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Abstract

The main problem with current segmentation algorithms in processing fundus images is the loss
of feature details. Due to the complex and varied vascular morphological structures in fundus imag-
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es, as well as the interference of various factors such as artifacts, noise, and lesions, the segmenta-
tion process is greatly difficult. This article proposes a Self-Attention Dual Path Upsampling U-Net
(SDU-Net) algorithm for retinal vessel segmentation based on attention mechanism and dual path
upsampling. The algorithm introduces two modules to improve the efficiency and accuracy of retinal
vessel segmentation. Self-Attention (SEM) module can fully capture the contextual information of
images, reduce information loss, and improve the accuracy of image feature extraction. At the same
time, the Dual Path Upsampling (DPUS) module is used to improve image resolution and compen-
sate for spatial and channel information. Experiments on the DRIVE/CHASE_DB1 dataset have shown
that SDU-Net outperforms other methods in sensitivity, specificity, AUC, and F1-score metrics. Com-
pared with the original U-Net, the experiment on the DRIVE dataset showed an increase of 3.99%
in Se, 0.3% in Sp, 2.03% in AUC, and 3.61% in F1. In the experiment on the CHASE_DB1 dataset, Se
increased by 4.00%, Sp increased by 1.06%, AUC increased by 2.03%, and F1 increased by 3.61%.
These results indicate that SDU-Net has significant advantages in retinal vessel segmentation tasks.

Keywords

U-Net, Medical Image Segmentation, DPUS, Retina

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

PR B 3 3 AP RN B A I, & N ARME— 0T LAJC RIS B 1 A Fp 2 50 . R 2 TAE#
T T U S AL IR R A UL A (AR Y, R DA A S RSB A B2 W, B R S[1]. B BRI Y
P W PRI PRI A RRE , R I v LB 51 RS AR I ML VR TR . PRI IK, S B0 R4
PR AU S AR SR, B PR A R AR A T O A R ) R RN, PR R T
HERIE T AR S . BRER, 20 ERERCA B 1.7 20 R 5, Wit %) 2030 £ix—
il 3.6 12[2]. Wi AEE FI R B B A 45 M 1 S, R TAATTY, KRR R
2R B AU [3] -

ILAER, TR PE 2 ) ] DR E SR BOL FE A2y R R 45 B E — e, $2 /) T VB RCR IR 0t T 12 fhek
X T RL I AL 43 A, B R E AR T 2 DLG AR I 48 g Bl 7570, 45 30 10 49 30 115 3k L
FRGNAR S 17 R LA U . Wang S5 [4]458 FH G A0 48 I 4 S BUIR IS MR S5 2., i@ B pLAR
MREEAT 2, KA IR BN 1) 2 B 25 5 o Fu 25 (51820 T 2 R (B AU A N 48 Sk R 5 1)
JEUR, CAR S & A BEALIZ SR TH R JE B G A IX B IMLEF 1R) 20 B P BB . Mou ZE[6]H B 42 Tk B B B A\ 3
U BUR 2, BT R4 D0 BB AL b AT ARG DN, A5 PR AR 2 T D D e 9 el 0 s 300 P 22 ) 3 A7
Bbh. Guo ZE[71HEH T —FhIRFE B LR 22 W 45 £5 44 (1) DRNet, KARFIE(S B R A 1E S, 155 SIREm
ReRYEmE, AR @ 5] N DropBlock ZE il 46 (1 S04 I B . Wei Z5[814& H T —F F sh it i st f%
U-Net, R LASEELEE G 1400 W9 JIEE L35 201, O ELR ok 7 4008 20 38 B I P00 AN s vk B8 2 2% B ]

B ARVR P 5 3] 7 VAL AR VAL IO JEE I 37 (1 1) A - S BUAR Kb, REWS 8k e T shi (e N AN 3R,
X BRIT TAERE X RL I L (R R AE SR BB (it T BB LR S 4%, SR, 7ERRM A UG R, — T2 32 2 A8

WA T, h DT A B SORE A R S8 ESE T A A BOR 22 0, K i) R 2 A1 B RO
ERETR Bk TPk, BltE, FERLRIRR LA 2> BUESS BRI REIS A FE T AL A 0 B0 BE 20y

DOI: 10.12677/sea.2024.134058 557 B TR S N


https://doi.org/10.12677/sea.2024.134058
http://creativecommons.org/licenses/by/4.0/

PULEIR PR iD'

BRI B RS AR T R AR
2. TEip R
2.1. U-Net ﬁ%ﬂ]ﬂ%

TEAE S AR St B, IRFEZE I HR, R RIRE SR MEM L%, CABN— e XCEE
(T, P kS 5 158 B X I T4 B IR PR 12 I w5 . U-Net S22 22 UG B4 & g si ¥y,
Ronneberger [9] T 2015 442, FHLMR RIS mAT T FI4FER ISBI A BREEHRAR 38 . AR HAE I %111
i - FRAGAEZE DL S B S AR SR 2 o MR AE B A HLH], A BUNZIE AT — M E . 1%
K2 FT A2 B S, AR H B BRI 20 i, SR N AR 2 R AR 25 T R IR 1 Ry AL R
IXHEREME L R A U-Net BUNEE S BUR 0 BT R, SR S5 U-Net IS AL, K25
FOIF X HAAT IR BB SR QB M B, B TEFZ I L AE & 28R = G o EI S R AT 7, )
FHARLENG RS B R 1)) Z R

2.2. AEDIH

TER BRI [10190 A& AR 07 AWM IR I i, R B B FRO3: i 0T e S e B S X0 e H 2
TR SCHUA R R < RET, RN BT UER, BEERE B MEERER,
SRS B R A A OGE o FEBR A BGr BI R, T3 00 B X IEORT e 5 A A B B AT AU
IRPEAR, Xt 80— L XA R AL SR U B 2, 45 > BIRCR A 22 o TR R I BU AT DLAE A 28 1 2%
RFAESR U F AN B RRAE, SRICBIZORTE MRAE, AT S i B 2R ) 231 P o

3. SDU-Net
3.1. EAMEIEN

FEF U-Net Z8#, ASSCHE H RORL I IR I A 4 BB yR 45 A TR IHLHIREL (SEM) MR A2 R FE A
Hy(DPUS). H K2 U-Net FERFESEHUAVE St & A H AL, RS E I REP a5 S mER.
B AIHLH RERE AR S N B FORFE, ShAS RSSO X3, M 8 4 i 42 25 245 5 . SEM A m) DL
Bl 7Y O A 0 2 g RN TE A5 B, IR RO, B R T E BRI, MIMERE 427 5 T R
M3 EL H ARARIE, $Rm B4 B ke e MEFAERAYE . DPUS FEHRERS A 250t R AR AE R, [E 75 AR 2
BBy RE NS SE I K G AR, PR BN S R AR EE . i DPUS iy, AT DLEE S A A [F R B
WRAE, MGG AR AR ) 22 R IE RN BE /7, (SR REAE S 2 S8 Z A5 (5 5., AT B8 i AR 20 1 5 R
TR L& L5 RN 1 BT .

3.2 EEAHHIER(SEM)

ARG NBIER SIS T SEM [11] (Zhong S57E 2022 FEHEH) MR, Wl 2 . FEMGE T
FER TP B AR, ] DU AN [B] 0 R 45 1R B A @ i 5T

SEM I #AE I R 2 i e X A% K/ N 1 x L 3 N RFAE AT 4 e~ 3 A Ab 28, A R (L) B

m = Gap(x) 1)

Hrb, x RENBEE, Gap()&te 4 R Tt B EAE, m Z4 R T E ke, RE, Btk
AR TR NS, R s E Y, AR Q) FTs:

w=c(F(m))=oc(W,m) )

DOI: 10.12677/sea.2024.134058 558 B TR R


https://doi.org/10.12677/sea.2024.134058

XA AT SC

Hob, F 4R ARG R RS, o % Sigmoid MUREEL, We A HERRANRE, o HRER
B, BEHUMCH N VT EO, e m A EO, S AT o 0B, ARG TAR, BRE
o TS EURLENE, AR ():

Xy =VOX 3)
ook, v R SR A SR AR B R, X OB AKHE, X SEM RUBLHIHIZE R, SEM
AR A0V 5 T . AR SEM 26 Kok BUBE L, P = AN 3T 195 B4 HBLE 47
WEER. FE, B Sigmoid W BHCRAE ML 73 I, (3SR

SEM

572x 57’
572x 57’

392x392

390% 3’
572x ."
388x 38’

1 L)

b ——=—— [k

L4 x6 256 T |
4

280

=}

512 512 1024 512
>l > H-H
‘ 'y Attention module(SEM)
1024 1024
o - o » Conv3x3, RelU
Max pool 2x2
m=)> Copyand crop
DPUS
* Conv 1x1, ReLU
Figure 1. SDU-Net network model
[ 1. SDU-Net P& 158
Switching Module
Input EO, ¥ o

l —> EO, >0 J

F() \—DEO(; > o

xatt={v © x

Output

[ © ]

Decision Module

Figure 2. Attention mechanism module (SEM)
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Figure 3. Dual path sampling module (DPUS)
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Table 1. Performance comparison of each module ablation on the DRIVE dataset

% 1. Z1EHGHEATE DRIVE BiBE FHMEgEXTEE

Y SEM DPUS Se Sp AUC F1-score
A 1 - - 77.83 98.05 97.85 81.60
A 2 \ - 77.95 98.27 97.98 82.64
P 3 - V 78.12 98.17 98.07 82.76
A 4 S \ 84.16 98.36 98.32 82.94

T D s FoR U .

Table 2. Performance comparison of each module ablation on the CHASE_DB1 dataset

2. FIRBHFMTE CHASE_DB1 H#E5 LRI RERTEL

it SEM DPUS Se Sp AUC F1-score
PR 1 - - 80.56 97.13 97.05 79.52
A 2 \ - 81.37 98.36 98.45 82.30
P 3 - J 82.69 97.89 97.69 79.59
i 4 \ Y 83.78 98.16 99.02 82.39

T I RN R A -

7E DRIVE IR b, b BRI I UG 3 B4 AT T 9Pl . 03k 1 R, BtEn BI4 R Se ik
F7 84.16%, SpikF| [ 98.36%, F1iAH| [ 82.94%, AUC k%[ 98.32%. SHEvE ML, %70 H
TUAE B IR fE T br - ms AT $2 71, Se #7 1 3.99%, Sp 4 #1 1 0.3%, AUC 7% T 2.03%, F1 #2151 3.61%,
Horr, REEIRTEONEE, RUIE L Ge0 iR I R .

£ CHASE_DB1 A4 b, SRR I BUR ¥ 43 #0145 Rtk AT 7TiF 0. i3k 2 fos, s #14 1m
Se IAE| T 83.78%, SpikF| [ 98.16%, AUC iAF| [ 99.02%, F1iAH| T 82.39%, SX:HEriEMLL, %5
EREALLE R I RSB AR NG $ETE, Se 5 T 4.00%, Sp #EE T 1.06%, AUC #5 T 2.03%, F1 2
w1 3.61%, [FIFE, REUEMIETHRONEE, RUIFNE ML G605 G 1R 50 H i KA .
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Figure 4. Segmentation results of different models
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Ik, SDU-Net SHyEAE - EIMERE bR E LT HAL R .

N LTI AE A ST BRI E RS, ASCEA(E DRIVE $¥54EF1 CHASE_DB1 s 4 1032 i 73 %1
RS — SR R AT H A, A EIEEAE DRIVE #4E4EF1 CHASE_DBL i#iifE b thikss
Byl 3. % 4 FiR.

7f DRIVE ¥4 Exf ELszie % W], SDU-Net £ Se. AUC. F1 {85 AL T st b 5ig:, b Se
N 84.16%-. Sp A 98.36%. AUC &y 98.31%F1 F1 &y 82.94%. W75 Sp WEKT 3Lk MCU-Net 5. 7E
CHASE_DB1 #t#i 45 F xS b 52 45 5 o, SDU-Net 7 Se. AUC. F1 {87 HAL T Frst e sk, Hor
Se N 83.78%. Sp 4 98.16%. AUC A 99.02%7F1 F1 y 82.39%. R Sp B&A%T CHik Iter-Net 5%

AR H AR DY R, #E Se. AUC 1 Fl-score 25 PEfETE bR AL IS, AEGSIERI 2 2 1)
MAEBRER, It BAEREHHFA A B0 R AR . XL W] SDU-Net 7EHE 9 J5 1L 75 F14F- 55
T EA BRI E AR TE, RES T aF A IR R R BT . LR ERTIR, AT EERS TA
IR

Table 3. Results of different algorithms on the DRIVE dataset
7 3. DRIVE HiEENEREIANER

P DRIVE
Se Sp AUC F1-score
U-Net 77.83 98.05 97.85 81.60
Ladder-Net 78.56 98.10 97.96 82.02
Iter-Net 77.35 98.34 98.16 82.05
MCU-Net 81.01 98.79 98.28 81.49
SDU-Net 84.16 98.36 98.31 82.94

T I RN R A
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Table 4. Results of different algorithms on the CHASE_DB1 dataset
3 4. CHASE_DB1 HIBEFRIEEAMER

) CHASE_DB1
Bk
Se Sp AUC F1-score

U-Net 80.56 97.13 97.05 79.52
Ladder-Net 79.76 98.15 98.39 80.30
Iter-Net 79.61 98.81 98.99 80.72
MCU-Net 83.66 98.29 98.18 77.41
SDU-Net 83.78 98.16 99.02 82.39

T IR R R

5. Zit5RE

TEARBTE R, ASCHEH FFIRUE 1 — ok 24 1) 40 W 8 if 55 79 1 529 ——SDU-Net. i#id#E DRIVE #
CHASE_DB1 ##54E FsLit g R, SDU-Net fEBUBNE. Ktk AUC Fl Fl-score 2 MFAT R 45
¥R A, BERTIA WAL L. SO TE ARSI 00 B, A SCEVERI A
PERE. IXLLZEHLIER T SDU-Net 758 P 5 I A 45 BT 55 A A R A ek

JOERFIAT T BZE SR, B — 28/ R ASR B S 07 10 B0, BIEAEAN A #dE 4
HRZAGRE I TR — P IRAE, AR AT LIS 51N TE 2R I BR SR IR R AR . ik, B
RIS 2 FE RS AT I R — A TR EEOA R A R, AR ] DI i B 28 e 4 A s B A SR 38 i B2 1
A WAL, GG HAMZHREREHGEE, H— PRI ER A St t 2 — MER R R T H .
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