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[1] LONG J, SHELHAMER E, DARRELL T. Fully convolutional networks for semantic
segmentation[C]//Proceedings of the IEEE conference on computer vision and pattern recognition. 2015:3431-3440.
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Convolutional Encoder-Decoder

Pooling Indices
I conv + Batch Normalisation + RelU
Il Fooling [ Upsampling Softmax

Output

Segmentation

[2] BADRINARAYANAN V, KENDALL A, CIPOLLA R. SegNet: A deep convolutional encoder-
decoder architecture for image segmentation [J]. /EEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(12):2481-2495.
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[3] RONNEBERGER O, FISCHER P, BROX T. U-Net: Convolutional networks for biomedical image

segmentation[C]// International Conference on Medical Image Computing and Computer-Assisted
Intervention. Springer, Cham, 2015.
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1. BRI 28 AT BE 05 )1 25 BE TR 9 2%
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[4]ALOM M Z, HASAN M, YAKOPCIC C, et al. Recurrent residual convolutional neural network based
on U-Net (R2U-Net) for medical image segmentation[J]. arXiv preprint arXiv:1802.06955, 2018.
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Fig. 1. lllustration of the Dual Encoding U-Net model-based retinal vessel sepmenta-
tion. Components of the network architecture contains: Attention Skip Module(ASM).
Feature Fusion Module (FFM) and Multiscale Predict Module (MPM).
* Spatial path: ZEZJINEIR, KH Kstride « FFM: FRERRG AR
« Context path: Inceptionf&ik « MPM: FEif [ pixel shuffleffE
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[SJWANG B, QIU S, HE H. Dual encoding U-Net for retinal vessel segmentation[M]// Medical Image
Computing and Computer Assisted Intervention — MICCAI 2019, 22nd International Conference,
Shenzhen, China, October 13—17, 2019, Proceedings, Part I. Springer, Cham, 2019.
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o FHEVEE ML BIR K 4y, A4 oNAEVE = ) (Hard Attention)  (ARIf) 5
BIEE }) (Soft Attention)  (nl4ft4y) .

o FZHEVEE JIHLE] ISyE SR R 4, B BLay S Al & /) (Spatial domain
attention) . JHIEILJEE /7 (Channel domaln attention) FIVE & iy = /) (Mixed
domain attention) .

[RERFESSEGRERAESLEER



fBXTAE a=nis

o AT E S1RFR TAE: Spatial Transformer Networks 2015 NIPS
o JEIEHEE SIRE TAE: SENet 2017 TPAMI
o REWIEESIRFTAE: CBAM 2018 ECCV
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/mw |x1xt‘\
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(-F (1

SENetyF & JJHLEI 43 = A9 $5E(Squeeze). Hil(Excitation). A2 (Scale).

o Bk, RHAR-FRM AL AN GAIE B 3EAT A0 EE, 45 2% H 8 G 2R N R
{1k 30 T8 ZOAH [R] B ARFAE [ 55

o Bih, RS PN EEREE Kbottleneck 45y, H 5 —NFCEZe R4 BB,
B ANMIFCERE IR IG I 4E RS, &5 K H sigmoidiiid R 215 2 0-1 2 8] 1yE = 77
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o AR, Mg InhE P R IR 0E TE AH 3R B IR aG AN AR B, SE AR I TE 4
J5 b 0T B AR RF AL ) EEL R 2

[6] HU J, SHEN L, SUN G, et al. Squeeze-and-excitation networks[J]. /EEE Transactions on Pattern
Analysis and Machine Intelligence, 2017:99.
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[7] WOO S, PARK J, LEE J Y, et al. Cbam: Convolutional block attention module[C]//In Proceedings of
the Furopean Conference on Computer Vision(ECCV). 2018:3-19.
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3 VA A N A BB VAT IR NS 21 e 5 TE = IR A,
HF&E /1 (Self Attention) B AE GG HIE ALY, JFRKEBHFE JIBME Y
72 N T R AL PR AT

[8] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you need[C]//Conference and Workshop on Neural Information Processing
Systems(NeurIPS). 2017.

[9] WANG X, GIRSHICK R, GUPTA A, et al. Non-local neural networks[C]//In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition(CVPR). IEEE, 2018.

[RERFESSEGRERAESLEER



fBXTAE a=nis

DANet Posmon Attention Module
(HxW)x(HxW)

CxHxW%
resha pe reshape

CxHxW

Sum fusion— /&

éCxHxW
:t.-“"--.. CXC T -
Channel attention matrix )
Channel Attention Module
Spatial matrix operation Channel matrix operation ® Matrix multiplication € Element-wise Sum

N T 7> IR XGER S M2, R IE T8 O 2 [ FE, - T2 H Self Attentionff) L AHR S 2 )/ B R
WK Z, BELE D FIRR

[10] FU J, LIU J, TIAN H, et al. Dual attention network for scene segmentation[C]//In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition(CVPR). 2019:3146-3154.
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[11] LIU JJ, HOU Q, CHENG M M, et al. Improving convolutional networks with self-calibrated
convolutions[C]//2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition(CVPR).
IEEE, 2020.
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% 46 £ DRIVE $42 %42 CHASEDB] Légat b sbss g

#diE 4 Sl ACC SE Sp Fl AUC
Sy — 0.9646 0.7895 0.9814 0.7963 0.9791
Sy — 0.9665 0.8067 0.9818 0.8084 0.9810
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Sy — 0.9733 0.7817 0.9862 0.7870 0.9810
iy — 0.9744 0.8158 0.9851 0.8006 0.9872

CHASE B
DB1 Sy = 0.9740 0.7933 0.9861 0.7934 0.9859

S Y 0.9751 0.8052 0.9865 0.8029 0.9843
e 0.9756 0.8118 0.9867 0.8068 09888

[RENFESSEGLERAEIRREE




SERSEEER  witpsoisss

(d) MHEETU-Net, IIASCCHIHS,

A SI T TR 1 1) I3 0 1

(e) FELTU-Net, IIASAMAEH)S,
FEAE T /DR R, (HAELEXRT AN I
AR 15 I 5

() X TU-Net+SAM, MAISAMJS,
TEVR /8 7 1] [R] B BE PR FF BE 22 IR 4t /)8 i

Porayi=s
E mzﬁ;

(g) AEXT TR JLAHSEI s R, A
7712 (SCCU-Net) il i) M55 56 v

AESE .

SCCU-Net /2 — Pl 2t
UL 4 B

TEDRIVEA G 1 %6} LU S50 A0 WX 8L 1fT 77 43 1] &8 B AT AR A -
(a) R K 5

(b) &ArifE &G

(¢) SEEG— (U-Net) BiksrE14s Rrriitb EG

(d) LI (U-Net+SCC) HiE4rE 45 B a4k K%
(e) SZI6 = (U-Net+SAM) Hik:/rE45 B a ik &%
(f) SLEPY (U-Net+HISAM) 45 %145 5ny w4k 14
(g) SEEGH (AR SyksrEgs Bal b K&

[RERFESSEGRERAESLEER



*aﬁz*% 0 [% AT YA %

SSEBAERAEATRE

[TRERFE

-Netiﬁklﬁ’]/ r A R BB BAAERZ X

BER, MIMA B EHES B H S 1)
‘l‘ﬂ]f%ﬁﬁ*ﬁﬁ%)ﬁﬁ‘] PSR, g/
B RERS A R, BRI AR A7 7R/ A
oy SR 5 %o R SRR e R AR 70 X
BIERRESRRERMIOTHE, FHHE
TR AN REAR S ARSI B A0 /N I8 4R R

G

§,u1zlxi SCCU-Net/2 —Fh xﬁzﬂﬁ/u
HH%E[L B oy B Bk

TECHASE DB 542 Bt bt S50 40 od s 7 73 581 45 SR n] WAk«
(a) M FEHR i 5

(b) EtrfEEE

(¢) SEEG— (U-Net) B ik/pElgh Btk K4

(d) LI~ (U-Net+SCC) HiE/rE 45 B al 44k K%

(e) 5255 — (U-Net+SAM) By &4 Bar ik KM%

(f) SLEPY (U-Net+HISAM) B i:45 31|45 5Hony w4k K14

(g) SEEGH (AR SyksrEgs Bal ik K&




SCISEESR  sccu-Netigmsoies =

# 4-7SCCU-Net £ DRIVE #4828 % Fah S ast §

ACC SE S F1 AUC

e liF(19) 0.9730 0.9191 0.9779 0.8497 09912
e (06) 0.9640 0.7280 0.9895 0.7976 09776
FiE 0.9680 0.8036 0.9840 0.8138 0.9840
bt 22 0.0028 0.0547 0.0041 0.0172 0.0042
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(e) (H (2) (h)
% 4-8SCCU-Net £ STARE #48 £ F )3 1osk
ACC SE Sp F1 AUC
Fe UF(07) 0.9799 0.8866 0.9877 0.8722 0.9946
BR(19) 0.9673 0.7071 (19859 0.7428 0.9709
T3 0.9728 0.8186 0.9856 0.8179 0.9870
b it 2 0.0066 0.0718 0.0044 0.0424 0.0063
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(e) (H) (g)
£ 49 SCCU-Net f£ CHASEDBI # 38 Féy et g
ACC SE o Fl AUC
RAF(02) 0.9802 (1.8636 0.9867 0.8228 0.9928
R (06) 0.9716 0.7334 0.9877 0.7658 0.9839
E1{E 0.9756 0.8117 0.9867 0.8068 09888
f i 0.0035 0.0404 0.0022 0.0220 0.0036
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% 4-7 SCCU-Net 5 sttt #LF R dn & %) 7 %/ DRIVE L agtbi s X

Methods Year ACC SE SP El AUC
Ricci et al.[”] 2007 0.9563 - - - 0.9558
Azzopardi et al.[*! 2015 0.9442 0.7655 0.9704 - 09614
Roychowdhury et al.34! 2016 0.9520 0.7250 0.9830 - 0.9620
Liskowsk and Krawiec.[*®] 2016 0.9495 0.7763 0.9768 - 0.9720
Liet al.7] 2016 0.9527 0.7569 0.9816 - 0.9738
Fan et al B®] 2016 09614 0.7191 0.9849 - -
MS-NFNI64] 2018 0.9567 0.7844 0.9819 - 0.9807
R2U-Nett*l 2019 0.9556 0.7792 0.9813 08171 0.9784
DEU-Nett# 2019 0.9567 0.7940 0.9816 0.8270 0.9772
SCCU-Net(Proposed) 2021 0.9680 0.8036 0.9840 0.8138 0.9840
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# 4-8 SCCU-Net 5 2371 J2 do & 52| 7 :: /£ STARE L ogrbiist £

Methods Year ACC SE SP Fl AUC
Ricci et al.[2! 2007 0.9584 - - - 0.9602
Azzopardi et al.[*’) 2015 0.9497 0.7716 0.9701 - 0.9563
Roychowdhury et al.[*4] 2016 0.9510 0.7720 0.9730 - 0.9690
Liskowsk and Krawiec.*®! 2016  0.9729 0.8554 0.9862 - 0.9928
Li et al.[?] 2016 0.9628 0.7726 0.9844 - 0.9879
Fan et al.P*®] 2016 0.9588 0.6996 0.9787 - -
R2U-Net*!] 2019 09712 0.8292 0.9862 0.8475 0.9914
SCCU-Net(Proposed) 2021 0.9728 0.8186 0.9856 0.8179 0.9870
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#& 4-9 SCCU-Net 5 st flL W IR o 55| 5 /2 CHASEDBI1 LagrbisE X

Methods Year ACC SE SP Fl AUC
Azzopardi et al.[?-] 2015 0.9387 0.7585 0.9587 - 0.9487
Roychowdhury et al.[34 2016 0.9530 0.7201 0.9824 - 0.9532
Li et al.[27] 2016 09581 0.7507 0.9793 - 0.9793
MS-NFN©4 2018 0.9637 0.7538 0.9847 - 0.9825
R2U-Net*] 2019 0.9634 0.7756 0.9820 0.7928 0.9815
DEU-Net*] 2019 0.9661 0.8074 0.9821 0.8037 0.9812
SCCU-Net(Proposed) 2021 0.9756 0.8117 0.9867 0.8068 0.9888
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