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Retinal Vessel Segmentation Based on Dual Attention and Encoder-decoder Structure

LI Tian-pei and CHEN Li
School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China
Hubei Province Key Laboratory of Intelligent Information Processing and Real-time Industrial System, Wuhan University of Science and

Technology, Wuhan 430065, China

Abstract The segmentation of the retinal vessels in fundus image is important for the diagnosis of ophthalmic diseases such as
diabetes,retinopathy and glaucoma. Aiming at the difficulties of extracting blood vessels from retinal blood vessel images and the
lack of data samples, a retinal vessel segmentation method combining attention module with encoder-decoder structure is pro-
posed. To improve the segmentation effect of retinal blood vessels,a spatial and channel attention module is added to each convo-
lutional layer of the encoder-decoder convolutional neural network to enhance the utilization of the spatial and channel information
of the image features (such as the size,shape,and connectivity of the blood vessels) , where the spatial attention focuses on the to-
pological characteristics of blood vessels,and the channel attention focuses on the correct classification of blood vessel pixels. Mo-
reover, the Dice loss function is used to solve the imbalance of positive and negative samples in retinal blood vessel images. The
proposed method has been applied on three public fundus image databases DRIVE,STARE and CHASE_DBI. The experimental
data show that the accuracy, sensitivity, specificity and AUC values are superior to the existing retinal vessel segmentation me-
thods,with AUC values of 0.9889,0. 9812 and 0. 983 1, respectively. The experimental results show that the proposed method
can effectively extract the vascular network in healthy retinal images and diseased retinal images,and can segment small blood
vessels well.

Keywords Segmentation of retinal blood vessels,Channel attention,Spatial attention, Encoder decoder structure,Feature of pro-

posed method visualization
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2.2 EENER
ERNTENRIE R B EAE M ARF A — R )R
FRLEE L I k£ 1 M e T T N A A0 AR Tt o 4 A B
R AR 2 BN B S e A0 T 0 ML R R e
A B 2 KA R MBS AR 55 P TERE . 228 TAERY
JA B s AR SCAE LT 58 AL A AT 55 oo X A AU 8 3 3
5 23 1) i 8 3 BB, a3 31 7 2 1) 5 L G 4R R P S AR

BN REEALS . B R A ZE N 2 BTR

CxWxH [;é;%;é%g};l CxWxH
J—
@_E EREES |
| VR —
AR BHBER

B2 EER

Fig. 2 Attention module



168

Computer Science THEHLEIZ  Vol. 47.No. 5. May 2020

2.2.1 BHEEZES

TR B AR AIE 1) A 3 T8 R AE DRI 4 A0 Ry Sk A s 2 0 Y el
L5 I BN [ B 38 S R AR 0 G I o P, AR S g A A — A
W E R AR B RE R M BRI R . B
FRAE I F e RO Hodh © R i ARAE 1 1 38 1 225( H Al
W 43 3R R AR R v BE R S8 B . B a2 R E i Ak
BB AR AE B Y 42 R O TE E SR 4 — A R A
F.ERTMW, RJE Gl — A 2 )2 B A HLASE ROk AR Rl i
HARER M, € R, S T W/ IR AN 3L o 72 v i 2
BT 8 8 Bl 2 19 KN BCE S ROV P r R AR R
o Ja o K A WP R AE L IEA T R AE RS L B RN S C X H X
W, I S b iy AR AT 181 7 T 3R AH 3fe , DA T A5 3890 388 38 v & 0
HLIE Feow € ROV

F(—HXW %/1 %IF(Z,]) D
Fou=F ¢ Feae (M) (3

Horp, 0 /" Relu #76 M %K. 0 78 Sigmoid K R LW, €
RE“CHI W, € R 7 4y Bl %7 MLP s — 2 4 — 2 i 4L
T, Foae R M, A4S 38 38 09 AT B 0 — 5k K/
HXW BYREE

T T T ARG 2 g5 R IR 3 TR .

- x1x1
[=]
g-—»é—»%—»g

CxWxH i" 5 £ 3

WARIEHE

CxWxH

i AR AE A

& 3 I R
Fig. 3 Channel attention module

2.2.2 EREZEA

VFZ Aol R 4548 FCN 7= Az 1 Jm 3 R A 2% 7% 7T fig
FECH AR SRR RS R A R, R
[N R 011 = el 151 NN VNI L 7 .l g 9 7 N P T
B ML NSRRI . O T @ 1 R R
TEM 8 BRSO R A SO I A5 i OB Tz e
T 3CAF B S SR F AR KR TR IARE T . HARHERAE R .
XFF A ARRIE R FE RV, WE%M\ELEMHI?J&EE’JTE
AT RJR AL, NI B — A= R R F, e RV L
Tﬁﬁﬂ(ﬂ?ﬂlﬁﬁﬁmiﬂﬁEl%lf%ﬂ@l_é}%fﬁﬁ;ﬁiﬁﬁkﬁ
7X 7 AR TR % ] R R A AT B AR AE R R — ok 4
Hy 2 I EBEIRER M, € RV & 53 ZACE K 5 R i

N RAE B A8 44 3 T8 2R AT % o6 E M 3 L 45 3 28 18] B O A
Bl Fsou € RECVHH
F,\:%[%F(i) @
M, = [T (F) (5)
Fo=F * Fo (6(M,)) ®
Hor,o %R Sigmoid BTG R £ RRBRERIE BB K
INKTXT,

23 A T IR ER A M 2 S5 K 1 4 BT

Max pool

-

MAMMW
B4 28 A

Fig.4 Spatial attention module

AR SR AR 0 B 0L 4y BT S5 vl E R LS
25 ) 4 8 T ABL B (0 47 HE 51 B2 44 T BRI HE 51 58 4 1 43
AE . DRI, AR OB 33K P AR L A7 04 7 2 HE ) 3 3 Xof 4 AiE
PR A7 AL A4 D 500 % i 3 T R 2 ) 3 T
2.3 Dice 5k @

A T RS AL A5 4 3 AT 45 RP o O T L A X 3R A G
FEA R 1 & X 8 Oy i #F A, #E DRIVE, STARE Al
CHASH_DBI #4s 4 . IE SUREA Y FL 4538 129, IE fBEA
F T AT A S0 A 35 T 2 8 5 SUIR A Kk pR B, i
o 265 4 B 96 B A 22 10 2 1, 5 B0 45 I 2 0 AR b B A

R BRI B0 R 0 B /NI, DA Vi 7 5 T 0 9 27 4 1 T 5 A R 4%
BERY AU O 7 A R T 57 A AS 3 465 i 8 A ] R L AR Sl

i AR

Dice loss " 451 2k pR Bk XF W 48 AT S8 5 . W AR T .
2‘2p‘g»+/\
Dice=1—————— (7
Zp +2g +A

o, N RARGZFE S 88G p € [0, 1R R B A 1 T0INAE
g E{0 1 BN EEARPARZEA ;1=0. 000 1 k7 35 7 Hr °F
WHETF, TRl LA . R R X T AR E S
PR BRI .
Dice |:g,(ip?+§”3g,z+/1)2p,(ip,g,+l)j|
ce_ [ 8 : ,
Ip;

(Op?+ g2+ 1)
(8)

3 HIE&ESEGmMAE

7S LS 06 1 AR A2 S W S I A 4y BT 55 R I 3 AN IR
JIE B2 80 42 (DRIVEN® , STARER #l CHASE_DB1M1)
3.1 HBENA

DRIVE 48 4 1 40 18 % 6 90 I 52 18145 21 A - 45 7K R i
FEZR Y 43 9% 565 X584, Horpr 20 AN REA Tl 45 ) A 1
20 AREA F I

STARE #4020 16 % & KE , & 7k 5 b B R 19 4
BEARA 700X 605, H i — 2 ER AL E  A8 X3, ) — 2k BB
AR A . PR R B BRI IR X A
AR YN ZR4E  AR SO A 38 B IE (K = 4) J7 76 %o 2% 3090 4 1k
AT U ZRA 3, B AR Rk B 15 sk I T T4, Hor 5 5k
FI IR, — I 4 YK, R S 5 04 I R AR R R AR 22 )
WEEDS, HERMMIAHEAZHBEAFES &G HERHN
MK 25 R AT .

CHASH_DBI #4454 & 28 W@ % o W0 W Bt &1 1%, 45 5K
T B TR Y 4> 3R 28k 999 X 960, 1% B4 4 v i 45 2 M 14
2 T A MRS BR R AR Y . R LB BL 4 S T 2, 20 AN
AT INGR Hdy 8 ANEEA Tk .



BRI AF BT RO B 7 G - D 5 SRR B A0 T R 4

169

SABURAE T — L FAE L Fhn i, A3k
B LSS — % R AR TS5 5N S i R .
3.2 HIEy 5 HIEHEE

M LT DB R AR T B S 55080 4 6 3 U1 25 0 45 B
TAE G e B E B, ARBTG5
A B R RS 5 BB 3 AR I e AR v e A B
PR AT LUF #45  LL 32 R R A1 B8 L 0 4 5K P 5 ol #
FA~ 512 X512 By ER B, IF %t A R P L 25 % B9 48 R i
FIBEAL B 247 BEG o A T 08 A 1 0 40 B4, 5
2512 AL RE 7 o LATE 4 b s R R 8] 0 B 3553, X Bt 4R AT
B vt . Xt A R B BEAT 25 V04 3R Y Rl B3 B 0 i L (0
JE B SR X LY B R R RO, SR S AR AR I 5 iR
DR, 76 B 5k 1 JR B 7 2 T AME Dy 0 BB R - KA
G5 16 [R50 AN IEAT AT o 50408 344 3

(d) o B2 3 3l

Ce) Xof B B2 14 3

&5 B e
Fig. 5

D 458 BE 1 i

Data enhancement

4 KBWELERSH

AR S Sz 86 B fdi B B B8 % CPU A Intel Core i7-8700K,
4 16 GB, GPU & Nvidia GeForce GTX 1080Ti, ffi /| Py-
Torch FF T 2 Yl 25 A0 i 3 9 4% 455 45
4.1 MESHRIIE

A SCR FH B LB BE R B B35 (Stochastic Gradient De-
scent, SGD) X [0 £ A T #F 47 U0 £k . B 28 2 $ i w0 4k e 2R

250

Ca) iy A REAE &

(b) 73 J1 A ]

Xavier ™!, H] 2% > K 0. 01 AL I N 0. 0005, fii
policy M HEAT I 2 ok 72 v g 2% 2 F o i, B 2 i 2% ) 55
FWIUR % 2RI (1 —iter/max_iter) ™™ . A W F AL &
power W E R 0.9, BT batchsize TR 4.epoch BEH 400,
4.2 EMIBR

T AR AR SR R R E B R (ACC) R BE
(SE) R &M (SP) #it ROC 4k T 7 i AL (AUC) iX 4 4~ 38
JHA8 5 8 2 WL T 40 190 J L 7 1 3 S 80 2R

TP+TN

ACC= T p TN TFPTEN (9
TP
SE=TPTFN (10)
TN
SP=TNTFP ap

H, TP EEM 8 EM S ENMERRANTEGTN AR
B3Pk 15 TE 8 4328 1Y IR 1 B R R A EG FP ORI 95 1R
4y B AR R S 0BG FN B 18158 4 il il 8 1R £
AU, ROC B2 DB BH P % (FPR) S £ A 4k, L B BH P
F(TPR YA AR, I i T 3% 2 AN [7] 5 8 o iy SR 40 38 0 55
PEARL BB . AUC BREEIT 1, 156 B 505 19 20 0 38 R B
4.3 XWZIHSERSW

T 1 BT IR R A O I S 4% P RE R
AR SCIZI AL A A LR R4 O U-Net, 50 A FE B 7 8 5 5 )
24 (CSA-NeO AT X 325, £ 15 T HRIEE R, /T LR
HOIMA 7T A T 0 I 4 A R L RO R S DL
AUC fatr L ¥ 8 T U-Net,

1 RIS I LS5

Table 1  Ablation study for attention module
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Table 2 Ablation study for attention module of different order
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Fig. 7 Results of proposed algorithm
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