38 %5 and 98. 83 % ,respectively. The o-
verall performance is better than existing algorithms.
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Fig. 1 Flow chart of multi-scale feature fusion double U-shaped retinal segmentation algorithm
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Fig.3 Efficient cyclic residual module
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Fig. 4 Channel cyclic residual module
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Fig. 9 Multi-scale feature fusion dual U-shaped network
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Fig. 13 Detail comparison of segmentation results:
(a) Preprocessing image; (b) Ground truth;
(¢) MSD-Unet; (d) BCD-Unet; (e) D-Unet
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Tab.2 Comparison results of drive data sets

Method Acc Sen Spe AUC

Ref. [17] 0.9554 0.8160 0.9756 0.9799
Ref. [18] 0.9557 0.7890 0.9799 0.9774
Ref. [19] 0.9558 0.7941 0.9798 0.9847
Ref. [20] 0.9563 0.8361 0.9740 0.9805
Ref. [21] 0.956 6 0.7963 0.9800 0.9802
Ref. [22] 0.9578 0.8038 0.9802 0.9821
Ref. [23] 0.9581 0.7991 0.9813 0.9823
Ref. [24] 0.9581 0.804 6 0.9805 0.9827
Ref. [25] 0.9582 0.7996 0.9813 0.9830
Ref. [26] 0.9608 0.8274 0.9775 —

MSD-Unet 0.9645 0.8335 0.9838 0.986 4
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Tab.3 Comparison results of star data sets

Method Acc Sen Spe AUC
Ref. [18] 0.9581 0.7536 0.9808 0.9721
Ref. [19] 0.9640 0.7598 0.9878 0.9824

Ref. [20] 0.9689 0.8566 0.9819 0.9873
Ref. [21] 0.964 1 0.7595 0.9878 0.9832
Ref. [23] 0.9673 0.8186 0.984 4 0.9881
Ref. [24] 0.9665 0.7914 0.9870 0.986 4
Ref. [25] 0.9672 0.7963 0.9863 0.9875
Ref. [26] 0.9581 0.7536 0.9808 0.9721
Ref. [27] 0.9612 0.7595 0.9878 0.9801

MSD-Unet 0.9702 0.8140 0.9883 0.9858
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