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Retinal Vascular Image Segmentation Based on
Improved HED Network

Zhang Sai, Li Yanping”

College of Information and Computer, Taiyuan University of Technology, Jinzhong, Shanxi 030600, China

Abstract Automated segmentation of retinal blood vessels plays an important role in the diagnosis of diseases such
as diabetes and hypertension. Existing algorithms have insufficient ability to segment blood vessels into small blood
vessels and lesions. In this paper, a retinal vessel segmentation method based on an improved holistically nested
edge detection (HED) network is proposed to solve the segmentation problem. In the proposed method, firstly a
residual deformable convolution block is used instead of the ordinary convolution block to enhance the ability of the
model to capture the shape and size of the blood vessel; Subsequently, the original pooling layer is replaced by a
dilated convolution layer to preserve the spatial locations of blood vessels; finally, an HED network framework with
a short connection structure at the bottom is used for feature extraction and {usion of pre-trained networks, in which
the model can better fuse the high-level structural information of the blood vessels and low-level details of the blood
vessels in the retinal image extracted by the backbone network. By verifying the digital retinal images for vessel
extraction (DRIVE) and the structured analysis of the retina (STARE) datasets, the sensitivities are 81.75% and
80.68%, the specificities are 97.67% and 98.38%, the accuracies are 95.44% and 96.56%, and the area under
curve (AUC) of receiver operating (ROC) are 98.33% and 98.12%, respectively. The proposed method achieves
comprehensive segmentation performance, which is superior to that of other advanced methods.

Key words image processing; retinal blood vessels; edge detection; deformable convolution; dilated convolution
OCIS codes 100.3008; 100.5010; 110.2970

1 B = BE R E R EREE KA EZ AN A
P I B4 A 22— L R Y o R A
R 9 5% B A5 S22 W 7T G MR s i R 5 RS DRI IR DG PR I 1 R TR % 4 T 2 12 W

F1 P OB PR 40 0 FEE 95 78 (DRO 45 45 R I 5 FIIR YT MRS 1 G 2D 9%
AR A, Ho DR g it B A L CWHO) #LR & ik B AT, BRI G L i 40 o g8 it A5 475 2 38 ik %l

Wi B HEI: 2019-11-01; fEE B HI: 2019-11-26; R BEHI: 2019-11-29
“ E-mail: 217835422201@163.com

0610002-1



Es i

4 IR AR = 2 i o T 20 43 RO AR MUy . AR, 7E MR IE
FUZR T3 b ic i 4 2 — 30 2% ) BB 9 4F: 55, JF
H e T 0R 5 RS [] Jmy 38 D3 v il 4 1) R/ B AR
AR B 0 A% v 2 Ak R 2 22 36 g i IR BB AR
X LA AR A5 B 1Y 53 50 25 51, TR ot e D) 5 5 — Fh e v
B 2 B AL 0 5 1T 1) A Bl o R AR B8 Ol BE AR O BT IR
R AL N A B2 K, R IR E
SRR T T I L A R R 22 5 vk B
TR I A B A A B 5 Ak TR IS PR AR )
Vo BE AR BT i DL R AFAE — SO BEZE A4 Qg ) i o
S5 RS AR — PR v A 1) I o B R S A AR
TR P AT S . BRi vk, EH W7k
RECA] 73 Sy R B 7 2 A T RS

AP W 5 A AL P R P AR e N TR IR
B Y A 8 PEIT N LLSS G 3l 2 1Y 28 2 45 AR sl s Al
) S R i IR o R A G A A DT T U U T
AR IR A R B RN L T REAL A U7 75 %% . Zhang
S DS o ¥ T A 1 DT G D8 D A A — B e e Al
B o AR PR 10X ] 5 o A i 37 OF A6 DU 0l A5 . Dash
G T — MR TIEA S M Kirsch B 1
R o0 55 5 bk #1275 . Zhao 25 R EMR B IR A
DX A7 R a3 B R R SR i i A 43 FIAT 55
AF W B 5 ik vh SR R R T 12 RN A O AR AU R 22 2
B XA PR A A 0 R PSR T O AN B A kP R S
FHYE,

W 7 R R A B AR S — R R R 432 1)
AL o B A AL R AR R I 2 BE 81X 43 il 45 N
iR R . Wi, X T EFEA
TVERBPRZE LA ZR 5 0y W O ik 204G
FETFHLAS 2 2 0 0 B A T IR 22 S 4% T
Beo H BT AL 2 0 ik E 82 A T
HR VS AL I JIE P45 1) 22 4 R Ak 1 38 3 S ) BL
(SVMD) , AdaBoost 5 U1 - 7 73 2 2% 4 JE 17 1 % 7>
EIW . Ricei S FH WA 1E 28 446 I 25 LA & H A
P8R WY IR A 3 R AIE 17) B 6 R ) SVML 2R 47 B
4325, Lupascu 8557 RE 00 9 5 P15 119 23 [ Ja& 44 F L
{5 B 4% 41 4ERF1E ) 2 i A 2 AdaBoost 432548
HEAT VIR 58 LA 4 . BRAE GE g pLAR 2= )
T EAM BT AR MR Oy v e Bk RE Oy A TR
AN B R N TR URRIE AEAR R B b I T
Y B 3 R NN B NS S S & R
BRI AT REME

s NATTRE R BE 27 2] 51 BIHR 43 F S5k, R
HA 3R O SCR RS B R SR BE ) L X Tr ik

A LA A B USRS T L Al R A R . AE
XKk, Wang 500 25 4 2 B 22 W 4% (CNND
FBEPLARAR (RF) P43 2 &5 09 0 5, KL CNN R 4
TEFEICER , 45 A RE (580 K40 Z5 68 7, X 400 I e i 7
HEAT T 43, Lu S0P T — Rl 2 AT 4 6D 25 65
i G AL 1 2 B bR 25 0 24 0 A7 R I BB ot 4 4 L HG o
Gt B 25358 43 FH T BBV 5 R A T e £ 245 35 43 1 T
HER . Hu S5 HE T — B 36 T35 B bl 26 9 4 71
4538 S EBEHL Y (CRF) (40 ) 55 11 45 40 1 05 92
3 o P I 24 i ] )2 1) AR AT LR b A 2 RS ) 4%
R CRF SRR AR/ HILE 5. BTS2 0K
JIE 2 2] J5 1 n] DA v I A% e i Al W O vk R B O ik
PR TE I DRE R[] Bt A7 A — A B R B
Wi o5 A 2 I 45 1) n R B SR RT L HR RCE T v R R Y
SR AE B AHE R T — e E ARG A 4N R R X
bl | =87 K AT A P N (O IS o 1 A N £
I 767 2 0 DR 5 0 i 1) T AR 2 —

PR AR SCHE T — T T AR I B AR K B
TR IO 38 A b 2 10 2 K T CHED) W) % H T 40 ™)
AR A o5, BT AR M 4% B = AR 1D R —
T o] MR A 1M 45 00 R /N AR A 7 b 8 3% J8% 37 BT 1
AR B B S B AR T 2R G AR A
A8 I EER I I 5 2) K 45 R 45 b i sl Ak 2 B e
LA 5K A R ol A5 A R A B o a7 B 1 [) AN 4 2R
FUG A e e , E WO B T 045 R AIE 1) 23 e 15
3) el A JES 3 4 2 19 HED X 46 X6 it 45 1547 43
F L 304 RS TR RO il 48 R 18 M5 B 45
T 21 o0 B 25 SRR PR B8 T v G i o e ol 2 1 25 4
R SR T ARG b A R e E R . B
JT 4 H B4 I 265 TT LA 00 4 o i A 0 A o e R
REE.

2 MG R I R

2.1 REFTER

RGN T —FhfEsR 225 b N & — 2 AT A8 I8
B B 5% 25 0] AR T B FH 24 2 Jm 0 401 R AR AN A TR
JO7 8 B A7 BT AR AR A5 A R R R R ) A0 D B o
B, HM A E 1 TR, B AR ERZE
(ConcOffset) ArifE 5 B2 LA — 1L (BN) 2 DL &
RelLU 2, H o vl 48 I8 5 L2 R iz 1 55 50 1 4% 0
5
A AR T 45 B X% 38 J5 S 46 B — Ak i L %
5 11 7 e B v D) A SR BRI T S R 2 I 4
X PR A4 22 A8 R R /INR — 11 I 1 2 A5 g

0610002-2



Es 1

| ConvOffset

l

| Conv |

l

| BN |

| ReLU |

A}

| Dropout

Bl A2z m AR B
Fig. 1 Residual deformable block
J1 AR SCHRCTL R BT 482 % 0] A8 8 45 ARUAT L3 ik
TS A R AR Y AT AR T A2 XA A R R AR
JEE F) R I DX R A M e 3 T A AR Bl 2 R 4% A A
L JEE P 5 i B, 6 ROBE RS R AE RO BE g . AT
AR A R K 18 4 AR M SRR L oS T —
A i B 7 i (845 A BB A /N S AT AAR 4

MR SR B EUR NS AT S AR, LUK/
5X5 WA B A B AR e 1) 5 Bes B An 1 2(b) i
735 F 0 1l 7% 7 ROV R ) — A5 B X8 M, T LA
il B DX Bl I A RRAE . X M ORT LR Ry
M={(—2,2),(—2,1),,(1,2),(2,2)}, (1)
HXF R s a5 1Y M AR 25 Rl RoR R
Y(M) = > wM,) «2(M, +M,), (2

M, €M

Krfrox RoRE ARHIE BT 5w RoR RAE I RLE ;
M, FoRmtE M XA E .

1% AT A8 T 6 BN & i T =S A b A
FAE R, E ARG N T — M A AR B AM, , HX
AN AL AR B AT 2 ) Y O AT i T AR g s R
B4 B ] T AR 5 40 I R PR e I A 1 5 A R A
AT B A& R PR AN E 2o frR ] B ANAT DL 3 3l i
AR A B S5 R 05 B L T FL AT DAAR 95 4 R A 28 I 4%
o)1 BN A . AT AR TR A BN IO ) i 45 SR AT
PLRIR A

Y(M) = > w(M,) « 2(M, +M, +AM,).,
M, EM

(3

©
P 2 5X5 3 45 FURI AT A8 T8 46 AU SRR AL B R B R . () TRALBRE 19 R 5 (b) E5B 45 85 (o) 1l B TE 45 A1

Fig. 2 Schematic diagram of the sampling position of a 5X5 ordinary convolution and a 5X5 deformable convolution.

(a) Image after preprocessing; (b) ordinary convolution; (c) deformable convolution
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Fig. 3 Schematic of dilated convolution. (a) Dilation rate is 1; (b) dilation rate is 2; (c¢) dilation rate is 3
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Table 1 Segmentation results on DRIVE and STARE

Database Method Sn /% Sp /% Acc /% AUC /%
2™ Human observer 77.96 97.17 94.64 -
DRIVE
Proposed method 81.75 97.67 95.44 98.33
2" Human observer 89.52 93.84 93.49 -
STARE
Proposed method 80.68 98.38 96.56 98.12

i _ (@)
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6 6 7 DRIVE $U#ia 4 104 #2550, (o 5 1R (DY B HERT; () 20 R R
(D) KR UER 5 (o) 432 25 B Fig. 7 Segmentation results on STARE. (a) Original

Fig. 6 Segmentation results on DRIVE. (a) Original images; images; (b) ground truth; (c) segmentation

(b) ground truth; (c¢) segmentation result images result images
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Table 2 Performance comparison of the proposed method with state-of-the-art methods on the DRIVE

Type Method Year Sn /% Sp /% Acc /% AUC /%
Zhang et al " 2010 71.77 97.24 93.82 —
Unsupervised B
Zhao et al."™ 2015 74.20 98.20 95.40 86.20
method
Dash et al 'Y 2019 70.30 98.50 95.10 —
Liskowski er al."'™ 2016 75.69 98.16 95.27 97.38
Lu et al .t 2018 78.12 98.14 95.59 97.90
Supervised
Wang et al."" 2019 76.48 98.17 95.41 —
method
Yan et al.'? 2019 76.31 98.20 95.38 97.50
Proposed method 2019 81.75 97.67 95.44 98.33

# 3 1& STARE #udls 4 [ 75 1% 5 oAb e 3t 77 4 19 LB

Table 3 Performance comparison of the proposed method with state-of-the-art methods on the STARE

Type Method Year Sn /% Sp /% Acc /% AUC /%
Unsupervised Zhao et al.t 2015 78.00 97.80 95.60 87.40
method Khan et al.[?* 2017 73.59 97.08 95.02 —
Liskowski ez al.t'™ 2016 70.27 98.28 95.45 96.71
Fu et al.l® 2016 74.12 — 95.85 —
Supervised .
Wang et al.""’ 2019 75.23 98.85 96.40 —
method N
Yan et al .l 2019 77.35 98.57 96.38 98.33
Proposed method 2019 80.68 98.38 96.56 98.12
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Fig. 8 Segmentation results on lesion images. (a) Original images; (b) ground truth;

(¢) segmentation result images by proposed method; (d) segmentation result images in Ref. [24]
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Table 4 Performance results of different HED models on the DRIVE and STARE

DRIVE STARE
Model

Se /% Sp /% Ace /% AUC /% Se /% Sp /% Acc /% AUC /%
Modell 69.70 98.96 94.89 97.62 63.60 98.99 94.92 97.40
Model2 79.55 97.82 95.23 98.13 73.61 98.36 95.45 97.78
Model3 77.08 98.21 95.27 97.79 72.74 98.61 96.02 97.65
Modeld 78.48 98.23 95.45 97.93 75.13 99.05 96.35 98.81
Our method 81.75 97.67 95.44 98.33 80.68 98.38 96.56 98.12

2 2 A[F. 618 5& Model2, Model3, Model4
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SRR O HE 9(e) 5K 9o B 9(b) Xt H
AL AR FT BT 2R A 0 48 25 4 T AR = AN AL BT
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Fig. 9 Local maps segmented by different models. (a) Original image; (b) standard local map;

(c)—(f) local maps segmented by model 1 to model 4, respectively;
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