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Abstract: Retinal vessel segmentation is a critical foundation for ophthalmic disease diagnosis. However,
existing methods have issues such as missed detection of thin vessels, interference from pathological re-
gions, and feature entanglement. Therefore, this paper proposed a Dual-path Feature Extraction and
Cross-level Feature Decoupling Network. First, in the encoder, a Multi-directional Differential Residual

Block extracted vessel-edge features across multiple directions to capture subtle vessel structures. Next, a
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Collaborative Attention Fusion Block dynamically integrated the complementary convolutional features of
the double-branch path, enhancing the aggregation of encoded information. Finally, for the skip connec-
tions between the two U-Net branches, a Channel Interaction Disentanglement Block was introduced to
decouple cross-level features, strengthen feature representations, and resolve the feature-confusion prob-
lem inherent in traditional U-Net architectures. The proposed method was extensively validated on four
public datasets—DRIVE, CHASEDB1, STARE, and IOSTAR—achieving Fl-scores of 82.47 % ,
80.71 %, 81.44 %, and 82.01 % , and sensitivities of 80.96 %, 80.23 %, 74.69 %, and 76.92 % ,
respectively. The F1 scores of the LadderNet algorithm are 81.66% ,80.16% , 80.92% and 79.69%,
and the sensitivity is 77.06% ,78.88% ,73.64% and 71. 24% , respectively. Compared to state-of-the-art
methods, our approach shows good robustness and superior segmentation performance in the task of reti-
nal vascular segmentation.

Key words: retinal vessel; image segmentation; multi-directional differential convolution; dynamic fea-

ture fusion; attention mechanism
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Fig.7 Fundus color image
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Tab.1 Datasets composition
Dataset DRIVE CHASEDBI1 STARE IOSTAR
Train/ Test Train/ Test Train/ Test Train/ Test
Number of images 20/20 10/10 25/5
Images size 584 X 565 996 X960 605X 700 1024} 1024
Number of patches 190 000 760 000 200 000 250 000
Patches size 48X 48 48X 48 48X 48 48X 48
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Fig.8 TImage pre-processing process
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Fig.9 Partial image blocks
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Tab.2 Ablation experiment of DCNet mode on different datasets

Dataset Methods F1/% Sen/ % Spe/ % Acc/%  AUC/% Param/M
LadderNet 81. 66 77.06 98. 30 95. 60 97.76 1.38
LadderNet+MDR 82.22 78.77 98.13 95. 66 97.90 2.82
LadderNet+CAF 82.06 78.37 98. 16 95. 64 97. 84 1.43
LadderNet+CIDS 82.17 79.23 98.02 95.62 97.78 1.42
DRIVE LadderNet+MDR+ CAF 82.24 79.02 98. 08 95. 66 97. 86 2.86
LadderNet+MDR-+CIDS 82.16 78.82 98. 10 95. 64 97.76 2.85
LadderNet+CAF—+CIDS 81.92 78.10 98. 17 95.61 97.79 1.46
DCNet 82.47 80. 96 97.76 95.62 97.81 5 80
(+0.81) (+3.9) (—0.54) (+40.02) (+0.05)
LadderNet 80. 16 78. 88 98. 21 96. 46 98. 24
LadderNet+MDR 80. 53 80. 14 98.12 96.49 98.29
LadderNet+CAF 80. 66 79.96 98.18 96. 53 98. 35
LadderNet+CIDS 80. 38 79.30 98. 21 96. 49 98. 30
CHASEDBI1 LadderNet+MDR+CAF 80.79 80.43 98. 14 96. 54 98. 30 /
LadderNet-+-MDR-+CIDS 80. 19 79.81 98. 08 96.43 98. 30
LadderNet+CAF+CIDS 80. 51 79.63 98.19 96. 51 98. 35
DENet 80.71 80. 23 98. 15 96. 53 98. 30
(+0.55) (+1.35) (—0.06) (+0.07) (+0.06)
LadderNet 80.92 73.64 99.01 96. 32 98.01
LadderNet+MDR 81.39 74.25 99.02 96. 40 98. 06
LadderNet+CAF 80. 56 72.52 99.11 96. 29 98. 04
LadderNet+CIDS 80.79 73.73 98. 96 96. 28 97.99
STARE LadderNet+MDR-+CAF 81.50 75.01 98.92 96. 39 98. 11 /
LadderNet-+-MDR-+CIDS 81. 30 74.42 98.97 96. 37 97.37
LadderNet+ CAF+CIDS 80. 80 73.77 98.95 96. 28 98.95
DCNet 81. 44 74.69 98. 96 96. 39 98.03
(+0.52) (+1.05) (—0.05) (+0.07) (+0.02)
LadderNet 79.69 71.24 99.13 96. 25 98. 30
LadderNet+MDR 81.98 76.78 98.79 96.51 98. 53
LadderNet+ CAF 81.05 74.37 98.95 96.41 98.52
LadderNet+CIDS 75.12 64.62 99. 15 95. 58 97. 80
IOSTAR LadderNet+MDR-+CAF 81.97 76.71 98. 80 96. 51 98. 58 /
LadderNet+MDR-+CIDS 81. 80 76.99 98.70 96. 46 98. 56
LadderNet+CAF+CIDS 81. 54 75.08 98. 96 96. 49 98.53
DCNet 82.01 76.92 98.77 96. 52 98. 46

(+2.32) (+5.68) (—0.36) (+0.27) (+0.16)

/N LA 5 3 2 R AE . MDR 55 e B i 5 Bl i 1.3% 1 Spe, Acc, AUC FE A £ 5F . 43 ¥7 7] 15
T TR o b S 57 RT3 0 DX I, R R R CA 45 TUATFRAE , SA AR 1 48 5 F X 3, 410 il
b DNt A 1= 2817 N S 1 o = S B EE JE S Dh 52, PA 3l A P8 B8 3 S AR F il R
Sen. A CAF #E Y5 & 43 48 b5 £2 Tt , 4] i 78 UE W 37, S b A 0 4 R AR . A CI-
DRIVE %5 % &, F1 2 7} 0.4%, Sen 2 7 DSH 5, DRIVE £ 4l £ h F14$£ 7+ 0. 5% , Sen



A A < U AR 2 B R B 5 i R 1 R o0 B 1 2 51 2253

Y

914 i

v | | |
Y g TN N
(a) JF %] (b) H{E (c) LadderNet (d) LadderNet+MDR
(a) Original image (b) Ground truth
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Fig. 10 Vascular segmentation examples of ablation experiment on the DRIVE test set
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(a) K& (b) H{H (c) LadderNet  (d) LadderNet+MDR (e) LadderNet+CAF (f) LadderNet+CIDS (g) DCNet
(a) Original image (b) Ground truth
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Fig. 11 Vascular segmentation examples of ablation experiment on the test sets of the other three datasets
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4.06% , Fe 53 5o UE T AR X /0 o A8 R A B B
XSk B R AE AR BE 1 . AR SO R AUC $8 45 I
K E B, 8 FR-UNet $2£ 7+ 0. 09 % , R BL 1 455 74
e 2R 5T R E oy ik BE . 7E Spe 48
Fr b FR-UNet 5 B85 i B 5 & , Little W-Net 8
RS AR, AR SCRT 4 05 V5 46 Ar AH BT A Ak 1 v A
KA, 3% AT e PR oA B AL B G 1 Tl b e R,
B 2R A X PR A, T Spe AR . ZR G
Xof b AR SC ) £ AE A P LA R AR R AT ER R, T
DRI I A T D, 4R I R R A R
DX 43 B i O Ak R A Ay EI M RE L, HAE S 80E T
T LA A

K12~ 15 @R 71 4 DB b, ARy
o I 1 N T IR £ 2% S S W L
DRIVE %4 % o, B A< SC DCNet (W 45 4, HoAth )7
5 AE LA 4 E b BT A [ R R Y by 2 A
150 ]8T, R S 2 A S 26 HE B 19 IX 38 R &
DL TR i) o RIAEE 2 7 0 R i 1) /) 1T
O3 AR SCTT VR AR SR BE A% 5 A v o M BE AT 433 L R
DA 42 2 5 B A5 B LR HE TR . S
SERF T AR SCEE AR A I BB ol A oy BT S5 vh 3R
TR €0, BB % T A b b T2 5 R AR S 40 ) 0
PSR



%514 48 SR, A < UL AR 2t T R 5 0 A R % 400 ) 8, 5 351 2255

%3 DCNet5 R [E#BH 3T EE LI8

Tab. 3 Comparative experiment between DCNet and different models

Type Methods F1/% Sen/% Spe/ % Acc/ % AUC/% Param/M
UNet'™ 79. 83 76.55 97.79 95.08 96. 37 34.53
Attention U-Net™*! 80.13 76.73 97.86 95.17 96. 35 34. 88
Classic R2U-Net"*" 76.97 71.47 97.92 94. 56 96. 24 0.96
Network  H-DenseUNet' ™ 79.55 77. 69 97.43 94. 92 96. 59 7.55
LadderNet'™ 81.66 77.06 98. 30 95. 60 97.76 1.38
DCNet(Ours) 82. 47 80. 96 97.76 95. 62 97.81 2.86
Little W-Net"** 78.72 76.22 97. 46 94.75 96. 35 0.11
ConvUNeXt"" 75.62 69.08 98.01 94. 33 96.16 0.36
FR-UNet'* 79. 85 73.43 98. 47 95. 28 97.72 0.18
Popular MGA-Net'"” 79.42 76.09 97. 74 94. 98 96. 70 1.28
Network ~ DCSAU-Net'™ 79.01 75.93 97.63 94. 86 96. 81 0.66
MCDAU-Net'*! 81.10 76. 90 98. 14 95. 44 97.37 1.43
IMFF-Net'"”’ 78.93 74.47 97.92 94. 94 96. 50 0.85
DCNet(Ours) 82. 47 80. 96 97.76 95. 62 97. 81 2.86

(a) R (b) EfH (¢) UNet (d) Attention U-Net (e) R2U-Net
(a) Original image (b) Ground truth

(g) LadderNet (h) Little W-Net (i) ConvUNeXt

(k) MGA-Net (1) DCSAU-Net (m) MCDAU-Net (n) IMFF-Net (0) DCNet
Bl 12 DRIVE %l 4 b 4 5 vk o B0 45 0 o] 4k oos

Fig. 12 Visualization of segmentation results for each method on the DRIVE dataset
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(@) 5 (b) EfH

(a) Original image (b) Ground truth

(f) LadderNet

(k) DCSAU-Net (1) MCDAU-Net (m) IMFF-Net (n) DCNet
K113 CHASEDB ¥dli 4 45 77 i o #1454 (9 nl 94k o
Fig. 13 Visualization of segmentation results for each method on the CHASEDB]1 dataset

(a) J& (b) HfE
(a) Original image (b) Ground truth

(k) DCSAU-Net (1) MCDAU-Net (m) IMFF-Net (n) DCNet
Bl 14 STARE$dl b 25 Jr ik o 1 45 28 19 al WAk 7w

Fig. 14 Visualization of segmentation results for each method on the STARE dataset
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() Ji (b) EfE (c) UNet (d) Attention U-Net
(a) Original image (b) Ground truth

(f) LadderNet

(j) DCSAU-Net

(k) MCDAU-Net (1) IMFF-Net (m) DCNet

K15 TOSTAR K 4 b 4% 07 ik 23 1 45 3 10 ] AR AE o

Fig. 15 Visualization of segmentation results for each method on the IOSTAR dataset
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Tab.4 Comparison of DCNet with other lightweight networks on different datasets

Dataset Methods F1/% Sen/% Spe/ % Acc/% AUC/%
UNet 78.52 80. 70 97.53 96.00 97.02
Attention U-Net' "’ 78.59 82.06 97.33 95.95 97.09
H-DenseUNet' ™ 77.70 81. 24 97. 22 95.76 97.08
LadderNet"’ 80. 16 78.88 98.21 96. 46 98. 24
Little W-Net"" 77.15 79.19 97. 40 95.75 96. 96
CHASEDEL (:oanNeth? 77.46 76.25 97.95 95. 98 97.16
FR-UNet"" 76.57 70. 87 98. 58 96.07 97.87
MGA-Net'"” 78.66 80. 99 97.52 96.02 97.08
DCSAU-Net'™ 76.97 80. 53 97.14 95. 64 97.31
MCDAU-Net"" 80. 00 79.98 98.01 96. 38 98.07
IMFF-Net' 78.08 80. 12 97.50 95.93 97.09

DCNet(Ours) 80.71 80. 23 98.15 96.53 98. 30
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Tab.4 Comparison of DCNet with other lightweight networks on different datasets
Dataset Methods F1/% Sen/ % Spe/ % Ace/% AUC/%
UNet'™* 79.85 74.15 98. 63 96.03 96. 89
Attention U-Net*’ 80. 53 75. 94 98. 50 96. 10 96. 70
H-DenseUNet* 79.12 73.35 98.57 95. 89 96. 55
LadderNet'"” 80. 87 74.27 98. 88 96. 27 98.08
Little W-Net ™ 77.53 72.45 98. 29 95. 54 96. 32
ConvUNeXt"" 77.49 70. 95 98. 56 95.63 96. 83
STARE )
FR-UNet " 79.47 71.23 99. 05 96. 10 98. 10
MGA-Net'” 79.93 75.19 98. 46 95. 99 96. 84
DCSAU-Net' '™ 77.09 71.09 98. 42 95. 52 96. 45
MCDAU-Net"* 81. 64 77.01 98. 62 96. 32 97.74
IMFFE-Net""" 79.49 74.19 98.52 95. 94 96. 83
DCNet(Ours) 81. 44 74.69 98. 96 96. 39 98.03
UNet'"* 77.27 72.41 98. 27 95. 60 95.11
Attention U-Net"'" 77.27 72.29 98. 29 95.61 94. 47
H-DenseUNet"*” 76. 50 71.80 98.17 95. 45 95.01
LadderNet' 81.95 75.50 98. 99 96. 56 98. 68
Little W-Net"*” 75. 41 70. 64 98. 08 95. 24 95. 80
IOSTAR FR-UNet'"* 76. 92 67.50 99.08 95. 82 97.70
MGA-Net"'” 78.33 73.08 98. 44 95.83 96. 59
DCSAU-Net' ' 77.92 71.94 98. 57 95. 80 97. 24
MCDAU-Net'* 81.07 76.57 98. 58 96. 31 98. 10
IMFF-Net'"” 76. 67 70. 39 98. 48 95.58 96. 35
DCNet(Ours) 82.01 76. 92 98. 77 96. 52 98. 46
S e 25 SRR WY, TE AL a4 S WA 55 ORIz A
A 3CH 35 7E DRIVE 3 804l £ © e 7
82.47% i F1, ¥Efig @ # I T UNet, IMFF-Net 4 % &

S ML TR B R Y O — A5 G IE AR R
Z Ak fE )1, £ CHASEDBI1, STARE #1 IOSTAR
AN SRR R BT TR, 4 3R AR
80.71% ,81.44% ,82.01% Y F1, 55 3k i 45 AU AH
43 4R 7+ 0.55%,0.57%,0. 06 % ; Sen 1 b5 7
Wk 80.23% ,74.69% ,76.92% , 15 Jk i 45 HY A
P2y 3 TF 1.35%,0. 42% , 1. 42% ; HAb 5 b5 24
KooV o ARSI 48 25 G F8 pn 20 T LA LA
TAT &% o LI 25 R T3 Ik 1% AN LA
A AL S 0 R AR AR 4R BCRE ) B B R R S )

ARSCHR T — R T Uy R S
PRFAE R 0 P 25 2548 . 1 %% , MDR Block fil 5
2 25 53 BLERAE K 2 5 1) B R R R PR T
St DR AR A S I A ) B N R R ) T RE D LA
BCR T AN/ IN IS N 300 25 DX 3 5 T K 1 i) S G
YR AE WA FR AR 1, ResBlock il MDR Block 43+ %)
P O[] RUJE A ) (9 A, CAF 38 3 %5 (8] 3l
T8 RS 2R R B S BURRAE 0 sh S A o 4 i B
AN B PR T B0y A5 B R 3 5 i X SRR
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