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Multilayer Graph Convolutional Feature Fusion Neural Encoding and
Decoding Network for Fine Segmentation of Retinal Vessels

CUI Shaoguo’, ZHANG Legqian, and WEN Hao
(College of Computer and Information Sciences, Chongqing Normal University, Chongqing 401331, China)

Abstract Fundus retinal vessels segmentation can assist doctors in the diagnosis of ophthalmic diseases and
cardiovascular and cerebrovascular diseases. However, due to the complex topological structure of blood vessels
and unclear boundaries, it greatly increases the difficulty of segmentation. A graph convolutional feature fusion
network is proposed based on the U-shaped structure to address these issues. This network uses a graph
convolution module to model the global contextual information between pixels in encoder features, making up for
the lack of global modeling ability in ordinary convolutions. Then, a multi-scale feature fusion module is used to
fuse the encoder features and decoder features to reduce the impact of noise information in the feature layer on the
segmentation results. Finally, a multi-level feature fusion module is used to fuse and output the features of each
layer of the decoder, reducing the loss of spatial information and the reuse of deep features during the
downsampling process. Verified on the public datasets DRIVE, CHASEDBI1, and START, the F1 values and the
AUC values are better than the other two methods.
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RSAN® 08111 0.8486 09836 09751 09804
MLA-Net®™ 08248 08042 09801 09673  0.9824
SA-UNet™ 08153  0.8573 09835 09755  0.9905

DEU-Net”” 08037 08074 09821 09661 09812
GCFF-Net 0.8379 0.8427 09791 09640  0.9878

®5 TEIEATE STARE HiE&E ERIMEEIRFR

Algorithm F1 SE SP ACC AUC

MLA-Net?" 0.796 5 0.792°5 0.9812 09649  0.9826
MAU-Net?” 0.7826  0.7536  0.9808 0.9581 09721
Res2Unet™™ 0.7858  0.7392  0.9865 09650  0.9709

SCHR[30] 0.7878  0.7381 0.987 1 0.965 5 0.9823

HR[31] 0.7947  0.8230 09945 09641 0.9620
GCFF-Net 08063 0.7786 09814 09595  0.9836

2.5 HRASEE
2.5.1 GOCN #3k K #8352 3

i KT AR EEM G I, AR iR
K MEHIREEH S WE R DK
fE BB R, MARJE K Z 2 R A
AR AR . O TS B AL K B, £ DRIVE
Hite b K BN VIR E 7, dE 10 /Al
HARJET A K B 6 I, F1fE .

0.8300
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Fl1

0.8280

0.8275

0.8270 L L
1 2 3 4 5 6 7
K
K10 KHUES T

252 HESEBHGRER

T B UEA SCEE PR B A A, 4l
7t DRIVE. CHASEDBI 1 STARE iX 3 /™ ## 4
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A, PIEEAE I 2 2 R AL G AEE, B A, N
ARHE

MR 6 AIEN, HT U-Net 1 @58 H me i
USSR B, SFEULE B RE LW 0 R 5
B2, 1E U-Net 25 M BGREESE, wTEL
RN EG ARG R, FHMIRMmEER R
Z TR B A5G 22, DT 2 S AL 2 LI 515 3
ff1fe 7. 7t DRIVE %4 %5 f1 CHASEDBI %4 42
AT LUE B SE fabn A B B F+, BT STARE %i#is
2R O PR I A 3 & LUK, SE fR bR A B
NF%, {25 SP BRI TIAZ ZE IR RR &
Ja, SOFRFRSA T LA, U2 B R RS A
BT LA 20k U-Net I SRAF IR o 2 845 B 1 40
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P RS B — 8 A A B
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Dataset model F1 SE SP ACC AUC
A 0.824 8 0.8213 09751 0.9555 0.9773
A, 0.8262 0.8313 0.9730 0.956 0 0.9779
DRIVE
A; 0.827 8 0.8342 0.974 1 0.957 1 0.9810
Ay 0.829 0 0.8345 09739 0.9573 0.981 3
A 0.822 4 0.8213 0.978 2 0.960 9 0.983 7
A, 0.8355 0.8455 09779 0.9629 0.986 5
CHASEDBI
A; 0.836 4 0.846 4 0.978 0 0.963 5 0.9872
Ay 0.8379 0.8427 0.979 1 0.964 0 0.987 8
A 0.800 2 0.728 5 0.989 6 0.963 2 0.980 7
A, 0.801 5 0.769 2 0.9817 0.9587 0.9822
STARE
A; 0.803 8 0.775 4 0.9813 0.9590 0.9829
Ay 0.806 3 0.778 6 0.981 4 0.9595 0.983 6

3 ZERiE

A ST o AL 1R R i 67 2 ) e b D BT R
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H ) 22 J2 RS A i BB ] DAAT 280D D) R SRR I
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