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Retinal Vessel Segmentation Method Based on Multi-Scale Attention
Analytic Network
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School of Cyber Security and Computer, Hebei University, Baoding, Hebei 071002, China

Abstract Retinal blood vessel segmentation is an important means to detect a variety of eye diseases, and it plays an
important role in automatic screening systems for retinal diseases. Aiming at the problems of insufficient
segmentation of small blood vessels and pathological mis-segmentation by existing methods, a segmentation
algorithm based on the multi-scale attention analytic network is proposed. The network is based on the encoding-
decoding architecture and introduces attention residual blocks in sub-modules, therefore enhancing the feature
propagation ability and reducing the effects of uneven illumination and low contrast on the model. The jump
connection is added between the encoder and decoder and the traditional pooling layer is removed to retain sufficient
blood vessel detail information. Two multi-scale feature fusion methods, parallel multi-branch structure and spatial
pyramid pooling, are used to achieve feature extraction under different receptive fields and improve the performance
of blood vessel segmentation. Experimental results show that the F; value of this method on the CHASEDBI and
STARE standard sets reaches 83.26% and 82.56 %, the sensitivity reaches 83.51% and 81.20%, respectively, and
the proposed method is better than that of current mainstream methods.
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Fig. 9 Retinal vessel segmentation results of different algorithms. (a) Original images; (b) labels; (c¢) results of proposed

algorithm; (d) results in Ref. [30]; (e) results in Ref. [17]; (f) results in Ref. [16]; (g) results in Ref. [31]
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Fig. 10 Detail comparison of segmentation results.

labels; (d) segmentation details of proposed algorithm;

(a) Original images;

(c) details of
[30];

(b) details of original images;

(e) segmentation details of algorithm in Ref.

(f) segmentation details of proposed algorithm in Ref. [17]
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Table 2 Average performance evaluation results on CHASEDBI and STARE

Dataset Method F, A S S’ AUC (ROO) AUC (PR)
SegNet™] 0. 8083 0. 9636 0. 7646 0. 9858 0.9819 0.8972
U-Net™" 0. 7894 0. 9600 0. 7463 0. 9839 0.9773 0. 8774
CHASEDB1  Attention-UNet"" 0. 8025 0.9624 0.7619 0.9847 0. 9801 0. 8898
FD-UNet™" 0. 8097 0. 9636 0.7728 0.9848 0. 9830 0. 8991
MAPNet (ours) 0.8326 0. 9663 0. 8351 0. 9810 0. 9861 0.9155
SegNetH"] 0. 8052 0. 9639 0.7598 0.9870 0.9823 0.9082
U-Net™" 0.7935 0.9611 0. 7475 0.9851 0.9778 0. 8911
STARE Attention-UNet™" 0. 8039 0. 9632 0. 7651 0. 9857 0. 9804 0.9018
FD-UNet™" 0. 8080 0.9641 0.7697 0.9861 0.9826 0.9074
MAPNet (ours) 0. 8256 0. 9658 0.8120 0. 9832 0. 9838 0.9172
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Fig. 11 ROC curves of segmentation results of different algorithms. (a) ROC curves; (b) curves in box of Fig. 11(a)
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Fig. 12 PR curves of segmentation results of different algorithms. (a) PR curves; (b) curves in rectangular of Fig. 12(a)
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Table 3 Comparison of the method proposed on CHASEDBI with other advanced methods
Method Year F, A S s’ AUC
Method in Ref. [32] 2016 - 0. 9581 0. 7507 0.9793 0.9716
Method in Ref. [27] 2017 0.7332 - 0.7277 0.9712 0.9524
Residual U-Net™" 2018 0. 7800 0.9553 0.7726 0. 9820 0.9779
Recurrent U-Net™* 2018 0.7810 0.9622 0. 7459 0. 9836 0.9803
R2U-Net™* 2018 0.7928 0.9634 0.7756 0.9712 0. 9815
LadderNet*” 2018 0.8031 0.9656 0.7978 0.9818 0. 9839
DEU-Net"* 2019 0. 8037 0.9661 0.8074 0.9821 0.9812
Vessel-Net™?! 2019 - 0. 9661 0.8132 0.9814 0. 9860
DFA-Net*" 2020 0. 8087 0.9679 0. 8066 0.9823 0.9839
MAPNet (ours) 2020 0. 8326 0.9663 0. 8351 0. 9810 0. 9861
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Fig. 13 Changes in various evaluation indicators. (a) F, value; (b) accuracy; (c) sensitivity; (d) specificity;

(e) AUC (ROC); (f) AUC (PR)

F 4 1E STARE b fr$e Jr i 5 HAb S 3k 7 0k 9 b A
Table 4 Comparison of proposed method with other advanced methods on STARE

Method Year F, A S s’ AUC
Method in Ref. [3] 2012 - 0.9534 0.7548 0.9763 0.9768
Method in Ref. [32] 2016 - 0.9628 0.7726 0. 9844 0.9879
Method in Ref. [27] 2017 0.7644 - 0. 7680 0.9738 -
Method in Ref. [35] 2019 - 0.9638 0.7735 0.9857 0.9833
Method in Ref. [36] 2019 - 0. 9640 0.7523 0.9885 -
Method in Ref. [10] 2020 - 0. 9656 0. 8068 0.9838 0.9812

MAPNet (ours) 2020 0. 8256 0.9658 0.8120 0.9832 0.9838
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Table 5 Influence of each module on whole model

Model F, A S’ AUC (ROC) AUC (PR)
SubNet_1 0. 8158 0.9651 0.7707 0. 9868 0.9816 0.9009
SubNet_2 0. 8200 0.9657 0.7783 0. 9866 0.9832 0.9054
SubNet_3 0.8229 0.9663 0.7813 0.9869 0.9839 0.9085
SubNet_4 0.8228 0.9662 0.7824 0.9867 0.9842 0.9092
SubNet_5 0.8253 0.9666 0. 7854 0.9869 0.9846 0. 9106
SubNet_6 0.8239 0.9664 0.7832 0. 9868 0. 9854 0.9132
MAPNet 0. 8326 0.9663 0. 8351 0. 9810 0.9861 0.9155

fH 2 5 AT 1. SubNet 1 X FHAS B 55 3% 31 19 5%
25 ) 24 £E A0 D) S 6 43 ) 5 TR & T AR A AL
R BT T 2 T scilk16, 17 1 A E DL K&
3 hcEk(27. 32 A ME , XU W A BIF Y SR A v
A RS &3P H P R BUEBAL, 75 E
— 325 SubNet_2 il A PMBS, kb SubNet_1 %
T, X BT PMBS AT DL 3K 75 58 K J8 37 BF LA T
w2 ROEAF B, M4 00 & 20 SubNet _ 3,
SubNet_4 435I A & S HLEIT A SPPM, Jin K 1 1
ERHERCE , AR 5005 9 W i A 2 R Je 1 15
B E A i Be A5 B i — 25 42 Tt SubNet 5 Jin
KT M 5 RS Y 0 RRAE X 43 B, 395 T i 4
BEe )1, F o (H 2 80E 5 45 B 8 42 T SubNet_6
K T R OMERE A () 42 48 5E 1. AUC (ROC) . AUC
(PRO 485 W] 1 428 T, 1E R AR L ) AS 49 47 [ 7012 350
REERA A,

MAPNet ¥ [ iRBE #4176 HA 4, LS AT §e

Mok PR A A BEHCA AR B AR FLO(E L R OBUE K
AUC(ROC) \AUC(PR) 4 4li5 % 0. 8326, 0. 8351,
0.9861, 0.9155, MAPNet At SubNet_1 45k
UKL 0.59% . Al J2 REGE VF, {H.AUC(PR) 53 3
T2 8.36%.2.06%,1.62%,

4 25

B TSR0 3 A HIR RS AR O 5 1 A o ) vh A A
XoF 4N LA 53 AN 2 B 43 B [, 4 T —
ZREEREIIMT M, 42585k 2205 EE L
il 2 T ARB FREH, BT £ 2% i TR AE AL 1%
RE T AR 1O B 2 0k L J3E A A 52 ) BE 06 2 1K
2R A/ A 5 . W BT 4R R PMBS,
SPPM n] S 22 RUBE IfiL A8 A 4 A 4 BB, 32 71 17 I A8
Sy RIPERE . o Ok B R B I AR AN T A R TR S A
figp B e 22 1) 36 0 Bk BR 3 4 O K AR SE AL )2 . A
J& A8 SPPM J5 it 1 Bl B 2 1 Sk LUIn R i 4

i

2017001-12



$£58% £ 20 H1/2021 £ 10 A/EtE5EBEFFEHE

BEPES YR R AE X A B, SEER A5 SRR WL Rl A
3 FRG 55 e 1 HG Al R 3 2% ) J YA A H . MAPNet
() F ) AR RO 3X AN SC B VE M 98 A 5 L 40
AT A L X HRBL 6 95 1432 W i A A 3R 7 B —
B2 0 AN (B . 7T J2& 48 3C PMBS fil SPPM /9 1%
TP SR AFAE 3 — 52 19 £ W L 76 338 T OR BB 9 b

%85

AT 3 AL R R R MR L o) SR

ELENIIRE S & SN A - RS I WD E B VA UE [ E 7N ]
2 R RS B, T BR 32 0 3= i 40, itk —
AR AL 28 P RE

[1]

(2]

(3]

[4]

(5]

(6]

[7]

(8]

2 % x #

Fraz M M, Remagnino P, Hoppe A, et al. Blood
vessel segmentation methodologies in retinal images:
a survey [J]. Computer Methods and Programs in
Biomedicine, 2012, 108(1): 407-433.

Niu Y H, Gu L, Lu F, et al. Pathological evidence
exploration in deep retinal image diagnosis [J].
Proceedings of the AAAI Conference on Artificial
Intelligence, 2019, 33: 1093-1101.

Fraz M M, Remagnino P, Hoppe A, et al. An
ensemble classification-based approach applied to
retinal blood vessel segmentation [ J]. IEEE
Transactions on Biomedical Engineering, 2012, 59

(9): 2538-2548.

Fraz M M, Barman S A, Remagnino P, et al. An
approach to localize the retinal blood vessels using bit
detection[]J].
Methods and Programs in Biomedicine,
(2): 600-616.

Bankhead P, Scholfield C N, McGeown ] G, et al.
Fast retinal vessel detection and measurement using

PLoS

Computer
2012, 108

planes and centerline

wavelets and edge location refinement [J].
One, 2012, 7(3): e32435.

Nguyen U T V, Bhuiyan A, Park L. A F, et al. An
effective retinal blood vessel segmentation method
using detection[]J] .
Recognition, 2013, 46(3): 703-715.
Wang W B, Li C B, Zheng C J. Retinal blood vessel
based
adaptive Gabor wavelet[]J]. Laser & Optoelectronics
Progress, 2020, 57(8): 081023.

ESOR, AR, AR . HET Hessian 1975 [ A i&
N Gabor /N HL BRI 43 30 (7] Ot 506w+
SHERE, 2020, 57(8): 081023.

Soares J] V B, Leandro J J] G, Cesar R M, et al.
Retinal vessel segmentation using the 2-D Gabor
classification [ J]. IEEE
2006, 25 (9):

multi-scale  line Pattern

segmentation using Hessian orientational

wavelet and supervised

Transactions on Medical Imaging,

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

2017001-13

1214-1222.

Lupascu C A, Tegolo D, Trucco E. FABC: retinal
vessel segmentation using AdaBoost[J]. IEEE
Transactions on  Information  Technology in

Biomedicine, 2010, 14(5): 1267-1274.
Zhang S, Li Y P.
segmentation based on improved HED network [J].
Acta Optica Sinica, 2020, 40(6): 0610002.

TeFE, AEHIPE. LT U HED R 45 04 00 99 A I 4
A FILT]. S 24l, 2020, 40(6): 0610002.
WuCY, Yi BS, Zhang Y G, et al. Retinal vessel
image segmentation based on improved convolutional
neural network [J]. Acta Optica Sinica, 2018, 38
(11): 1111004.

RV, BRI, R, 5. TSRS N
251 L 1IN0 4 P 43 B (0. e 2R, 2018, 38
(11): 1111004.

WuY C, Xia Y, Song Y, et al. Vessel-net: retinal

Retinal vascular image

vessel segmentation under multi-path supervision
[M]//Shen D G, Liu T M, Peters T M, et al.

Medical image computing and

intervention-MICCAI  2019.

computer assisted
notes in

11764 :

Lecture
computer science. Cham: Springer, 2019,
264-272.

Wang B, Qiu S, He H G. Dual encoding U-net for
retinal vessel segmentation[M] //Shen D G, Liu T
M, Peters T M, et al. Medical image computing and
computer assisted intervention-MICCAI  2019.
Lecture notes in computer science. Cham: Springer,
2019, 11764 : 84-92.

Chen L. C, Papandreou G, Kokkinos I,

Deeplab: semantic image segmentation with deep

et al.

convolutional nets, atrous convolution, and fully
connected CRFs [J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2018, 40 (4):
834-848.

Zhuang ] T. LadderNet: multi-path networks based
on U-Net for medical image segmentation [ EB/OL].
(2018-10-17) [2020-12-017. https: // arxiv. org/abs/
1810.07810v1.

Oktay O, Schlemper J, le Folgoc L, et al. Attention
U-Net: learning where to look for the pancreas EB/
OL]. (2018-08-11)[2020-12-01] . https: //arxiv.org/
abs/1804.03999.

Fischer P,

networks  for

Ronneberger O, Brox T. U-net:

convolutional biomedical image

segmentation[ M]//Navab N, Hornegger J, Wells W
M, et al. Medical image computing and computer-
assisted intervention-MICCAI 2015. Lecture notes in
2015, 9351:

computer science. Cham: Springer,

234-241.



$£58% £ 20 H1/2021 £ 10 A/EtE5EBEFFEHE

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

Chen L C, Zhu Y K, Papandreou G, et al. Encoder-
decoder with atrous separable convolution for
semantic image segmentation[ M]//Ferrari V, Hebert
M, Sminchisescu C, et al. Computer vision-ECCV
2018. Lecture notes in computer science. Cham:
Springer, 2018, 11211: 833-851.

Liu W, Rabinovich A, Berg A C. ParseNet: looking
wider to see better[EB/OL]. (2015-06-15)[2020-12-
01]. https://arxiv.org/abs/1506.04579.

Zhao H' S, Shi J P, Qi X J, et al. Pyramid scene
network[C]//2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR),
July 21-26, 2017, Honolulu, HI, USA. New York:
IEEE Press, 2017: 6230-6239.

Szegedy C, Liu W, Jia Y Q, et al. Going deeper with
convolutions[C] /2015 1IEEE
Computer Vision and Pattern Recognition (CVPR),
June 7-12, 2015, Boston, MA, USA. New York:
IEEE Press, 2015: 1-9.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
recognition[C]//2016 1EEE

and Pattern

parsing

Conference on

learning for image

Conference on Computer Vision

Recognition (CVPR), June 27-30, 2016, Las Vegas,

NV, USA. New York: IEEE Press, 2016: 770-
778.

Hu J, Shen L, Sun G. Squeeze-and-excitation
networks[C]//2018 IEEE/CVF  Conference on

Computer Vision and Pattern Recognition, June 18-
23, 2018, Salt Lake City, UT, USA. New York:
IEEE Press, 2018: 7132-7141.

He K M, Zhang X Y, Ren S Q, et al.

pyramid pooling in deep convolutional networks for

Spatial

visual recognition[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2015, 37 (9):
1904-1916.

Owen C G, A R, Mullen R,

Measuring retinal vessel tortuosity in 10-year-old

Rudnicka et al.

children: validation of the Computer-Assisted Image

Analysis of the Retina ( CAIAR) program[]J].
Investigative Ophthalmology &. Visual Science,
2009, 50(5): 2004-2010.

Hoover A D, Kouznetsova V, Goldbaum M.

Locating blood vessels in retinal images by piecewise
threshold probing of a matched filter response [J].
IEEE Transactions on Medical Imaging, 2000, 19
(3): 203-210.

Orlando J I, Prokofyeva E, Blaschko M B. A

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[36]

2017001-14

discriminatively trained fully connected conditional
random field model for blood vessel segmentation in
fundus images[J]. IEEE Transactions on Biomedical
Engineering, 2017, 64(1): 16-27.

He K M, Zhang X Y, Ren S Q, et al. Delving deep
into rectifiers: surpassing human-level performance
classification[C] /2015 IEEE
Computer  Vision
Chile.

on ImageNet
International  Conference on
(ICCV), December 7-13, 2015,
New York: IEEE Press, 2015: 1026-1034.

Lin T Y, Goyal P, Girshick R, et al. Focal loss for
dense object detection[C] /2017 IEEE International
Conference on Computer Vision (ICCV), October
22-29, 2017, Venice, Italy. New York: IEEE Press,
2017: 2999-3007.

Badrinarayanan V, Kendall A, Cipolla R. SegNet: a

deep convolutional encoder-decoder architecture for

Santiago,

image segmentation[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2017, 39
(12): 2481-2495.

Guan S, Khan A A, Sikdar S, et al. Fully dense
U-Net for 2-D
artifact removal[J]. TEEE Journal of Biomedical and
Health Informatics, 2020, 24(2): 568-576.

Li QL, Feng BW, Xie L P, et al. A cross-modality

learning approach for vessel segmentation in retinal

sparse photoacoustic tomography

images[J]. IEEE Transactions on Medical Imaging,
2016, 35(1): 109-118.

Alom M Z, Hasan M, Yakopcic C, et al. Recurrent
residual convolutional neural network based on U-Net
(R2U-Net) for medical image segmentation [ EB/
OL]. (2018-02-20)[2020-12-01] . https:/arxiv.org/
abs/1802.06955.

Yang B, Liu X F, Zhang J. Medical

segmentation based on deep feature

image
aggregation
network[J]. Computer Engineering, 2021, 47 (4):
187-196.

Brie, XDy, skal. JETIRBERHIE R & P4 52
FlIg s #I0] . PFRHLTRE, 2021, 47(4): 187-196.
Yan Z Q, Yang X, Cheng K T. A three-stage deep
learning model for accurate retinal = vessel
segmentation[[J]. IEEE Journal of Biomedical and
Health Informatics, 2019, 23(4): 1427-1436.

Wang X H, Jiang X D, Ren ] F.

segmentation from fundus

Blood vessel

image by a cascade

classification framework [ J]. Pattern Recognition,

2019, 88: 331-341.



