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Automatic segmentation of retinal vessel via compact mixed network

LUO Ling, XUE Ding-yu', FENG Xing-long
(College of Information Science and Engineering, Northeastern University, Shenyang 110004, China)

Abstract: To address the difficulty and high time-complexity of retinal vessel segmentation, an asymmetric model called
compact mixed network (CMNet) is proposed, which is capable of achieving trade-off between speed and accuracy.
Firstly, considering the ability of deformable convolution to extract complex and variable vascular structure, and that large
kernel in mixed depthwise convolution can further improve segmentation quality while increasing the receptive field, we
propose a lightweight mixed bottleneck module. Then, an adaptive feature layer fusion is proposed to further improve
the spatial mapping capability of the model. Finally, the vessel segmentation performance is analyzed quantitatively and
qualitatively. The AUC metrics are 0.984 0, 0.987 9 and 0.985 3 for DRIVE, CHASE_DBI1 and HRF benchmark datasets,
respectively, indicating that the proposed algorithm is able to obtain highly accurate segmentation results. Furthermore,
with an input resolution of 512x512, the model achieves a frame rate of 33 FPS on a single V100 GPU, which further
indicates its suitability for rapid clinical deployment.

Keywords: vessel segmentation; neural network; deformable convolution; mixed bottleneck; adaptive feature layer

fusion; time complexity

Vol.37 No.2
Feb. 2022

0 51

T (o BEL R PR 1 0 I J 1 5 43 1 B R L
V2 L FE T B LI JBE 8 % B K M R 75 IR
FR R 7 10 5 B2 T P, R T, 32 LA A 68 g
LA 2 L T TR A S e R RS R OB
FRL A0 9 I L5 43 58 A 7 1 P 160 5 7 O 25 6.
KB, R R AT T A4 B, KA

RE BRI v 2) AN [ 2 DTong /] — 5K S A% 1) 20 31 45 2R

i BHA: 2020-07-03; A BHA: 2020-12-03.
HEEWMHE: EFEARRIEAESTH (61673094).
RERE: BEEME.

Tl IAA/EH . E-mail: xuedingyu @mail.neu.edu.cn.

R BRI 2 e 1. Rk, 75 28t —Fh 3 3h %1
JTERRR TR )

UL AE R, B UG AL FAHLAS 7 > BOR A Wridk
AR T KR 373 RIFE, 42 B SRR AT DU L
I3 R B 5 21 T RN s B 5 2 OV

T W B 2 2 T R T — S IR U, [ ) R
B G5 IR 2 B AR, T B T vk B R TR i UG TG D8 U
I8 R 5 R 45 ) R A 25 Azzopardi 25120 $12 HY — Fh ik
FE M )97 1M % [X 38 1) B-COSFIRE J€ % 8%, I ii it J5



354 # % 5

xR ¥37%

A A R 7> BIRCR. Singh S0V —Fh Ak
T Gumbel 5 73 A1 BR A UL e 368 35 R ECRR 194 I
&, Lin W @A 7 — MG RS IR b 2
AR 77 AR I E A . Lam BT 38 0 7 “ 2L
7 5 1R Ak A S AT 7 9 A 1) 0L 1 45 Zhao S
SEE R AN R ARALAE B N T —Fh B A
A B AL 53350 i) L. A e B T MR 2 21 D TR
F LB AL, ALY K BIFERS I 2805

5B A I EA R B A TRERET L
R0 B R A ST e LR TN A Y, WS 5 v
RAAESEIURG3 SEPIAS 20 B8, A8 R N e sl
v S SR HUR RS AL, 5 2 A SCHF Al AL B FE AL AR
MREET KA BAT B R 732K Aslani F67 57 H — g
(173 BT AZTHEM A R R UG R R 1E R
BEAT VR 5 G B, Bt 5 SN BEHLARAR 23 S48 5 i A0k
MR FREAT 435, Marin 5B L TR R A2 M 2% 1
S I TR FEANFE AR AR 7 4 R TR R
oK. Wang %5 PR ZRE A 2 70 K 85 Rl & 1 7 i
PSR AR R o R mD . A% 48 MBS 2 5] U7 VR AR it
AL R 52 BIRFAE TR i SR 1 S T A, B2 0 8 e 1
R,

Wt 5 R P 5 ST BOR AN B 5 J, 1 8 1 R AL
Lz AR 2 7 R IE P52 . VR 2 ) B AR ph 2
W, T DL AN B TR B 3 5] B 2R IR JR
ORE ), X TR — A 2 0 22 iF FE N AN /5
BT LB RHE RS 10 200 TR R ZEH. xR U
TR G5 A 255 AR A 2% ZHL A3 ) U-Net!'0) 2 1R 1 2 2] 72 ]
1853 Bttt i B AR (1 AR, 9 th b A7 AR tHAR 2R
AERRCAS. Fu S5 PR 1 A7 7 A0 D 32 AR AR
55, FIRI R rp i 22 KU BT S0f5 2 R e =2 2
FE M= R, R R AR S B R 2 H )
KA O R BEAT A, Laibacher %112 DUAR & 24N
2% 54K MobileNet V231 Jy [0 2% 75 2 it 25 5 77 51
M I SR B, A A8 R 3 P 1 ik A\ X BE 4. Zhang
SEUSUR] FHALSE T B WL AN 5 51 S g5 A B 1
BN LFFAE BRI, B, TterNet S i 5] AALE 3L
T AEAEA B, A2 A AT B SR EIEBIRAL.

52 U-Net TAF K Ja K, A SCHE JEUA 1R 1) 2 i
BEAT TR R, 5INPT AR AR DA ECE £ 1) 4
P PEAE B 3Rt — PR S ST, DUE T A
TR 2 B HE AR 5 B I BRI R Rl 52
HEETE T > BIPERE; FVALE 2 MR R LA R T i
DLBE FT LR R 45 2R 25t RS R A 28 R ARG 2
BRI

1 K35

H T ) AR T A AR A IR T B A MG 4 R 4T
% ERIUAR S, A SO H 5N 3 FE 55 o, 42
P VR 5 R SRR R T 23 B PR e AR LAk,
EHE H—Fh &SR A TR R R A
1.1 EARHRER
L11 "SR

AR T A FAUOT 1 IR LE A R 22 I 245 v 5] N 22 2]
) LA T A IR e 70, 55 4% G i FURFEAS [, ) A%
TEARLES VI 22 500 — Y m A8 IR A3 R AL A% 1) B
AR %o -4 HHARFAE By BN B po, 17

ylpo) = Y w(pi) - x(po+pi+Ap). (D)

pi€G

S () o N L I G M R LR (ST
BERLE (LA HL3 3 BRI, Ge (1, —1), (~1,0),
e (0,1), (L, 1) Vs ps BT o) 48 514 G o (SRR
SHC S 7 L 0 K G S RS T A, 75 DA
B o T R 45 9 AR MM SR o SR A A
ST FE 002 4 0 00 22 SR A 1 . R 1 S,
(s Ap, B B3I NI B BUR #4725

0 ampsm
== 3

i)

o I
BBy

1 "WERER

Zhu 75 Y, G0 RO SR Y AN I 2R, U

>) B PRRFE AT RE 2 52 BAH 6 A 5200, B 5N
WA F Am, (0 < Am; < 1),8

y(po) = Z w(pi) - x(po + pi + Api) - Am;. (2)
pi€G

DO JEE I 657 T LART TR () A R ), BE AT 80 R /s if
B S5 M A0, BRARAT B AR, IR LU/ T 4R
PAFHE R TERE I 2
112 BATRESLEH

ARG T (0 7 B, VR 4 AU Rt 70 A
BB G OLF B350 SO RN AE 5,
& M R S GD I R R R —. B I TR
AU LE [7] — AN R BE B A IR A 2 REE B U nT LA
DN L < S R N T= N D e
B IR BT DL AR AR I A A, T /S B A
TEIR/D 2 5 (1 R B B 7 AT R AR AL ) 2



% 2 # ¥ %k %

FRARS W& R LT 8 3 F 355

FRAE IR SRR @ TE R 2 L, FERHREAN 2
FAAER/N B (W1: 3x3 8 5%5).
1.1.3 REETEER

Howard 25200 Fi| F i 28 [0 2% 48 R Sy 30 H O i
F 4 MobileNetV3HEZLAE 532 . B bRkl 55 2 ME 55
RO T SRR, b SR PR B A
M2 ) “ RS A DIANTT . i A
FGLLR 44584

D) Ix VBRSSP 5] NS TR 5
&, SEEA AR AR R, i PUE R 1x 14
FRIEINARFAIE P (R 48 BE , £ T 58 2 R g i 7y [ B R4S
FE AT B AE WS R Pl I 1 x 1 SR AT BE 4, TR
I T [ £ T

2) SE#IE = /5. SE AL 1 X i Hu 2521
P, HAR A R SO B3 E A St AT
fith, DASE H6 B3 AT 554 FH RO ARFAE.

3) 3x3HNREE. IREEBUEHEA 1 X (G
SFEEAS ST AR, 8 & B E D TR
TURE.

4) Bk 2 TN ik 22 1 B IRAE ResNet!?) o g 4
HH, DR AR IR 25 X 285 31| ot 2 P efs 258 3 2 [l A

ShuffleNet!?*! ZE 5 Hi: BEAR 1 x 1 B AT DU iF
EIE A ) A, R HAE R E M SR T K&
THE, B 2 (A TR R A, R — e R R T
FRORE . R T, € RO HWi RoRBN, T, €
RCo>HoxWo o3t th, AL KN A Ix 1. bR
Fs B8N

Fs=1x1xC; x H, x W, x C,. 3)
BRI g, Mo HAER TR N
Fo=1x1x(C;/g) x Hy x Wy, x (Cy/g) X g. (4)

WHEIHEZW A FG/Fs = 1/g. 71 WL, &5t 5 4111

FALJT (rectified linear unit, ReLU) AE1% 2 > 3| £ B
) B AR B AL, G R 5 SR A B AN I

AN GG FRBEHFNRE SR E G, 1 — MR
BB, 12 A5 e 5 8% 3 f AR T ) S5 (7] 4n 1 2 i
. Fo b R B i Sk KR SO RS . e BRI 2 3L
G — 5B N 2, M IR RS, 5 AR S T A s itk &
J3—1k, (batch normalization, BN) £ ReLU, DLig 05 %
FEa N RN X R M6 B 3 2. 7 48 HH 12, BF 9 i
WP R H )4 Sigmoid F 26 11 J2 7E S I g 72 o IR %
A ok BRAR o 1) PE B T, BRI AR SCATS K FH ReLU ¥
T R

<1 B | 33 TR SEHR 11 B
» i » »
B A
> 45T <4

&2 EAiRmR
1.2 E{RMELEN
FIT 42 H ¥ CMINet I 2 5% FH ity 21 3 )1 25 1) 9 15
S AUE Ty AR ALY AL A ACI N E RN I 2 Seul [
ST AV 3 #2300 U S, A BT AU i 2 s
VTSt AR JE I A T AR B 431
SR FH R /N R R BB AE N, 322
FF LLUR T A RE: 1) 3 T B 4 #) ikl
7 B 5 LA E IR B ) 52 A B0 s PR A5 HE 7, B SR B =
FE EET TR R 2) XT38 X gE5R 1 I,
A Jm B E RSy EE S AU ER
AR 11371 Frde B R A S e DA R 5
L1 AR RS, g — N R E R g
Sy BRI e AR N 3 B, Horb, B R oR
AR ) 308 TE A0, AN [R] K/S BRRALE B 1) SR 2P KR 2 1)

GRS R L. 5380, R A A B9 5k N 3,

HGRUE IR R, Ix 1B EMEMEIELE  HRB%iIAR N3x3.

¥

v v

|r 'r *
3 16 16 24 4040 80 80 80 8080120 120 200 100 140 70 86 43 46
YT 2% iAo
wAEH s REBTW: [3.5]

A 4

IRA Ltk LoRpe A REER: [3,5.7] EE R —
B sigmoid —> @il

[ 3 CMNeti&EBIELRIELE



356 # % 5

xR ¥37%

GatD 230 o, TR 2R 1B NGB R RN 3 %3,
BRI E G, DLm s S B a2 F g et
FEE. 2~ FAM B FAW B A 1A
KANA3 x 3HIAT AR AR TR A A S S
T 8. T 5 R SRS R 36 3ok 2 31 mT AR T2 4 AR A 3R 1
€ ML, SR () R AE R 7). FEP KON 1L TN
Hly B E R — B LR IR A RBUS L S]N “ Bk
ZEWLIRE” 6 LA 1R S HUR ) A% B I AR R B O
B MR AN, A B G — B K g — 1 BN 2, Ik
ARG 35 TR T B R A2 16.

FRAE 28 350 70 R RE SR VR B R SIS B AT 8 24
FRAESE AN, 5 2 i 2 350 73 AN [, 1 L8R Sk (1 2 KA
PR FEN BN 1, I H ST 7 Bk M o,
T RE— 2B T G I gh S . AN, deid 2%
RRAIE 5 A AL 8 R AF 3 ok 3 1 2 0K 1) 5 AT R A
SEPURRAE S, 76 FEARAS B3R 1 R BB 3R A5 58
43 B R B G, R AE B4 5 X2k R 2 LR
JE 0 N4 B RN,

1.3 BENFTEEME

L5 R AIE P 2 18] SR FH 76 2R 20RE hn Bl 1 3 2%
BRI 5A T AN R], A SCHRE H — b B 3& AL 2 R
D7, B IS AR A B 2 57 SN [RIVRRAE /2 A E LG, G
Bl 4 PR, B R ARER BRI
FRAE ] E R A [ 0 R R A P 2. 52 m] R, AN [
A0 P P 2 35 P DX 3AN [, 2 P 4 ) 2 2 DR KL I (1)
PR, B 4(b) ZE£E T HLET N (field of view, FOV) il 5 15
HIT .

MES b BK Fy NS 8 TEL € {1,2,3,4 B
() A RE R L AT RERY B R 1< B ROy
i EER G — A N c(c = 1), a8 %
P SRFE U K B A R AE B 25 9% 232 B R N
BRAD. EEGBENNESHB,H T € 0,1 H
Zﬁl = L3R & MM MR E F, A

F,= ZUl (CL(F)) ® B, 5)

=1

Hrb B #14R1E 9 0.25, LRIl 25 E’Jﬁlﬁﬁgi

4 BENFHIEmME

1.4 Ilkﬁi;i%

BRI FAT 55388 K F A8 B AE 40 2K BR L
SR, AR P B I PR b i AR R AN AR R I LA
P AN, A8 AR HE DL 20 2] I R AE, AT
FRAR T HA R

Milletari %124 £ tH ) dice $ 2% bR B0AE 3E Fh A2 2
AT RAGE A b i i, FLAS B A PN MR AR TR
HBRE, E XN

Yii
Liice =1= Z RO (6)
H:g e [0,1) M1y € {0, 1} PR E e T ILE )
mz*ﬂﬁb&ﬁﬁ%ﬁ,Nﬁé 7€ EUR H AR =N S
96 R B, A U A dice 157 2K A ZHL A AT AR A B 4
A gh 5L, Bl
Lecombine = W * Lipce + (1 — w) + Laice- (7
Hr
Lyce = —% Z yilog(yi)+(1—y:) log(1—4;);  (8)
w AN [R5 2R (R AL BR] -, AR S S e P b ey L 1L
BHNOS.

2 EBREREHT
21 BIEE

SIS AR 3 A A JF 4 5 Bk 47 1) DRIVE £ 48
£, Z AU SR LA 40 I 73 HE R O 565 % 584 1 A,
Forp ) SR A A5 20 AH 555 2) CHASE_DB1 %45
£, 73 W52 N 999 %960, Z % Orlando 525 [#) 2 1%, ¥
CHASE_DBI1 #4558 X150 2 4> 1 5, I R 80 & i
8 1 P A%, 8 4% 20 i FH T 2L E WUt 3) HRF ks 48, 4t
A5 45 TR 23 $E 3R 3 504 %2 336 1 1%, R FE 2 2%
iR [25], BN ZRAI A o RT S E A IR, R
FF I3,
22 XWRE

S5 7 & 5 T PyTorch 4 FE 2% ST HE 4R, F4 Tic s
NVIDIA Tesla V100 GPU. 3K Adam 1t L %%, #1146
5 2)FN 1073 BUE N 0.000 5. 415 DRIVE £4
£, JL B /NGRS YR o0 il 150 B M 4R 500, 43 30 42
ARt B /NS VK S DA 2 1300, AT, YINZRB BER
I8 0 R B () 2 o) SR, S IR R R bR IE S 30 5
DI, 5 2] BN SR 1/10.



F2H

¥ A% ATRARSPMLOARELE Q35 F 357

KO T RE NS A S RE R R T R R B
Z FEB A A S5 AR F BE ALK PR | B
WLEAEFL ) FBEALEEE A 0 € [—180°,180°] 34/
s 1 2 PRV R B 1) R ORAE 2, N BUER K
W T 16 % 5%, K )L DRIVE. CHASE_DB1 #1HRF
HOHE G 1 50 HE R AR B T HE S 512512 960960
H11168x784. S5 A S 45 & £ GitHub ~F 5: https://
github.com/JACKYLUO1991/CMNet.
23 IHMHTERR

T S8 B BG4 %1 M B SR FH A & (accuracy)
R (sensitivity) FF 574 (specificity)s Fy 1557 (Fy)
F1 AUC (area under curve) f8 it 47 5 &, & XN

ivity — TP ©)

sensitivity = 75—
TN

ificity = ——— 10

specificity = (10)

~orp an
"7 2TP + FP + FN’
TP + TN

AUC = - (12)

TP +FN + FP + TN’

Forb: TP Jy IE# 70 0 B LA 5 TN O 1E 7 73 #1 1Y)
5 RGFN YRR 70 #1081 5L G FP Ok
P43 BN L B 5t 5. AUC 5€ XN ROC (receiver
operating characteristic) i1 £k T 15 ARl ] s 1) 1T AR,
A AT 1 1 R
24 FHEAHBHYHERIE

LA DRIVE 4l £ 451, 3 1 50k EE 552 596 3% W 16
ML 73 B 55 AL Bt 3 A B AR
24.1  wBUEXHERERIR I

T e R A A 17K BB Leombine 1E AN [FIALE LY
TRT B RE R FEE (WL AUC A1), R4 5 (8), 7
A E w = {0,0.3,0.5,0.7,1.0}. BHES AT A1, 24 Lajce
H Lo AL EAZE, Blw = 0.50F, AUC $8 b f i, i
IS I 2R RE % ST AT i 15 57 AN By A R b i A e 1.

0.984} 0.9840
0.983}
s 0.982
20
0.981f
0.9810
0.980 | ¥0.9802
0 02 04 06 08 1.0

B 5 AREHRKEHSE TR
242 AEBHITRHIHE
St CAR 3R 2 g B Oy stk AT e B LA, DAV A
JITHRE H B 1 38 BRI J2 A SR T A B RE R
i), 45 SR 402 1 jaR:

1) DR 58 055 B 04 H 7 M

2) R IFL SR B B 719 2 0

3) ST S 2 2 14077 307
*1 TERKEESENMERELR

X RME RRME RfRS BE AUC
1 0.8315 09782  0.8060 09651 09777
2 08214 09795 08054 09654 09786
3 08069 09818  0.8064 09662  0.9840

H 2 1Rl AL, B R R FR AR oh, A T A 7E B 1&
ERFAE Rl 7 V5 R B AR, kR g AR B, B
BT DU [ 3 N 2 5 R o AR T A
2.4.3 HREIE BT

SIS AR F AUC WA 6 b, 4 7T 25 26 B 8% e
38 A AR, VR A L ST R s e pl B B ) R A, 3
DA LE Ay 7 v ) 6 Pl S 6 X AR A &R 1wl AR
B+ B sh i A, 7 2. WA B R+ IR A
L thegh Ban & 6 Fros. —J7 1, A AR TR G e
A 52 2% 160 I TRGIR A8 A0, B S b ko 25 F) 4 i e
SOk AT @A, MR T AR ET 0.973 6, PERESE =y T
0.62 Yo; 53— 5 THI, TR A MR AUBLEL A 1V 5 IR B R
TE 38 RS2 B (1) [F] I 40 A4 1 I 5 40 1T, A3 T F8 sh A4
GEAHRVERESRTE 7 042%. RS RHk—BHRH T
AT AR A
0.990
0.985¢} 0.9840
0.9801
0.975¢}
0.970 1

0.965¢
0.960

AUC

Mk HEL HR2

&6 A EHRHRLEATEDRIVEHIRE AL
25 S5HMAEEE

SLESTE 2N AFFHARE 5 YT A RRER T
VEREAT LA X LU AL A0 45 U-Net!!% DeepVessell! !
M2UNet!!?!, CE-Net?!| ET-Net?”! fl DUNet!?®!. ¢ &
PR R (e I A A BB R 2 ~ R4 BT,

1) DRIVE ¥4 5. 32 0] W, AT 7 VL 7E b
FE R AT AUC 35 Ry dsc L, oAt 48 A7 BAIC. CE-
Net #2 th 2 Fp 52 2 5 3, 3@ T 5] A 73 T 45 #1 (dilated
convolution) 3 K& 57 B, 45 F| X B SL ML 4 3K,
1 R B b 1155 0.8309. 2R 1, 2 AUC AR T A
ST, RZ A WA MG R 7 R BB 2 G RE
7% #. DUNet % H B B 77 AL FR 504, % 5 50
NG FEHELLIX 4y, BARTE Fy PERE LR, v 0.8237,
{H2 HAE RGUSFIRe J PR FR bR B3R T RS0 .



358 # % 5

xR ¥37%

%= 2 DRIVEHUBE S EERILER

it R TR F 553 Ko AUC
U-Net 0.7849 0.9802 0.8175 0.9554 09761
DeepVessel 0.7603 — — 0.9523 -
M2UNet — — 0.809 1 0.9630 —
CE-Net 0.8309 — - 0.9545 0.9779
ET-Net — — - 0.9560 -
DUNet 0.796 3 0.9800 0.8237 0.9566 0.9802
AL 0.8069 0.9818 0.8064 0.966 4 0.9840

%3 CHASE_DBI #BUBE S EZE R

A RIPUE S Fy 135y bi1ia AUC
U-Net 0.7300 0.969 8 0.7792 0.9578 0.9784
DeepVessel 0.7130 — — 0.9489 —
M2UNet - — 0.8006 0.9703 0.966 6
DUNet 0.7630 0.9752 0.7883 0.9610 0.9804
AL 0.8416 0.9836 0.8097 0.9742 0.9879

Fz 4 HRFBUBEDIERLLER
i) RS S F 195y b AUC
U-Net 0.750 1 0.9880 0.7887 0.9695 0.9835
M2UNet — — 0.7814 0.9635 —
AL 0.8038 0.9848 0.8080 0.9708 0.9853

(c) U-NetZ:i %t

(d) M2UNet &5 3t

(e) AR

7 A EIERIER

L, X6 AR 20 PR H i 42 DRIVE, A SC 5 i g 8 3175
RIS R.

2) CHASE_DB1 % #& 5. % 3 o W, & T
DRIVE #5482, A3 J772:4F CHASE_DB1 $ ¥ 45 F 14
RESE IO ER, BT A FE AR fe . 45 SRR, K SEIR TS
(R HE BB T RN IR PR 26 A AR B T R 7
I 40T, % T o PR UG o R 3. B 74
T A A UG S R 3 B B /£ CHASE_DB1 (4
£ FITTRA2E IR, 41 (0 f8 28 [0 3R OR 75 B LUK R

I A DX 5. — 7 T, 00 A [R] 6 B 2% 1, it 7 32
R 35 o b 5o ML 6 AT 43 8 AR B T e R A vz AL R
735 75— T3 W1, A L7 VAR T HoAth J7 A8 1 1)
F 5 b SRSV, B B A R BT R 23 A0 D R of A
Rl K= SO B (= i I e K= S vk~ i) S iR
X B AR TR A AR A S E AT B T 1 H L

3) HRF £ 4 4. 76 M0 4 b, S0k 0 7 M 4
FrBE A% T U-Net 17 0.988 0(41 5 4). @ ik 43 41 o] A1, 1X
J2 HH T U-Net W 45 % H Rt Ab 3R E 4T B R AE, &



%2;5;] 7 /is—% S

WA RA R AL R IR A A B F) 359

%
BB AE 2 i A o R v L S5 15 R 2R, RN
N FETM A R TRF) E  A AUOG T IILAE R E RE
BR, A b RBUZ SRR AR T A STV,

R

/5
174

b

SRS

(a) DRIVE

AT, BT 7 VR RENE AR 4 1 X 73 AT SN
FRER, FINAE 2 A H g ERBL JUB A PERE. 148
2L T CMNet f R AEAN R Bt £ (173 H145

(b) CHASE DBI1

8 XM AFEHIFEBRH TSR

2.6 1RBIE

5538 F 7 130 B, AR SO v s K AR A E T ig
AT 0% 1, AN 5 B I AT 23 B U B A B S
I 2 7% 1 2500 TIAL B S TS A R RE ARY f 2 i
THE R AT LB T W DR SEE6 1) A P14, 7E 40
[F] ) 512 x 512 43 2 F0AH [F] 1) GPU B85 T % U-Net.
M2UNet FIA SRS JEAT I, 25 SR e 5 fow

®5 TRIEEMBELR

R &M 1H5 & (GFLOPs) iR /s
U-Net " 31.03 25.14 0.037
M2UNet "% 0.55 2.76 0.006
AL 0.47 11.3 0.03

M2UNet 1 g 24 Bif 1L 53 1 45080 A B 22 fe P
MR AL, 3 b AR SCBRE L 0.024 5. &0 43 #fr AT
0, BRI AR T A AR RE A B SR LA S5 M 1S B (R
F AR I T BT, 25 RR SR bR 2 (v] BAFI I 018 28
TR Bl B TR BY R ek 2D 32 AT I TRD) o F AR A A BE 1 R
3K, CMNet 5 45 HhAS T 7 B[R] 52 2% P 5 0 P8 2 T 1)
KA, BAT R PR B FH AT 5%

3 4 #®

B S5 A0 PO I L A 43 1 ) R, A SCHR T — AR
Ty BRI B e, B —FR A RSB I 5N
A AR B AR, T8 5 2] 5 2% 2 78 (L8 R AAE 1) [ B e 8
R 2 o e g B AR, B G RURRAE 2 R A AR
T B (12 2] 58 AN A SR A 2 34T BUE 43 T,

A R S TR 1) R e B S I8 SERR A A
BOAE 7 AT RE TR A RO, R AN, M HR R
5125121, 30 ms ¥ 51 PG A W7 B 18] A 1) 1 1l IR
PUEHE . 745 5 B AR Rde— P R B 42
280 T AHRLFE 73 BT S5 sz e, AT 75 20 AR A 73 %1

45

2 CHk (References)

[1] 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.

[2] Azzopardi G, Strisciuglio N, Vento M, et al. Trainable
COSFIRE filters for vessel delineation with application to
retinal images[J]. Medical Image Analysis, 2015, 19(1):
46-57.

[3] Singh N P, Srivastava R. Retinal blood vessels
segmentation by using Gumbel probability distribution
function based matched filter[J]. Computer Methods and
Programs in Biomedicine, 2016, 129: 40-50.

[4] Liu I, Sun Y. Recursive tracking of vascular networks in
angiograms based on the detection-deletion scheme[J].
IEEE Transactions on Medical Imaging, 1993, 12(2):
334-341.

[5] LamBSY,GaoY S, Liew A W C. General retinal vessel
segmentation using regularization-based multiconcavity
modeling[J]. IEEE Transactions on Medical Imaging,
2010, 29(7): 1369-1381.

[6] Zhao Y T, Rada L, Chen K, et al. Automated vessel
segmentation using infinite perimeter active contour



360 # % 5 Xk K #37%
model with hybrid region information with application Computer Vision and Pattern Recognition. Hawaii: IEEE,
to retinal images[J]. IEEE Transactions on Medical 2017: 1251-1258.

Imaging, 2015, 34(9): 1797-1807. [19] Tan M X, Le Q V. MixNet: Mixed depthwise

[71 Aslani S, Sarnel H. A new supervised retinal vessel convolutional kernels[EB/OL].(2019-12-01) [2020-07-03].
segmentation method based on robust hybrid features[J]. https://arxiv.org/abs/1907.09595.

Biomedical Signal Processing and Control, 2016, 30: [20] Howard A, Sandler M, Chen B. Searching for
1-12. mobileNetV3[C]. IEEE International Conference on

[8] Marin D, Aquino A, Gegindez-Arias M E, et al. A Computer Vision. Seoul: IEEE, 2019: 1314-1324.
new supervised method for blood vessel segmentation [21] Hu J, Shen L, Albanie S. Squeeze-and-excitation
in retinal images by using gray-level and moment networks[C]. IEEE Conference on Computer Vision
invariants-based features[J]. IEEE Transactions on and Pattern Recognition. Salt Lake City: IEEE, 2018:
Medical Imaging, 2010, 30(1): 146-158. 7132-7141.

[9] Wang X Y, Chen D L, Luo L. Retinal blood vessels [22] He KM, Zhang X Y,Ren S Q, et al. Deep residual learning
segmentation based on multi-classifier fusion[C]. 2018 for image recognition[C]. IEEE Conference on Computer
Chinese Control and Decision Conference. Shenyang: Vision and Pattern Recognition. Las Vegas: IEEE, 2016:
IEEE, 2018: 3542-3546. 770-778.

[10] Ronneberger O, Fischer P, Brox T. U-net: Convolutional [23] Zhang X Y, Zhou X Y, Lin M X, et al. ShuffieNet:
networks for biomedical image segmentation[C]. An extremely efficient convolutional neural network for
International Conference on Medical Image Computing mobile devices[C]. IEEE Conference on Computer Vision
and Computer-assisted Intervention. Munich: Springer, and Pattern Recognition. Salt Lake City: IEEE, 2018:
2015: 234-241. 6848-6856.

[11] Fu HZ, Xu Y W, Lin S, et al. Deepvessel: Retinal [24] Milletari F, Navab N, Ahmadi S A. V-net: Fully
vessel segmentation via deep learning and conditional convolutional neural networks for volumetric medical
random field[C]. International Conference on Medical image segmentation[C]. International Conference on 3D
Image Computing and Computer-assisted Intervention. Vision. San Francisco: IEEE, 2016: 565-571.

Athens: Springer, 2016: 132-139. [25] Orlando J I, Prokofyeva E, Blaschko M B. A

[12] Laibacher T, Weyde T, Jalali S. M2U-net: Effective discriminatively trained fully connected conditional
and efficient retinal vessel segmentation for real-world random field model for blood vessel segmentation in
applications[C]. IEEE Conference on Computer Vision fundus images[J]. IEEE Transactions on Biomedical
and Pattern Recognition Workshops. Long Beach: IEEE, Engineering, 2017, 64(1): 16-27.

2019: 115-124. [26] Gu Z W, Cheng J, Fu H Z, et al. CE-net: Context

[13] Sandler M, Howard A, Zhu M L, et al. MobileNetV2: encoder network for 2d medical image segmentation[J].
Inverted residuals and linear bottlenecks[C]. IEEE IEEE Transactions on Medical Imaging, 2019, 38(10):
Conference on Computer Vision and Pattern Recognition. 2281-2292.

Salt Lake City: IEEE, 2018: 4510-4520. [27] Zhang Z J, Fu H Z, Dai H, et al. ET-net: A generic

[14] ZhangS,FuH, YanY, et al. Attention guided network for edge-attention guidance network for medical image
retinal image segmentation[C]. International Conference segmentation[C]. International Conference on Medical
on Medical Image Computing and Computer-Assisted Image Computing and Computer Assisted Intervention.
Intervention. Shenzhen: Springer, 2019: 797-805. Shenzhen: Springer, 2019: 442-450.

[15] Li L Z, Verma M, Nakashima Y, et al. Iternet: Retinal [28] Jin Q G, Meng Z P, Pham T D, et al. DUNet: A
image segmentation utilizing structural redundancy deformable network for retinal vessel segmentation[J].
in vessel networks[C]. IEEE Winter Conference on Knowledge-Based Systems, 2019, 178: 149-162.
Applications of Computer Vision. Colorado: IEEE, 2020:

3656-3665. fEE &

[16] Dai J F, Qi H Z, Xiong Y W, et al. Deformable Buz (1991-), 5, it NFAR RS S5 ET 485
convolutional  networks[C]. IEEE  International HTEEWFJT, E-mail: lingluo @stumail.neu.edu.cn;

Conference on Computer Vision. Venice: IEEE, 2017: BB T (1963—), B, #d=, W4T, WFoEH
764-773. P PR SR S T, B-mail: xuedingyu@mail.neu.

[17] Zhu X Z, Hu H, Lin S, et al. Deformable ConvNets V2: edu.cn;

More deformable, better results[C]. IEEE Conference on TN (1991—), 5, 4, T A ZE 005 R 05
g;;%ﬁg;;jg?gg?;g;ﬁnem Recognition. Long Beach: 8 4T, E-mail: fengxinglong @vip.163.com.

[18] Chollet F. Xception: Deep learning with depthwise

separable convolutions[C]. IEEE Conference on

(TR FRRE)



