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Multi-level semantic fusion and feature-coupled Transformer for
retinal vessel segmentation

Liang Liming Wang Chengbin Kang Ting Zhong Yi

(School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou 341000, China)

Abstract: A retinal vessel segmentation algorithm based on multi-level semantic fusion and feature-coupled Transformer was proposed to
address challenges such as the difficulty in extracting fine vessels, low imaging contrast, and interference from lesion information in
retinal images. First, a column non-uniformity correction module was used to construct a dual-branch joint feature extraction module,
which effectively preserved vessel texture information and enhanced the model’ s ability to extract fine vessels. Then, a feature-coupled
Transformer module was introduced at the encoder-decoder connection to enhance the representation of vessel features, enabling more
accurate recognition of vascular semantic information. Finally, a multi-level semantic fusion module was added to the encoder to suppress
background noise interference and focus on vessel-related features. Experiments were conducted on public datasets DRIVE, STARE, and
CHASE_DBI. The sensitivity achieved was 80.30%, 80. 84% and 82.43% , respectively, the accuracy reached 97. 11%, 97. 61% and
97.63%, respectively, and the F1-scores were 82.96%, 83.76% and 81. 48% , respectively. The experimental results indicate that the
proposed method achieves superior segmentation accuracy, preserves the integrity of fine vascular structures, and effectively handles
complex lesion regions; overall performance surpasses that of most existing advanced methods and exhibits strong generalization and
robustness, thereby providing more reliable technical support for intelligent auxiliary diagnosis of retinal vascular diseases.
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Fig. 1 Multi-level semantic fusion and feature-coupled Transformer for retinal vessel segmentation
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Fig.2  Column non-uniformity correction module
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Fig. 9 Image of retinal blood vessel local segmentation by different algorithms
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Table 1 Compared with performance indicators of different algorithms in three datasets (%)
ol e ViRS ACC SE SP AUC F1
U-Net 97.08 78.57 98. 86 98. 81 82.53
Attention U-Net 97.10 79. 42 98. 80 98. 82 82.78
DRIVE FR U-Net 97. 06 80. 10 98. 69 98. 78 82. 69
GT-DLA-dsHFF 97. 10 80. 15 98.73 98. 80 82.91
AL 97.11 80. 30 98.72 98. 84 82. 96
U-Net 97.52 79. 26 99. 02 99. 01 82.98
Attention U-Net 97.55 78. 88 99. 01 99. 05 83.08
STARE FR U-Net 97. 49 80. 36 98.90 99. 03 83.01
GT-DLA-dsHFF 97.56 79. 98 99. 01 99. 09 83.37
KNS 97. 61 80. 84 98. 98 99. 12 83.76
U-Net 97. 46 80. 90 98. 57 98. 86 80. 09
Attention U-Net 97. 60 80. 65 98. 74 98.97 80. 96
CHASE_DB1 FR U-Net 97. 41 81.19 98. 50 98.75 79. 83
GT-DLA-dsHFF 97. 61 80. 72 98. 74 99. 00 80.97
AR 97.63 82.43 98. 66 99. 03 81. 48
1.0
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0.6 %
5 o k:
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b 04+ 08720 0.742 0.744 ha 04t 0.74 075 0.76
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0.2 [ - U-Net(AUC_PR=0.9176) 0.2 - U-Net(AUC_PR=0.884 4)
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Fig. 10  Comparison of ROC curve and
P-R curve on DRIVE dataset
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Fig. 11  Comparison of ROC curve and P-R

curve on CHASE_DBI1 dataset
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%2 DRIVE &I LER
Table 2 Comparison results of DRIVE dataset ( %)

Tk ACC SE Sp AUC F1

SCHk[32] 96.50  81.40  98.09  89.75 81.01

SCHR[33] 96.92  82.21 98.78  98.56 82.71

SCHk[ 34] 96. 78 81.00  98.79  98.28 81.49

SCHK35] 97.04 86. 03 98. 08 97. 06 82. 89

k[ 36] 96.08  86.90  97.37  98.39 —

SCiR[37] 96.86  81.92  98.29 — 82. 02
]

SCHR[ 38 96.83  83.63  98.11  97.93 82.11
R 97.11  80.30  98.72  98.84  82.96

#£ 3 STARE #HIEEXLLER

Table 3 Comparison results of STARE dataset ( %)

WikeS ACC SE SpP AUC F1
k[ 32] 96. 81 80.04  98.52  89.28 81.98
ik [33] 97.18  80.04  98.82  98.08 78.75
k[ 34] 95.72  73.60  99.47  96.86 78.65
k[ 35] 96. 69 82. 68 97.89 98. 45 79. 65
3CHk[36] 97.10  85.02  98.36  98.99 —
SCHR[37] 97.30  81.70  98.53 — 81.78
SCHik[ 38] 97.32  82.72  98.47  98.55 81.96

AL 97. 61 80.84  98.98  99.12 83.76

%4 CHASE_DBI1 #E& XL &R
Table 4 Comparison results of CHASE_DB1 dataset

(%)

WIRZS ACC SE sp AUC F1
3CHK[ 32] 97.08  83.54  98.06  90.80 78.96
SCHk[33] 97.43  83.56  98.56  98.67 80. 50
k[ 34] 97. 14 83. 66 98.29 98.18 77. 41
SCHR[35] 97.27  86.27  98.08  98.94 80. 47
SCHK[36] 97.53  84.11 98.43  98.98 —
SCHR[37] 97.26  82.10  98.38 — 80. 48
SCHR[38] 97.14  85.41 97.94  98.06 79. 00

AL 97. 63 82.43 98.66  99.03 81.48

(B B R RSORS00 R 30 2 1 1 o LA R A AL
LR AN AR AR I A T SRR AE, PR SRR [ 32 ] 7 B 4k
DRIVE Hl CHASE _DB1 ' SE 4§ 4% & F MFCT-Net, {H
MFCT-Net HARFEARAE 3 DB ¥ T30k [ 321, 3t
HH MFCT-Net BE S #ERf 0 1045 SR AT 4050, SCHk[ 34144
1 T3 I 4 FEUR 22 4% 1th Ak 1) 20 A5 e 34 4 T 4% A AR
REOR B3 B0 22T 40 I A5 RR A B T 4B 501 il 45 i 5 A0 I i
155, CHRk[ 34 ] 7E DRIVE F1 CHASE_DB1 ##i# h Sp
Febris B E AL, 7F DRIVE fil CHASE_DBI1 $(#E4E 1 SE
fabr i T MFCT-Net , {H3CHR[ 34 1 HARFEPRIIIE T MFCT-
Net, BB MFCT-Net [543 H 8 AME BB B 4r . SCik([ 35]
Bk # 2 P RY5 U-Net MZAHLE A, B BA P 3K
6 R UG T A 25, 38 9 R X 40 1Y i A A4 SR

M, SCHR[35 ] #F 3 8 45 v SE F8 451 8 T MFCT-
Net, H7E CHASE_DB1 $¢#li 4 h SE #5prik B AMiME , H
MFCT-Net HATRARI T 3CHRk[ 35 ], V6] MFCT-Net 43
FIMERE R, SCHR 36 ] 2t 45 A FRAF 2 H 5 4 B AR
HURTE: B RIE Rl A A RS TR B O A4 R 22 RUBE e
HEAE B, NI SCRR [ 36 ] 78 3 MBS SE i An T
MFCT-Net, H7F DRIVE F1 STARE %42 4E h SE 8 F515 %
{8, {H MFCT-Net H A8 AR 38 & F 3Chik [ 36, i WA
MFCT-Net 7E08 5 1 47 43 10 v B AT B0 i Al Sk, 28
A MFCT-Net 5 HAEHE R A 3 A F 8R4 1 H
5, MFCT-Net H. A %/ ) ACC, AUC F1 F1 {H, &M
MFCT-Net HA 50 A&t iz etk
3.5 HRLIERER S

T Y0AIE MFCT-Net 57 tp 42 H 1 91 E 15 50 4 1E A5
B FREFE Transformer B DL} 2 2 0E X Rl& B
WA RPE 76 DRIVE STARE 1 CHASE_DB1 %(4E4E I #
TP SEE: g 5~7 B, W1 /R U-Net W45, W2 %
JNTE W1 s in A MLSF Bibe; W3 SRR 7E W2 i fih
5351 CNCM BEHAE HE XU 2518 ; W4 FInTE W3 Zfift
LA I FCT e,

% 5 DRIVE $iE&EHRIE ST

Table 5 Analysis of ablation experiments

on the DRIVE dataset (%)
WIRES ACC SE SP AUC F1
w1 97.08 78.57 98. 86 98. 80 82.53
W2 97.10 80. 09 98.73 98. 80 82. 89
w3 97.10 80. 18 98.72 98. 82 82.90
w4 97.11 80. 30 98.72 98. 84 82.96

% 6 SATRE #iE&EERNEHH

Table 6 Analysis of ablation experiments

on the SATRE dataset (%)
WARES ACC SE SP AUC F1
w1 97.52 79.26 99. 02 99. 01 82.98
w2 97.58 80. 32 99. 01 99. 11 83.54
w3 97. 60 80. 35 99, 02 99.11 83. 62
w4 97.61 80. 84 98.98 99,12 83.76

%7 CHASE_DBI1 #{E&H I

Table 7 Analysis of ablation experiments

on the CHASE_DB1 dataset (%)
WiRES ACC SE SP AUC F1
Wi 97. 46 80. 90 98. 57 98. 85 80. 09
w2 97. 60 81. 44 98. 68 98.98 81.05
w3 97. 63 81.77 98. 69 99. 02 81.32
w4 97. 63 82.43 98. 66 99. 03 81.48
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FRPREAL, B U-Net £77F L5515 Bl 2R 2 B il 58 1%
Ay BRI E A1), W2 B W1 Y ACC F8FRAE 3 D8
SETh A B F T, 0] MLSF #5532 BB A R0 i 1 s 48
A U b S PRI 43 E]; W3 RSP 3 FRTE STARE Al
CHASE_DB1 ik & ieAit(E , EH. SE F1 F1 $84r%8 W2 Y945 i
BT, 20 CNCM M X (40 ifn 4 B Bk i AR e
FERE I B A 405 (5 B ; W4 Hh ACC SE AUC & F1
BhRI A TR A AE , 260 FOT BBA B T30 5 1M 45 2
HURE T, eSOt PRX L i A5 0 A5
R T VPR R S R B A SRR TR SRR [ 11, 29-
31 ] SR/ N S HAE DRIVE B4R 38 17 i ) 3k 4 7%
b, ange 8.9 Fivn . A SCHETTHR B 24 B i B e A 1,
HBBUEME T FR U-Net RL K IIZRI0 50 Rs 8] & =5 F U-
Net I Attention U-Net, {H AR SCH 248 T U-Net \FR U-
Net Fl Attention U-Net [fil 45 & 4 43 1 850 3 ¢ 4, £
MFCT-Net HEHERCREE &, TR A B, 1055 70 50 P R
TSR,
x8 SHERZREZEE=NIL
Table 8 Comparison of parameter count and

floating point operation count

Dtk BRI/ (x10°) 115 R/ GFLOP
U-Net 34.52 4.09
Attention U-Net 34. 87 4.16
FR U-Net 5.72 3.68
GT-DLA-dsHFF 26. 09 7.40
A 6.27 3.16

F9 UIZRRE MR E X L

Table 9 Comparison of training and testing time

kS Ikt /s TR )/
U-Net 70 90
Attention U-Net 80 95
FR U-Net 120 200
GT-DLA-dsHFF 262 3120
AL 106 184
4 & i’

g T B L LA S EI PR R AR SO TR 2
JZYOE LG SRS Transformer PR R R 1145 43 %)
B, RUTHN AR50 1 TE A HRob) 1 0 G R 45 44, 155 780 g
A PR AUR 2 )R LR SUE BRI E R, A
AR I A SO B, A BT RERS A Transformer,
BRI N 1 T A DI AR a0 3o i A8 A B Y
ORTE, DN 2 I 40 RS B8 o Jd A 22 |2 900 Sl
B IR R S A AR 22 ROBERRIE AR B, 98 H i A IX sk
M HFAE AL BRI S T4

S LI W] MFCT-Net JE L T #4511 43 #1 E BE,

T F V24 Je b5k (0 MFCT-Net XHIRR G2 B (R

(Fpin LR RAES W KA LRI | NER S s B SO
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