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U-Net-based graph-structured auxiliary supervision network for retinal
vessel segmentation

LU Jia'?, YANG Honggiang'
(1. College of Computer and Information Sciences, Chongqing Normal University, Chongqing 401331, China; 2. National Center for
Applied Mathematics in Chonggqing, Chongqing 401331, China)

Abstract: Existing deep learning-based retinal vessel segmentation methods, relying exclusively on pixel-wise mask su-
pervision, encounter significant challenges in effectively modeling intricate branching patterns and overall global con-
nectivity features, which leads to structural anomalies such as vascular discontinuities in the segmentation results. Thus,
a U-Net-based graph-structured auxiliary supervision network for retinal vessel segmentation is presented in this paper.
Firstly, using a vessel skeleton-guided structural encoding algorithm, key bifurcation points and connectivity relation-
ships are transformed into structural supervision cues, enabling the network to capture the global structural attributes of
retinal vessels. Secondly, to achieve effective integration of visual-semantic and topological structural features, a multi-
level information flow attention fusion module is designed, enhancing the network’s structural representation capability.
Finally, an auxiliary supervision mechanism is utilized to guide the network in jointly learning topological structural fea-
tures and visual-semantic features, balancing segmentation accuracy with vessel morphological consistency. Evaluation
on CHASEDBI1, DRIVE and STARE datasets reveals that the proposed network achieves accurate retinal vessel seg-
mentation, while effectively mitigates vascular discontinuities issues, thereby providing a reference for preserving biolo-
gical consistency of segmentation outcomes.

Keywords: retinal vessel segmentation; deep learning; U-Net; graph-structured auxiliary supervision; vessel skeleton;

topological structure; multi-level feature fusion; connectivity
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Fig. 6 Multi-level information-flow attention fusion module
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TS AR, #2504k M8 R R A SR . Ut
A, R DR AIE S5 56 25 R 00 AT L MR AR A, YRR
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KT 5o TR A3 L W3R 1 B Js —3 .
32 iFfEERR

R VAR A SR 2%, SEERTERE T IR AR
AT, — KR BIRRIEr, 0wl ¥ sgf
H (mean intersection over union, mloU), [H£E T

1 (area under curve, AUC) ., EHfi % (accuracy, Acc).
i 5P (specificity, Sp). R E (sensitivity, Se).
F1 4344 (F1-score, F1) Fl &7 A1 5¢ 22 50 (Matthews
correlation coefficient, Mcc), %5 —ZS 245 f) Jed8
b, T TR AR EE 4 0 B BT 40 $ 45 4
b5 clDice™, HAMAXT T & M 45155 R 1) 2 4L
& (parameters, params) Fl &P 42K 185
K%L (giga floating-point operations per second,
GFLOPs).
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Table 1 Setting of dataset

Rt PER EABeE HaERoE 19k I
CHASEDBI 999x960 28 5000 20:8

DRIVE  565x584 40 5000 20:20

STARE  700%605 20 3750 15:5

33 XBWEINERIER

SCEG SR H Python 15 5 4 2, 3£ F PyTorch #E
ST, W% TE L 4 32 GB N FE 19 Intel(R)
Xeon(R) Gold 5218R CPU #1 16 GB NVIDIA Tesla
T4 B R IFEM FiE17, #E 554 Ubuntu
20.04 BAER G . M4 AW R R ST R 64%64,
i FH G AL VTR 17 B 38 o, 5K B Bk U1 ok
250 7K 64x64 RoTB/NEH Tl%k . M2kt
WK BN 500 52, 15 E ML, batch size %
oM 16, R HAMALEE Adam VI ZREAR R 2%, W)k
2 2] BYLE M 0.000 3, I F FH Ay 5% 8 KR g il Bh
Wk, ABEMNAER T ATEN 1,
34 XWHERS5HW
341 HERER

Sk U IF 4% 5 B AR R B {5 5 X% GASU-Net
PERE A R M SE PR ok, A SCBE T 5 AL
SCU, SR EE R AN 2 Fron, i g e 1 2 [H
—IEhR N AL R, T R BAE R K R —F5 b
IRV R T TN (=R 0y AN £ S A Y, 0 5/
M [RIFE IS T A OIS 2 A et . FEEEXTLE 5 4
W 28 4 A, i B B 7 S i 5 5% T ek Bl
B PCAM % Bh Wi B il GAS, =& WHIF X R,
AR, WIS T A JC MIFAF B He %23 E)VE g 1)

LA

%2 7E CHASEDBI HiiR s F MR R HRASHERER
Table 2 Experimental results for different combinations of modules on the CHASEDBI1 dataset

AEh B =X
I PeAM  GAS MIFAF  mloU(1)  AUC(}) Acc(]) F1(1) Mce(1)  clDice(?)
Y 0.6628 0.9404 09619  0.8044  0.7757 0.8015
N 0.6607 0.9489 0.9628  0.7957 0.7752 0.8097
S N 0.6495 0.9512 0.9612 0.7875 0.7662 0.7948
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&R 2
S B Wy = _
R CAM GAS MIFAF  mloU(1)  AUC(T) Ace(}) F1(1) Mce(1) cIDice(?)
v v 0.604 1 0.9512 0.9538 0.7532 0.7282 0.7639
S v 0.6787 0.9563 0.9652 0.808 6 0.7894 0.8264
AR R R — 3845 F B a5 R, T RILEHRC R85 F A RIEE5 R, 132 bRl s
551 4H M FEMER 2%, ¥E GASU-Net Al I 22 IR FR IS W GE e . T A 0 K, 4% &l i e
% T GAS Wi fil MIFAF #ide, {f 85 Ho A 454 . T FNES KA 1T Z W AR 2R B AT, 800 BIRS BE

L ) 4 32 ARG 2 s 1 B 3 X 0 L, ik
Z N4 Ry IS S5 A dR S BE T, R O A 3 A 1 Ry
ARG AR b L RIIE )5 .

FESS 2 ASCE0h, M4 Bl B GAS ), 5
B o X 25 A1 L 344 B2 T, clDice F1 F1 #8543 5142
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FLRFEBE 147 P N5 o
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MEEA bR LA R, R R T W
28 T I 45 32 38 1 DR AR 25 b — et Oy T A
UEPT I GAS fig % b A 4 1l 45 53 52 . v o5 5 3% 38
KR, M & B b ESf 51 5, T RS A
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FEREAURS B0 T8 S P N E, DL S MIFAF 7E {215
X5 S5 R AE A R G T RAE T, GAS R MI-
FAF Ht [6] ¥ Ji 1 42 71 /0 2% 245 ke S8 g 17 L 2 I
A B I S A IR RR A R R R

AR GEA [F R A A T % PERE RS2, A
LRIFT 6 KT A MIHALSEK, B Ae {0.2, 04,
0.5,0.6,0.8, 1.0}, L 25 F 0K 8 frn. 4
7=0.8 I}, GASU-Net 7 clDice 1§ #5 I U5 i 41
fE, 24 1=0.5 I}, GASU-Net 7£ 18148 Z45F5 F1 F It
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Fig. 8 Variation of the F1 and cIDice metric with respect
to A
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Btk 1 F1 I8 RARE T M S AR 2 41, 2B /D
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Fig. 9 Performance comparison with and without noisy su-
pervision labels on GASU-Net
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BEAE b, o 55 H A 32 30 M 4% 2R AT T O S
9o SEEG A5 IR LR 3~5., 7E CHASEDBI1 %t 4
I+, GASU-Net 7£ clDice. mIoU. F1 Fll Mcc &35 #5
FWARERAL, W15 3 FioR . AHECT PGU-Net, GASU-
Net £ clDice Fll mIoU 43 % =5 ) 1.06 1 0.58 H 47

AL X FEAS T GASU-Net & B GAS HLiI,
FEX AL IVE R, 4522 =) J0 W0 1L 1)
AR SR, DT A 50k 4 BRI R e 8 | M s sk &2
Z= 1Y AT A R B W AE WL, O A LR 04 S
PR 1, F — 20 oAb T 38 IR 1) 3 38 1 AR 2

TR

&R 3 7£ CHASEDBI HiE&E L SR EMEH LW AR
Table 3 Comparison of experimental results with existing networks on the CHASEDBI1 dataset

e mloU AUC Acc Sp(1) Se(1) F1 Mce clDice  Params/10°  GFLOPs
U-Net™ 0.6636 09819 09627 09781 0.8112 0.7976 0.7778 0.8213 3.35 0.49
U-Net++34 0.6667 09813 09632 09785 0.8118 0.7998 0.7802 0.8221 9.16 2.16
AttU-Net™™! 0.6636 09819 09629 0.9790 0.8050 0.7974 0.7777 0.8177 34.86 4.16
ResU-Net++P  0.6233 09739  0.9602 0.9834 0.7272 0.7679 0.7476  0.7693 14.48 4.43
IterNet™"! 0.6640 09818 09631 09791 0.8048 0.7978 0.7781 0.8185 13.60 2.70
cldice™ 0.6531 09434 09615 09775 0.8005 0.7902 0.7691 0.8189 8.64 1.03
PGU-Net??" 0.6729  0.9853 0.9657 0.9844 0.7780 0.8045 0.7863 0.8158 2.17 2.55
AttUKANP? 0.6709 0.9822 09641 0.9800 0.8072 0.8028 0.7839 0.8252 24.95 0.62
GASU-Net 0.6787 09563 09652 09803 0.8126 0.8086 0.7894  0.8264 4.87 1.81
TE: IRLECEA R TR — 4848 T B RS R, T RILBHEACE R — 8RS R, 1 2R/ R s
#4 FEDRIVE $iE& F 5SMENAMHRRE R
Table 4 Comparison of experimental results with existing networks on the DRIVE dataset
P 2% mloU AUC Acc Sp F1 Mcce clDice
U-Net 0.6729 0.9795 0.9548 0.9875 0.7308 0.8045 0.7843 0.7909
U-Net++ 0.6759 0.9781 0.9544 0.9848 0.7464 0.8066 0.7843 0.7915
AttU-Net 0.6702 0.9762 0.9541 0.9865 0.7324 0.8025 0.7814 0.7794
ResU-Net++ 0.6726 0.9732 0.9537 0.9838 0.7474 0.8042 0.7811 0.7842
IterNet 0.6895 0.9752 0.9554 0.9814 0.7773 0.8162 0.7922 0.8027
cldice 0.6781 0.9391 0.9527 0.9773 0.7838 0.8082 0.7817 0.8208
PGU-Net 0.6673 0.9783 0.9541 0.9879 0.7226 0.8004 0.7807 0.7864
AttUKA 0.6983 0.9781 0.9556 0.9768 0.8116 0.8222 0.7982 0.8211
GASU-Net 0.6990 0.9333 0.9560 0.9784 0.8024 0.8229 0.7981 0.8222
TE: IRLECE A G TR — AR T B USSR, T RILBHEA SRR — bR T B iess
R5 ZESTAREHEE LSMERMEM LI LRI
Table 5 Comparison of experimental results with existing networks on the STARE dataset
P 2% mloU AUC Acc Sp F1 Mcce clDice
U-Net 0.5261 0.9719 0.9526 0.9973 0.5387 0.6895 0.6985 0.6936
U-Net++ 0.5672 0.9794 0.9563 0.9964 0.5862 0.7238 0.7253 0.7488
AttU-Net 0.5369 0.9721 0.9534 0.9967 0.5535 0.6987 0.7040 0.7266
ResU-Net++ 0.3772 0.9428 0.9383 0.9985 0.3824 0.5478 0.5865 0.5554
IterNet 0.6033 0.9736 0.9591 0.9943 0.6349 0.7526 0.746 5 0.7775
cldice 0.6090 09113 0.9588 0.9916 0.6565 0.7570 0.7456 0.7926
PGU-Net 0.4772 0.9650 0.9477 0.9974 0.4885 0.646 1 0.6617 0.6355
AttUKAN 0.6042 0.9706 0.9592 0.9914 0.658 1 0.7515 0.7408 0.8096
GASU-Net 0.6437 0.9105 0.9627 0.9924 0.6891 0.7833 0.7719 0.8365

TE: IRLEE A G TR — AR T B USSR, T RILBHEA SRR — bR T B iess
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Fig. 10 Local segmentation results of different networks on three datasets
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Fig. 11 Local segmentation results of GASU-Net on lesion

samples

5 BT GASU-Net 78 R0 9] JI5E 1l 45 4 81X 2 28
BN F-fir gc 4 45 itk BE, B 12 454 T GASU-
Net /£ CHASEDBI . DRIVE # STARE 3 /A JF 5K
PSR B TR VB RE M . 0 A LR B
TR R R I ) SR A 1 2 A ST A S AR
[ B, BB T GASU-Net 76 530 1 45 5 HEbg 15
SR SE H bR Z B AT BE ) o 7RSI
AV T, Mee J2& PRAS X R AU 5E 1 117 38
bR, GASU-Net 76 P54l 4 ¥R 17 & m
Mece ff, iX 7% B GASU-Net 7 &b 3 2% 51| - i 51
it 5 BB 405 3K 2] 458 - 19 1 R o

x10°

& 4

§—§ 95 401

i
,‘-‘H " 3
i
mf 2

i

&

= 90 612 392 837

fg 1

JIIK=2EE HERREE
TR
(a) CHASEDBI
X106

i

% 85 426 3

9p
fal
1%
= ’
i

%

&

P 114 145 463 504 !

=

JIIK=2ES HRBE
TRAR
(b) DRIVE

x10°
@ 1.2
&\ 1356 899 10 437
= [ L0
T
i 0.8
e
L=
#
i 06
ﬁ
E{E 46 032 102 033 0.4
g 0.2
MERER HRgER
TR
(c) STARE

B 12 BEEMESTLE
Fig. 12 Comparison of confusion matrix.

GASU-Net 7€ 3 /M%) e 9250 45 28 134 7R
£ cIDice., mloU Fl F1 #8 5 MR 2 OREF4IE, X %
B GASU-Net FA 54 i) PR35 00 I 1 a4 0 51 45
SEBMMRE ST . mloU b1 B A7 RN —
IR 1325 R A 43 ) DX i) ot 2 o0 o 2 7 T
BIPEF . 53 A1, T 1) A0 I I A A 55 ) AR
8 BA N A5 1Y FF 8, T GASU-Net 7£ Mcc
fe bR BIRF) T WA S LA — S, IR T
2R AR B A 1] 3R 2 ] A RGP 4

(LA T A2, 7R B S #Y AUC AT Ace
SFBAR R NG LR AR b, GASU-Net R REHUAT
HARME . FEHFEFALE T GASU-Net 9 H Z AL H
P 2 T DR 0 R 48 2R ) D A Al T, B AR %
S JoWr 2L EL 43 SCA AR Y AR . O S
— H#5R, 24 GASU-Net [ Il P KI5 BT i | 4] b B A
0 s 22 P BRI B AR AR R XK, B2
SRS A A T 1) PR AR D 8 A il P, B2 X
SEPIST B | JoIk A AR A 4 A ol I A AR R AT
il o XN 254G W] SRV OO e B, REAS B T
cIDice fig b5, H e —@E R L2 R BE 4 R 0
AR AUC Fl Ace F6H5

4 #ERE

AR SCET St BRAT 4351 ) 286 XPE A AT 35504 5 00 9] s
LA W M5 0 S SR 2, $2 HH GASU-Net,
SRy 1 i 0 28 XF 1ML A8 46 A8 4 S R B RE Y, it T
VSGSE 81k, Jf DL 25 4 1k 5k 1 1 Sk s J2 Ul B
WEBAE Y, DT 205 | 5 X 4% 2 =) R B8 1 7 Y
2% 1) B AR ZE K R AE . GASU-Net 3 43 B & i 75 B
il 2R, 564 MIFAF A, SCol 1 i U E
5 ZE R FRE R BE LG, ST T 0 A 43 1Y) %
PE o ARSCTE 3N AT EUESE L3 E T H A 2.



521 4% B OB A

4t

24 <1178 +

GASU-Net f: BEAG 505 TH L ) 5 i 45 7 81 7 322 3
PRI AE ) 2 — B, (B4 SEER FR bR, 40 AUC,
Acc FEAT AR BE L BLHE T, X FIR W 45 7 11 SRR
X Ik B 2 N BE A AR . WRE A4l AR B
B, PR TAES, W8t — ik A B 4 o
AL, 5 GASU-Net #7414, Il — 2Bk
1 R 45 BIp ] AEE 42, A O A0 I S I 45 3 3
(4 (] s, %o 0 A B R AT A A, 488 T 00 Do) S o A
(AR EIRG B, S flifb AUC. Ace %4845

S % 3k

[1] SINGH C. Metabolism and vascular retinopathies: cur-
rent perspectives and future directions[J]. Diagnostics,
2022, 12(4): 903.

[2] LIU Xinghui, TAN Hongwen, WANG Wu, et al. Deep
learning based retinal vessel segmentation and hypertens-
ive retinopathy quantification using heterogeneous fea-
tures cross-attention neural network[J]. Frontiers in medi-
cine, 2024, 11: 1377479.

[3] CHEN Shuli, XU Yi, CHEN Bo, et al. Remnant choles-
terol is correlated with retinal vascular morphology and
diabetic retinopathy in type 2 diabetes mellitus: a cross-
sectional study[J]. Lipids in health and disease, 2024,
23(1): 75.

[4] SUNGIJY,LEEK H, JUN J H, et al. Changes in peri-
papillary microvasculature in patients with type 2 dia-
betes patients: effect of systemic hypertension[J]. Sci-
entific reports, 2023, 13: 19459.

(5] skeh, BULLHE, eFE), 55, 70 2 DL e O i R TN

T RE B9 AL I 10 A8 R S S EE SR (D], IRBE, 2024,
33(4): 285-289.
ZHANG Han, JIA Hongyan, LING Saiguang, et al. Cor-
relation analysis between retinal vascular morphology
parameters and 70 years-old or over coronary heart dis-
ease based on artificial intelligence[J]. Ophthalmology in
China, 2024, 33(4): 285-289.

(6] B, T HE TR ) BB A 70 17 125

IR[T]. FRIMVE R 2244 (A RBHEIR), 2024, 41(4):
110-125.
LU Jia, WANG Zeyu. A survey of retinal vessel segment-
ation algorithms based on deep learning[J]. Journal of
Chongqing Normal University (natural science), 2024,
41(4): 110-125.

(7] VEATRS, FRURMG, Z000E, A5, TRIE~A > BRI JE 4 53
FIWFFE R[] THEEHLR - SRR, 2024, 18(8): 1960—
1978.
WANG Yousong, PEI Junpeng, LI Zenghui, et al. Re-
view of research on deep learning in retinal blood vessel
segmentation[J]. Journal of frontiers of computer science
and technology, 2024, 18(8): 1960—1978.

[8] LIU Li, QIANG Ma, OUYANG Cheng, et al. Topology

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

optimization in medical image segmentation with fast
Euler characteristiclEB/OL]. (2025-08-05)[2025—
09-27]. https://doi.org/10.48550/arXiv.2507.23763.
RONNEBERGER O, FISCHER P, BROX T. U-Net: con-
volutional networks for biomedical image segmentation[C]//
Medical Image Computing and Computer-Assisted Inter-
vention. Cham: Springer, 2015: 234-241.

Bk —, 2. T B SRR B A5 BRI 2% 14 400 IO et 11 28
Ay EIT7 0. P EBOE, 2024, 51(15): 181-191.

MIAO Linyi, LI Feng. Retinal vessel segmentation based
on dynamic feature graph convolutional network[J].
Chinese journal of lasers, 2024, 51(15): 181-191.
RIRI, G, Bk, . T UG Z W 4 1Y
L 1 A P8 03 (D). 6274, 2018, 38(11):
125-131.

WU Chenyue, YI Benshun, ZHANG Yungang, et al. Ret-
inal vessel image segmentation based on improved convo-
lutional neural network[J]. Acta optica sinica, 2018,
38(11): 125-131.

by =, BREEEE, B, ASR-UNet: —Fi L TR
AL O AL 0 LA 23 B2 (0], L AR RSl (R
2AhR), 2021, 56(9): 13-20.

YI Sanli, CHEN Jianting, HE Jianfeng. ASR-UNet: an
improved retinal vessels segmentation algorithm based on
attention mechanism[J]. Journal of Shandong University
(natural science), 2021, 56(9): 13—20.

YI Yugen, GUO Changlu, HU Yangtao, et al. BCR-UNet:
bi-directional ConvLSTM residual U-Net for retinal
blood vessel segmentation[J]. Frontiers in public health,
2022, 10: 1056226.

JIA Wenran, MA Simin, GENG Peng, et al. DT-net: joint
dual-input transformer and CNN for retinal vessel seg-
mentation[J]. Computers, materials & continua, 2023,
76(3): 3393-3411.

TONG Le, LI Tianjiu, ZHANG Qian, et al. LiViT-Net: a
U-Net-like, lightweight Transformer network for retinal
vessel segmentation[J]. Computational and structural bio-
technology journal, 2024, 24: 213-224.

LI Daxiang, SU Miao, LIU Ying. MSPDD-net: Mamba
semantic perception dual decoding network for retinal im-
age vessel segmentation[J]. Computers in biology and
medicine, 2025, 193: 110370.

TR, BIGEHE, 2T, S QUM S B 0 G FA 14 A
Do S 11 A5 430 [, el 28 TR, 2025, 33(14): 2242—
2261.

ZHANG Rongrong, LU Xiaoqi, LI Jing, et al. Dual-path
encoding and cross-level decoupling for retinal vessel
segmentation[J]. Optics and precision engineering, 2025,
33(14): 2242-2261.

WRIR, BIETE, 253, %. MFAL-Mamba: £ RUERFE
REAERE 5 IR 0 73 FI5 0], 6254k,
2025, 45(22): 214-224.

PENG Yuanyuan, LI Haoyang, LI Wen, et al. MFAL-


https://doi.org/10.3390/diagnostics12040903
https://doi.org/10.3389/fmed.2024.1377479
https://doi.org/10.3389/fmed.2024.1377479
https://doi.org/10.3389/fmed.2024.1377479
https://doi.org/10.1186/s12944-024-02064-6
https://doi.org/10.1038/s41598-023-46374-8
https://doi.org/10.1038/s41598-023-46374-8
https://doi.org/10.13281/j.cnki.issn.1004-4469.2024.04.009
https://doi.org/10.13281/j.cnki.issn.1004-4469.2024.04.009
https://doi.org/10.13281/j.cnki.issn.1004-4469.2024.04.009
https://doi.org/10.3778/j.issn.1673-9418.2310083
https://doi.org/10.3778/j.issn.1673-9418.2310083
https://doi.org/10.3778/j.issn.1673-9418.2310083
https://doi.org/https://doi.org/10.48550/arXiv.2507.23763
https://doi.org/10.3788/CJL240498
https://doi.org/10.3788/CJL240498
https://doi.org/10.3788/AOS201838.1111004
https://doi.org/10.3788/AOS201838.1111004
https://doi.org/10.6040/j.issn.1671-9352.0.2020.655
https://doi.org/10.6040/j.issn.1671-9352.0.2020.655
https://doi.org/10.6040/j.issn.1671-9352.0.2020.655
https://doi.org/10.6040/j.issn.1671-9352.0.2020.655
https://doi.org/10.6040/j.issn.1671-9352.0.2020.655
https://doi.org/10.6040/j.issn.1671-9352.0.2020.655
https://doi.org/10.6040/j.issn.1671-9352.0.2020.655
https://doi.org/10.6040/j.issn.1671-9352.0.2020.655
https://doi.org/10.3389/fpubh.2022.1056226
https://doi.org/10.1016/j.csbj.2024.03.003
https://doi.org/10.1016/j.csbj.2024.03.003
https://doi.org/10.1016/j.csbj.2024.03.003
https://doi.org/10.1016/j.compbiomed.2025.110370
https://doi.org/10.1016/j.compbiomed.2025.110370
https://doi.org/10.37188/OPE.20253314.2242
https://doi.org/10.37188/OPE.20253314.2242
https://doi.org/10.3788/AOS250884

* 1179

B, S PS5 A A B s A o R A ) 1 2%

% 53]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

mamba: fundus blood vessel segmentation algorithm
based on multi-scale features and attention mechanism[J].
Acta optica sinica, 2025, 45(22): 214—224.

EHHE, SRR, UK, % 35T GAN 0 BLI BLL
Iy BB AL LT, AR R A (1 SRR
), 2025, 53(9): 108—113.

WANG Zhiwei, HUANG Zihang, GUO Yingjie, et al.
GAN-based label refinement method for retinal vessel
segmentation[J]. Journal of Huazhong University of Sci-
ence and Technology (natural science edition), 2025,
53(9): 108-113.

HERNANDEZ R J, ROBERTS P A, EL-BOURI W K.
Advancing treatment of retinal disease through in silico
trials[J]. Progress in biomedical engineering, 2023, 5(2):
022002.

WANG Zeyu, JIA L V, LIANG Haocheng. Partial class
activation mapping guided graph convolution cascaded
U-Net for retinal vessel segmentation[J]. Computers in
biology and medicine, 2024, 178: 108736.

ZENG Shuang, LEE C H, NNAMDI M C, et al. Novel
extraction of discriminative fine-grained feature to im-
prove retinal vessel segmentation[EB/OL]. (2025—05—
06)[2025—09—-27]. https://doi.org/10.48550/arXiv.2505.
03896.

SHIT S, PAETZOLD J C, SEKUBOYINA A, et al.
clDice - a novel topology-preserving loss function for tu-
bular structure segmentation[C]//2021 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition.
Nashville: IEEE, 2021: 16555-16564.

LUX L, BERGER A H, WEERS A, et al. Topograph: an
efficient graph-based framework for strictly topology pre-
serving image segmentation[EB/OL]. (2025—04—17)[2025—
09—-27]. https://doi.org/10.48550/arXiv.2411.03228.
SCHACHT B, GREVING I, FRINTROP 8§, et al. Con-
textLoss: context information for topology-preserving
segmentation[EB/OL]. (2025-06—10)[2025-09-27]. ht-
tps://doi.org/10.48550/arXiv.2506.11134.

ZHOU Yi, AHMED T S, WANG Meng, et al. Masked
vascular structure segmentation and completion in retinal
images[J]. IEEE transactions on medical imaging, 2025,
44(6): 2492-2503.

ZHANG TY, SUEN C Y. A fast parallel algorithm for
thinning digital patterns[J]. Communications of the ACM,
1984, 27(3): 236—239.

HE Songtao, BASTANI F, JAGWANI S, et al.
Sat2Graph: road graph extraction through graph-tensor
encoding[C]//Computer Vision—-ECCV 2020. Cham:
Springer, 2020: 51-67.

AGUIAR M, CASTANO F, TRUJILLO M. Segmenta-
tion and detection of vascular bifurcations and crossings
in retinal images[C]//Advances in Computing. Cham:
Springer, 2018: 432—-443.

(30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

OWEN C G, RUDNICKA A R, NIGHTINGALE C M, et
al. Retinal arteriolar tortuosity and cardiovascular risk
factors in a multi-ethnic population study of 10-year-old
children; the Child Heart and Health Study in England
(CHASE)[J]. Arteriosclerosis, thrombosis, and vascular
biology, 2011, 31(8): 1933—1938.

STAAL J, ABRAMOFF M D, NIEMEIJER M, et al.
Ridge-based vessel segmentation in color images of the
retina[J]. IEEE transactions on medical imaging, 2004,
23(4): 501-5009.

HOOVER A D, KOUZNETSOVA V, GOLDBAUM M.
Locating blood vessels in retinal images by piecewise
threshold probing of a matched filter response[J]. IEEE
transactions on medical imaging, 2000, 19(3): 203—-210.
HU Xiaoling, LI Fuxin, SAMARAS D, et al. Topology-
preserving deep image segmentation[C]//Proceedings of
the 33rd international conference on neural information
processing systems. Red Hook: Curran Associates Inc. ,
2019: 5657-5668.

ZHOU Zongwei, RAHMAN SIDDIQUEE M M, TA-
JBAKHSH N, et al. UNet++: a nested U-Net architecture
for medical image segmentation[C]//Deep Learning in
Medical Image Analysis and Multimodal Learning for
Clinical Decision Support. Cham: Springer, 2018: 3—11.
OKTAY O, SCHLEMPER J, LE FOLGOC L, et al. At-
tention U-Net: learning where to look for the pancreas
[EB/OL]. (2018—05-20)[2025—09-27]. https://doi.org/10.
48550/arXiv.1804.03999.

JHA D, SMEDSRUD P H, RIEGLER M A, et al. ResUN-
et++: an advanced architecture for medical image seg-
mentation[C]//2019 IEEE International Symposium on
Multimedia. San Diego: IEEE, 2019: 225-2255.

LI Liangzhi, VERMA M, NAKASHIMA Y, et al. Iter-
Net: retinal image segmentation utilizing structural re-
dundancy in vessel networks[C]//2020 IEEE Winter Con-
ference on Applications of Computer Vision. Snowmass:
IEEE, 2020: 3645-3654.

fEE @I

B, U, WL, EERES D )
DSRIR o I €I R o DN SR (R e |
B RETT N . FHrES 5 HE
K ATRBIIH 20 K0, ZFRFEA
B3 70 455 o E-mail: Ivjia@cqnu.edu.cn,

P, BB se A, EEAF
1] SRR B 27 ) e HAR B 2 R R AL B v
IR . E-mail: 2024110516027 @stu.
cqnu.edu.cn,


https://doi.org/10.3788/AOS250884
https://doi.org/https://doi.org/10.48550/arXiv.2505.03896
https://doi.org/https://doi.org/10.48550/arXiv.2505.03896
https://doi.org/https://doi.org/10.48550/arXiv.2411.03228
https://doi.org/https://doi.org/10.48550/arXiv.2506.11134
https://doi.org/https://doi.org/10.48550/arXiv.2506.11134
https://doi.org/https://doi.org/10.48550/arXiv.1804.03999
https://doi.org/https://doi.org/10.48550/arXiv.1804.03999
mailto:lvjia@cqnu.edu.cn
mailto:2024110516027@stu.cqnu.edu.cn
mailto:2024110516027@stu.cqnu.edu.cn

