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Liver segmentation method based on improved U-Net
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1. School of Information Engineering, Southwest University of Science and Technology, Mianyang 621000, China; 2. Robot
Technology Used for Special Environment Key Laboratory of Sichuan Province, Mianyang 621000, China

Abstract: In order to solve the problem of low precision in existing methods for liver segmentation, a liver segmentation
method based on improved U-Net is proposed. U-Net structure is improved by introducing improved residual block and
redesigning skip connection, and then mixed loss function is adopted to enhance the utilization of feature information and
reduce the semantic differences between encoder and decoder, thereby alleviating class imbalance problem and speeding up
network convergence. The experimental results on Liver Tumor Segmentation (LITS), a common data set provided by
CodaLab, showed that the Dice similarity coefficient, sensitivity and intersection over union achieved by the proposed
method were 93.69%, 94.87% and 87.49%, respectively. Compared with other segmentation methods, such as U-Net and
Attention U-Net, the proposed method can obtain a more accurate result in liver segmentation and has better segmentation
performance.

Keywords: liver segmentation; U-Net; residual block; skip connection; mixed loss function

—r

=] H S N R PR R 152 (B R 250 S A, 43
ROR AN ERARD PR IHGR R — v 80 A ) JHF B X
3 F1 B0 53 F 5 TR TS 0 B2 R S A R T A
HEEME X AR, BEA TR S R R R,
F 3y 43 H L 8 B2 2 G4 H T U T AR R
SCHRL6 92t —Fh A AR 2 I 2% 3% )5 ] LA 2
AT 38 /I 1 i AP T AS 8 SR 1T 2 P A5 Rt
MG EAT TRIRE i RUSE sl 1 B Al AR 3 i e
. S ) T A2 A At AT SRS AR TR 5 {ELE A3 45 SRR
(= B HE]2021-01-18
(ESTE M5 [ AR S (1472007 P RHE AR g DR AT, XS PR P B AR AN BT . SR8 14 i —
A4 (20yex0056) AR ) 2 U-Net 45 BUR 2% FMR T EIRORL i 45 th
AR SEARbS B0 BFI )T B R0 MU0 B et e o o oy o 36 1 397 6 24 1 FF B K
(i%%ﬂi%‘]r);a;/l:;;;fgi%ﬁffz(g?;%}fﬁ:%ﬁﬁfﬁ‘%ﬂiiﬂ\m%ﬁi 1 % (Skip Connection ) ¥ 2 5 s 5 fiff 55 4% () - AIE 1]
>, E-mail: 7467644@qq.com HEATRLG 75 U-Net ZE45 25 O L T i 5 {HLik

il

PR 2 [ 5 o 1 2 B o AR 0 B 8 — A B 2808
TR, FLOr R 45 R AR R PO 12 W A S IR T
FIRT, 5 B2 2 R o 8536 0 A N T8 2 B 3
P RIS B RN W IR N € N D NER
R IR T R A ) 2 B AR 28 A 32 ET Y
RIS RS IR ESBOR O, MR [ 8oy




- 572 - rhE R AR AR AR

538 %:

JENREAT 0 o B G b 2 AL E R R Sk
[10] 2 i — B I B 5% 2% U-Net (ResUnet) , &
ResNet [ £ 14 5% 22 S LA U-Net H (1% 35 38 45 PR
A 1, 12 0 48 B R AU AT DA & 0 0 8OR I B
B S 80m & U-Net i 1747 USRS T R4 1k
e, (A Ay A BRERE #2175 — B Fu o R HUE]
R E A R . SCER[12 42 T I T BEI7 52 1R
53 A UNet++ 0 28 B3R | 25 R0 38 38 5 A ik 25 Fl
LB ERE Bt — 20 i T BRERE 4% , B 95 U-Net Hh
1 2l Bk BR i 4 AR 1 B A A RURR AR
() Rl Dl 2D s B 2 R i B 25 22 8] 7
XS HX TR RN Z
RO SRR R fE B FEXT iR
JH W 5330 05 ¥ R AE TR 1 0 RS BE AR

DA R A 4 B 0 45 J2 56 )L, AR S g

FE T Ik U-Net 9 IR 23 #1054 , F)

: N ml:l =2 Conv 3 x3,ReLU
” I = Copy and crop
D'D‘Q] — [
1 U-Nett%#
Fig.1 U-Net model

l max pool 2 X2
I up-conv 2X 2

= conv 1x1

'
()

[ 53 Com ]
0

i ) C ':b 9(a)Residual block
FH ResNet [ 2% 11 5% 2 151 B [ 38 KA i BRI R =
VLT Jy e TP (R 5 98 3 3 l
DLV /0 G i 2 A A 22 [6) ) o S 22 l
5t S IR FIROR o 3(a)Residual block Cl\k M| 7(2)Residual block
a)nesiaual ocC J
1 U-Net#&8I & H g i l
1.1 U-Net#8Y 4(a)Residual block £t C[\‘ 6(a)Residual block
U-Net 5 — 7 28 8t 1) 15 0 % ™) s Max pool 2¢2
%,Em%%ﬁﬂﬂﬂ@l@?ﬂ?o ﬁm%% ——>  Respath

P 2R i (Z20N)) RN 2 CH D)) 79 35
SR, Hor, dmAs A T AR E T S
5 R T RSB 0 L, Hiz
L8 E XS R 12 9 45 0 P Bk R 10
i 2% 5 A A8 R E AT RS
V5 2 D 2 1 AR I BT A% 3 B A A 2% L A B T i A
PR A B, i F5 U-Net 7845 2 & (7 L 5 Jin v
o AER Bk BRI 2 O B 4% 5 i i 2 I R IE AR S
FfF A A% , AUBRERE 0t T — i AR 2 R
JE PR BUFIE R 015 B . FF ZMNS RS
FRUZ I A 3x3 145 B 1, 45 B Z ] A R AE —
SR H— K AN FB R Z R G Z B R I RE
() 1 28 PRI , AN BERS 8 4 3510 PRI b JHE R 7 7
FH B, I 25 ) JHE I 23 0 A 8CR
1.2 B3 HY U-Net 45

BEXF LA R B, 52 U-Net 454 Fak 28 8 %,
A SR —Fh DL U-Net M HEZR 5] A B0 iy 5% 22 15
Yo, IF HE BT Bk R 3% 422 0 B DE 43 1 I %, sl 2
JI7R o

5(a)Residual block

@ Concatenation Operation

2 ARICIR AR U-Net 152!
Fig.2 Improved U-Net model proposed in the study

Horp B 1~9 R el ik 5% 22 85838 [ (a) Residual
block |, H:r1 Respath f& FHT e 1T BBk BRE 122 , 52004
i Sk F R T ORAE, B ACR XS AN [7] )2 1 el i 3% 22 5
ek R IE 2853 Respath BRERIEFEHA TR G . AR
FH T PR g% 22 A8k, 4300 v FH 35 4 U-Net (19 45 1
2, VAR T B R E 2 . AH LE U-Net, 4 SCHGH Y U-
Net A7 5 GR 11 P 25 0 4%, 1) FH 7 25 A B A 33 45
BUZ I H BB T 7 BERE R, v] LU 55
2RIk R R, B IR 22 19 B R R, 45 = RRAE A
FH 05 0 T Y HORE DG 2R 5 LA, 78 A~ 43 H B A
SR TR A 400 2% pRBOKR 22 fif 25 1A 0] R HL
PRDR LGS, T LA — 20 4 15 D9 28 11 o 1380
121 BtpgsR E B AR SUEY% T ResNet H15k 2245
Pemy e, it TR R 22 B B A — bk



5 TG, . TR U-Net B IFIE 235107 1%

- 573 -

PR 228 [ (a)Residual block | /%% U-Net 145
)2, (a)Residual block 5% 22 BBt 2 H T &1 2 71 1~9
BYER 22 g Ay i E 3a B o

h
Batch Norm.& Relu

Conv2d(3x3)

k4

li Baich Nomn.& Relu
Comv2d(3:3)
o Bafch Nom. & Relu o
2 Conv2d(3x3) §J
5 = v
= = Batch Norm & Relu
Conv2d(3x3)

Comv2d(1x1)

(a) Residual block (b) Residual block
3 BUHRIREER
Fig.3 Improved residual block

(a)Residual block 5k 22 b 245 1 4> 3x3
1) & FLUZ FT A 11 59 45 BRI & )9 — 1k (Batch
Normalization, BN) 2" 1 1& 1E 26 14 B4 JC (Rectified
Linear Unit, ReLU) #4315 2", H#E47 T — I FRAE il
HEAES —REEARINERAE . X T Hi A (a) Residual
block 5% 22 I A FRAE (8], 76 B 280 — IR 3%3 AR 4

YEJG BT = A AR L 5 280 55 1R 3x3 B BAE
J& PRHOE AT Rl G T8 BUBT B RRIE L, PR 280t 1x1 4
FRERAE 5 5 i IR BA B A AR 1B 220 1< B B A7
EelE e PR RRAE AR — Ak e et
[ 5 —APle it i 5 2 A [ (b) Residual block 18R
U-Net 19 B33, Q0 F 3b /R . 158 25 R b 3 54,
T DS IERZ, —A Ix1 BBV R0 —
102 FE IE Mk BTS2, IR AT — UORRAE AR
Bk

1.2.2 Bt U-Net BIBRERZERE A4 H Respath #4114
(4 ROBEVE R BRERIE 32, & 4 s . T4 JBR T 56
77~ (a)Residual block 5% 2= AT ARHERI RS AK . B
rh >k B AH IR R EESE 31~ (a) Residual block 5% 221 il
HIRIE IR 8 X155 19> (a) Residual block 5% 22 15 B F1
27~ (a)Residual block 5 2= 15 ey H A RFIE L 4 74N )
JUBEE R SRAEERAE PR UE T SR S5 RRAE 1 8 RS RS
31~(a)Residual block #% 22 H AR E I R/ N—FF 5
[F]HA X5 54 (a) Residual block FEZEHEERFIES 6 1~(a)
Residual block 5% 2= BEHL H A RRAE L EA T AN [R] RUBE 1)
ORFRERAE, R EORAEEIR IURRIEE R RS FIES 37~ (2)
Residual block 7% 22 B HC i H A AFAE B /N4 5 i
JriiE 1 (b) Residual block 5% 2= A5 H 45 21| 19 RFAE B E1 7
flvE Al E 5 B AYAFIE S 55 74> (b) Residual block
BRI

1(a)Residnal block

maxpooling (4 )

|

2(a)Residual block

(b)Residual block

maxpooling (2 )

l

3(a)Residual block

(b)Residual block

|

| (b)Residual block

C:

7(a)Residual block

bilinear upsample(2)
(b)Residual block

4(a)Residual block

6(a)Residual block

l

5(a)Residual block

1.3 BEMEREE

7632 X (Binary Cross Entropy, BCE ) i 2% bR

bilinear upsample(4)

(b)Residual block

4 i U-Net BIBLETE
Fig.4 Skip connection of the improved U-Net

BRI R h B T B R, JEA ST

1 N
Lyce = -NZ(&- In(p)+(1-g) In(l-p))(1)




- 574 -

2L U

rhEl@%%IE%/me

538 %

A, g MR R A E S, p, AR ZR A

) T 45 SR o

BCE i K eREUZ B AR R 1Y, Z BB IbR 2, 8 3
XF o3BG R AT AR R ST AL, v A B T 45 2K oRi
i s, i BCE i 2% sR B AT A0 AL, BR S AR
b 5 AS 2 1) T R N7 P A SR AT 1A%, A R i 2R
D) £ 7 S 1) A% 1 2ok B RS BE AR iy ), (HUE B2
2 G g 200 AN Y £ (class imbalance) 119 7]
B, I RBONGSEBRREZME TS X TED
AR AR M2 > B AR | DA T ARG 90 28 14 A 50k o

Dice FfMl 5% (Dice Similarity Coefficient, DSC) i
R R IR — T UGS RIS pR s, AT

2 Zg,-p,»

N

Zglz + iplz
i=1

i=1
DSC i 2% pR £4 RE 08 1 55 25 il A - 17 0] &8 1) 52

M), L 000 485 R 32 e T LS A A o {H R I 4

HA B R R T R, 23 S B0 H AR 00 R AR

a: JEERATAE CT E&

AR Z, DT (75 D90 2 118 D e ol P AR 15 TR

R T i R 2 S AN ST AR )5 Ve R I 248 A I [ A%
T R R JRE T R A TR, I i be o 28 ST B4, S BT IE
IR B 43 1) AR SCRR 3 B3R IS0 2 pR B ) R 0, 4
H—FEA R R, AT

L=(1-08)Ly. + 0Ly (3)
Ao, o WA -, FH TR T R R ek BT S
I,

284 R

2.1 EWHIESE

AR T CodaLab 41 21 H2 {1 i 28 L 45 4k
LITS(Liver Tumor Segmentation) #F1 73256 , 1Z 854
AL F 13145955 A A% L3S S i 3R T Bl A i
CT & V) i M 28 31 312 AN 45, e 4445 2] G it
19 211 5K K/NR 512x512 (R R, FE 3 RE 8:1: 1 [ L
18] 53 ) K 0] 43 S DI R B 90k A R AR o A S
543 S 6 B 4 AN ] Sa AL b IR

b: BFBE S B 45
El5 SRR HHEERG

Fig.5 Samples from experimental data set

2.2 KIGEMIERR

AT S BN I ) G B 25 SR AT O PN, A
SCAEFH G 53 508 AR I BB R A Xt o3 1557k 1
TTVEHY , BI DSC | #8UE E (Sensitivity, SEN) 132 I kb
(Intersection Over Union, IOU) . H i+ 5 75 =L =
(4)~=(6) iR

2[NSI N GT

DSC=7‘ nar| (4)
INSI|+|GT]|
NSI N GT

SEN:w (5)
|GT|
NSI N GT

[Ouzw (6)

INSI U GT|



5 LM, 4. TRl U-Net (4 IR 55007 1% - 575 -

Herp NSTHTGT 4351 37 W 26 43 1 EGRN & Zbn 4
14 DSC & HIe A i P 45 2R 5 LS A5 B 2 [a] (AR L
FREEE , U RS S48 IE 0 M9 o IEAEAS B S T A
IEFEA Y H ] A i 1 e X IERE A iU e
10U JE46 15 B A I Z5 R 5 H R R s 5 ENZ
[ AR b . ARSI R FE bR 2R BTN I 2
FIEER EATR(EBOR RR 4r R RSCR UGS
23 XNBMERSHIEE

AR SCHCHE ) U-Net 4351 X 28 15570 I % 4 1% PR 35
A PyCharm , & TR i 2% >J HE 22 Pytorch 1.2.0, K H
Adam AT X SEG T S E O E R
BRIME , Ho )46 2% 21 23520 0.000 3, BCE RN
0.000 1,batch size & & M 1.,
2.3.1 WEREFHIEE A A BCE #il DSC IR
AR SR, R R R AR R o SRR T
PRI B o OB A0 1, 43515 624 0.0.3.0.5.0.7.,
1.0, SR J5 % Btk () X 28 EA TN 2 o B S % A L 14 DF
Mg brAs L EA T T AL, W&l 6 B .

92

—e— DsC
901 —a— SEN
—a— U

0.0 02 0.4 06 038 10
9
6 TR ERE T x4 U-Net A1 REF MM

Fig.6 Effects of different weight factors on the performance

FRAE /%

BRIEEL:

of improved U-Net

ME 6 FTLIE Y, 24 o150 0 B, L DSC 2k b
0,24 0% R LI, H8FH BCE S %l 3 xR
A3 FLAEAE 0=0.3 iA % K(H , % T BCE AIDSC i
BRI AT RO, I, SR A RO T
shfo PRI B o BB R 0.3 J5 R4 T 5 P S 5
2.3.2 &R HERE  INZRE (epoch) Y EEERT T
FERE 2 E A 25 R AR R . RN Rk EOR D, &
Gy IR PLE s iR BGL 2, 45 5 It LA
P 7 R T AR 2ot B2 R et A U-Net 928 731 24
) DSC.I0U S5l B R . IWEIH AT LA H
2611 DSC 10U Rifi 45 Y 2Ry B s s n , 4l 2
BOE 100 Z2 471, YIZREER DSC IOU #a ThasE . I,
ARSI I 2R B R 100,

1.00

0.98 -

0.96 4
.94 4
R

N — 10U
= 0.921 — DSC

0.90+
0.88 1

0.86

40 50 60 70 80 90 100
epOCh
&7 Bt U-Net 893)I125 DSC 110U fhk

Fig.7 Epoch—dependent DSC and IOU curves of improved U-Net

0 10 20 30

24 KGR

KT B EAR SC 5 VR IR A B BAT AR 4
K BUA 1Y U-Net * Fl ResUnet "' Jy 1k 5 A SC )7 i it
FEXTEEACE b3 2 () ad R AR SO ik g )l
SR R A AR, 3 B I 2% 43 45 SR i n] AR E] 8
Jim o BRI SS — 3 i AR (%) R R I E CT %,
5 HE SR e, B =3 U-Net - B9 25 5%, 55 1Y
G J& ResUnet 73 EI1 45 5% | 575 T S FHAS SCRT 42 H 1)
DX 26 o) JHF 2 B 1 25 5K . AIET 8 AT L Y, ResUnet
AH LT U-Net 1953 BIBCR A — 5 T (H 0 2 H 9
W T S5 DX T Ay U DX 3, K O X 3 0 A 7
s, B BIE5 R A S bR A B . A AR
ST, U-Net A FIIHIER 2808 B B R Z M Y
FEAE— B HBE R — Ik A FEZ B Z KR
BERFAE A 26 LA AIG , B2 4R ResUnet A FH T 5% 22 45
P A Bk ERE 2 T — A (RG22 RO FRAE
LU 7> G Bl 4 R0 g A 25 22 0] 1 L 25 57, e 2P Ik
G RIRORAE LT o AR LG H AR Ty 1, AR SOl e A
B DX 3 JFF I DX 3l R T 5 DXk, 7 e JEL A B3 1) 2
3R G B T R, DT S 30056 U 18 0 8 0 1
ARSIy B IR A2 R 2%, R AR 25 B R R
Wi B2 I HE BT T BkBRE 2, o7 DU Ui
A FRZ IR A In) 8, 5 O 22 0 [ E SRR £
e R IR B R R 6 RIS 3 T AR O &, DT AT LA
P — AR 7 I 4% 14 0 SRR

SR TSI X 3 A vk 1) JH I 3 I
G500, 45 3 Fh 7 i or B 45 SR 26 T DSC L SEN
FIOU A B &, an il 9 i o ANIET 9 AT LU M, #HER
F* U-Net Fl ResUnet, 4~ 3 J5 7% i) DSC . SEN #l IOU
FEAR G b U 5 BT U A B B A X A
BB O 1) - D B . AR SC T ) DSCL SEN Al
10U AR #R4 T U-Net fil ResUnet, Hi Al L, 4 3C
J7 L BAT AT 1z A BE 7 RN A AR 1

KT BAEAR SO 2 1 4 FIE RE AR SCEH U-Net.,
U-Net+BN (i F#t & /13— fk ) U-Net) . ResUnet F



- 576 - e E §38%
Label U-Net ResUnet ARICTr i
8 TRIEZEMIEDEIERE
Fig.8 Liver segmentation results obtained by different algorithms
941
961
L == s8] T
924 % 941 ; T
o o 861
S % £ 92 g
% 90 z 2
88 | .
88 ] 82|
861 861
£ 301
U-Net ResUnet A7k U-Net ResUnet )71k U-Net ResUnet R
a:DSC b:SEN c: 10U

B9 FRIEERITNIERERE

Fig.9 Evaluation index box diagram of different algorithms

Attention U-Net 522 X H' R IR T AL ES
HoAth 43 #0 Jr e Ae A AT Xt i &5 25 i LU
AR SCHR HR 0% JDE 43 51 R 25 A5 RL Y DSC L SEN FI
10U 43 53K 8 T 93.69% ,94.87% #187.49%., U-Net,
U-Net+BN . ResUnet 73 %l 28 J 19 25 501 ¥F- 4/ 45 Fr ZR A%
TSNS PEM e bR, A 75 U-Net J ik
AH A B4 T 5.61% . 7.04% . 3.91%, 4R Attention
U-Net 73 #4845 IOU A SCT5 v 55 0.16% , {H H A 45
FRABS A SO o SLBR 25 I AR SO L B
TR A i A ) Ay R RE

4k

=A

AR SCEE XS BUA IR 708 75 1 A7 78 B0 73 RS B 45
A TR]R, 388 H —Fh ki U-Net B9 20175150 %0512
XF U-Net #EATEHE , 15651 ASEE AR 25885 R 24
HEAY IR 25 BT T U-Net /25 15 )2 19 45 B2 FBEER

3 i

#z1 TEIEERMEEITEE (%)

Tab.1 Performance comparison among different algorithms (%)

Bk DSC SEN 10U
U-Net 88.08 87.83 83.58
U-Net+BN 89.54 89.75 84.85
ResUnet 90.49 91.56 84.78
Attention U-Net 91.52 92.61 87.65
AR5 93.69 94.87 87.49

Tz SR 5 ORI T B BRE 42 5 I R HIR A Pk R
B SCGEE SR TR /I LG b AR SO VA BE
il A kb, 8 P IR DX 3R e e HG At B8 19 3k 3 1 AN
IR Gy ) @, BA B U (A9 AL BE 1 N i As i e
NI s N S SRR G e =P B e P 3 7 B
25 )22 I 24 Pt B B SRR AR A S, el 2D s B 25 R A i %
Z BRI 25 5 A 5 A EL , #F DSC L SEN Fil
10U S5 1PN FR AR AR A R 4t o R W] T A SC etk



5 TG, . TR U-Net B IFIE 235107 1%

- 577 -

15 U-Net [# 25 7314 RE BN RLAF, 2B PR Fr) o6 1
oyl AELUR B AR, 2 hnsixt CT 45 B2 K 4 oy
IS, b 20T I A e 1) R 0 87 1

(&% k]

[1] ANWAR S M, MAJID M, QAYYUM A, et al. Medical image analysis
using convolutional neural networks: a review[J]. J Med Syst, 2018,
42(11): 226.

[2] MHARIB A M, RAMLI A R, MASHOHOR S, et al. Survey on liver
CT image segmentation methods[ J]. Artif Intell Rev, 2012, 37(2): 83-
9s.

[3] ZHAO F, XIE X. An overview of interactive medical image
segmentation[ J ]. Ann BMVA, 2013(7): 1-22.

[4] DU G, CAO X, LIANG J, et al. Medical image segmentation based
on u-net: a review[J ]. J Imaging Sci Techn, 2020, 64(2): 20508-1-
20508-12.

[5] HESAMIAN M H, JIA W, HE X, et al. Deep learning techniques for
medical image segmentation: achievements and challenges[J ]. J Digit
Imaging, 2019, 32(4): 582-596.

[6] LONG J, SHELHAMER E, DARRELL T. Fully convolutional
networks for semantic segmentation[ C ]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition (CVPR).
Piscataway: IEEE Press, 2015: 3431-3440.

(7] awk, SR454%, 5 8 3 AR I8 CT BALRE 5 3 53 7 ik gk
[J]. + BB % B3R, 2020, 25(10): 2024-2046.

MAJL, DENGY Y, MA Z P. R eview of deep learning segmentation
methods for CT images of liver tumors[J]. Journal of Image and
Graphics, 2020, 25(10): 2024-2046.

[8] RONNEBERGER O, FISCHER P, BROX T. U-Net: convolutional
networks for biomedical image segmentation [ C]//International
Conference on Medical Image Computing and Computer-assisted
Intervention. Cham: Springer, 2015: 234-241.

(9] Zm, iftaktn, &7 — Ak T At 69 BARAY 2 M % 42 B U8
23 beg m A LT] ok 5k dF F it &, 2020, 57(14): 1-15.

MA Q P, XUE L B, PENG L. An application of an improved
convolutional neural network in medical image segmentation [1].

Laser & Optoelectronics Progress, 2020, 57(14): 1-15.

[10] ZHANG Z X, LIU Q J, WANG Y H. Road extraction by deep residual
u-net[ J]. IEEE Geosci Remote S, 2018, 15(5): 749-753.

[11] HE K M, ZHANG X Y, REN S Q, et al. Deep residual learning for
image recognition [ C ]/IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Piscataway: IEEE Press, 2016: 770-778.

[12] ZHOU Z W, SIDDIQUEE M M, TAJBAKHSH N, et al. UNet++: a
nested U-Net architecture for medical image segmentation[ C ]/Deep
Learning in Medical Image Anylysis and Multimodal Learning for
Clinical Decision. Cham: Springer, 2018: 3-11.

[13] KHANH T L, DAO D P, HO N H, et al. Enhancing U-Net with spatial-
channel attention gate for abnormal tissue segmentation in medical
imaging[ J]. Appl Sci, 2020, 10(17): 5729.

[14] 5P 24, 3049, 04748 . Pt U-Net M 4509 25 35 431 77 ik [ 1], 31
AT A2L 8 R, 2020, 56(17): 203-209.

ZHONG S H, GUO X M, ZHENG Y N. Improved U-Net Network
for lung nodule segmentation [J]. Computer Engineering and
Applications, 2020, 56(17): 203-209.

[15] IOFFE S, SZEGEDY C. Batch normalization: accelerating deep
network training by reducing internal covariate shift[ C |//Proceedings
of the 32nd International Conference on International Conference on
Machine Learning. Cham: Springer, 2015: 448-456.

[16] GLOROT X, BORDES A, BENGIO Y. Deep sparse rectifier neural
networks[ C ]//Proceedings of the 14th International Conference on
Artificial Intelligence and Statistics. Brookline: PMLR, 2011: 315-
323.

[17] BOER P T, KROESE D P, MANNOR S, et al. A tutorial on the cross-
entropy method[ J]. Ann Oper Res, 2005, 134(1): 19-67.

[18] MILLETARI F, NAVAB N, AHMADI S A. V-Net: fully convolutional
neural networks for volumetric medical image segmentation[C 1//the
Fourth International Conference on 3D Vision (3DV). Piscataway:
IEEE Press, 2016: 565-571.

[19] PANG S, DU A, ORGUN M A, et al. CTumorGAN: a unified
framework for automatic computed tomography tumor segmentation
[J]. Eur J Nucl Med Mol Imaging, 2020, 47(10): 2248-2268.

[20] OKTAY O, SCHLEMPER J, FOLGOC L L, et al. Attention U-Net:
Learning where to look for the pancreas[J]. arXiv: Computer Vision
and Pattern Recognition, 2018, arXiv: 1804-03999.

CENI TS



