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Abstract

Deep learning technology has been widely used in the segmentation task of liver and tumor. How-

SCEF| M B, SEIETE. FET 2.5D WA R DA IS o 2 BI0]. LR SR, 2022, 12(1):
199-210. DOI: 10.12677/csa.2022.121021


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.121021
https://doi.org/10.12677/csa.2022.121021
http://www.hanspub.org

FRE, HEE

ever, the existing 3D network models mostly ignore the problem of large pixel distances across
medical images, and it is difficult to learn accurate three-dimensional spatial information directly
using 3D convolution operations. In addition, the highly variable shape and size of tumors make
segmenting tumors more challenging. Aiming at the first problem, this paper proposes an im-
proved 2.5D ResNet34 to encode liver and tumor features, and improve the modeling ability to
model three-dimensional spatial information. At the same time, the DSC loss function is utilized to
improve the modeling ability to segment the overall structure. In response to the second problem,
this paper proposes a scale attention awareness module, which can effectively integrate low-level
context information and high-level regional semantic information by modeling local and global
three-dimensional spatial information under different scale features, thereby achieving accurate
segmentation of liver and tumor. The proposed method tested the performance on the Liver Tu-
mor Segmentation (LiTS) dataset. The DSC of liver segmentation was 96.4%, and the DSC of tumor
segmentation was 72.3%. Moreover, compared with the methods in the past three years, the pro-
posed method performs best in liver and tumor segmentation.
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1. 5|8

JHEFE R A AN AR A i BT 7 B B SS E, Ha tH I  LBRE 2 — o ARt S AR H SR A )
BTEAR SR, FERSA RERR AR HEER ML 1]. fEES b, THa w25 B
LTS Z 93 (Computed Tomography, CT)JEREA 2 MESL M Z HER, 25 BB FHEE T T
B ek Ay AR EOR AL X, DR — Bl G T ik RI[2). B2, FLERETF LHSKR A E
LR B B A X R AR RE R 1), IR B AR B EE, A A, Fik, RS MR e E s E
FOR B 41— AR

1E CT B, IS B B 8w AL S L EAERAR, I CT ES). S8 EI IS g
e —UEHER BA BTSSR EAE L, MR B A TR K /N e BE AR e, R, R
I3 EIREIN Ay — TUSE BB A 55

AR, REES I HOR O 2 N AR R B o FE S, Bk 22 1w 7238 76 I 5 kg 43
FUES R TIREERE I JTE(3] [4] [5]. BET, Ak RS e o 07K 2 R T e B AR 4
#%(Fully Convolutional Networks, FCN) [6]. FCN i 0 = BRI T gmbt - MRS r4st, STEMEH TR R
oy, HaT DU AAT E /MO G I A RN ST . 26T FCN, Ronneberger %6 A [7]#&H —4
FERRTFRI U TEM 4, FROA UNet, HEZOIHT2 5 — K E RS0 B RFESE DG o dE TR &, DATR
A2 PURGAE XE S, IF H R DB AT )I ol Re AT LU BRI 25 R . (B, 124 )6k
Mg, FRFEREESZRREME UEE . NEJRIXA A, Liv % A[8]7E UNet Fk:Al B, ¥t 7iEH
T = YRR S EUR o BIHI4S, FRON VNet, 5INT ResNet M5k ZIEEBAE[9], Mnhdas fE B BERRAE
ARG S = Ay PR . ONERIMRE TR, HH T 24BN SHER, FEEKNIUIZL
A TE] o i, Li 558 A [10]42 ) H-DenseUNet K22 fifiX A W] i, LI % 2 7R 4 2D DenseUNet 5 3D DenseUNet
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(RRSEAE SR I3 3D DenseUNet [k, [FIIS7E UNet ik NS, Reidt— D4 THFFIE -5 BioRe 1 43 %1
FEIE . F—DH, Han S5 A[11132H LLEA 2D 5 EHES AL 3D 15 BT FEIE S IR 0 &1, &7 T
UNet 1Bk ER %4 1 ResNet 5% 22 4%, S8 fm il id iy N 2 /LR 1 5k U k324 3D B R SUfE B H %,
KR IEAFEIM 3D BN SUEERA R thAh, AT 82 REER MR, Jin % A[12]42 H RA-UNet
Xof FEF R R R 32847 2331, FLLA 3D UNet AFEHERIZS, 1EMIZ TR Z 51N T VER JIHLHI R SEEAT I -5 R
Mo, BARREE—ERRE FIRT A BRSE, (HE R TIRENRHES R %, 8 EBIEE D, Fit
PTHRAEE A . AU, Chen %5 N[13142H Deeplabv3-+5 7Y , 245 A1 J& 78 2% ] A0 RN 25 6] 42 7 H5 (ASPP)
A B[14], WIRE AT /3 GA N TE ASPP RIERD I Hrh, DLtk o) 58 2 (1 RS RFE . %5 51 g
(153 FSRAG #E— P BT, (ALERAE S #IF, S A E . 9k, Tang 58 A[15]52 H P B i) 2 B,
T 5EH Res2Net50 [16]1E A FEERL o H Hh AT X 38, P 3@ ek KL 20 ) HH SR A B [X Sk BT S N, 81 E2Net
HEAT HFRREAN R RS 4N 20 5. FEAS /IR B, I BE AR B G0 I B 5 B, I B 2 B B

B, PLEJTERZH I T UNet K ResNet [H15% 220 SCHUITIE S5 R 1920 &), ERA T
ResNet B A SR IEFEFEEAE 1. ZILIR7R, ASCEBER A ResNet /ENFFESREUNLS . (H2&, iRk
TR AR T =R R I RS R . R CT EUE IR WTIH (4R R B K, B 3D B R
TERM 27 RIRZ THAE B[17], Wl 1 fos, AL o) Z MR RFEE L 6 =K. M4k, bk
T M CLA A TR K /) 1 B Rl AR (1 8 o 1 22 ROBEARRAIE o BT RT R — AN ), AR SCHE H BdE i) 2.5D Res-
Net34 1EM48 % 2 2 ST Bk U 7 IR, 7EPIZ8 1008 2 % ST G s i) R SUE R, s B =4
S B ERIERE ST o BB AN, A SO RO SRR, E e AR AN ] R AFAE T 1))
AR =g EE R, AR EAINH B S B R X IIE AE S, T SRS R B0 A
o E .

Figure 1. Example of pixel distance among cross-sections of 3D medical images
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2. FFEESHESEIEENR
2.1. BN

ARSCHEH —PPEET 2.5D IR Z% T RURE A 58 77 SRR RS B 1) JFF AU 45 e e 23 B, A R ey =3 3 2 A
1) FA R A R AERAR AR V)RR AE I 2.5D ResNet34 1E NgmiL 2, 2) REEE HERAEER; 3) ZEM
M C B RS A8, W 2 Fros. Hrb, 59 A ResNet3d AN[EH)2, ACHE ResNet34 FIHTZ L
H 2.5D BRRAE, £)5 =2 RAERET 3D BRRERAE, ISR =4k 5 R A7 A2 15 3 85 25l R
W 2o gmh R oy SR BUG AT e, PE A AR R R E R R F, s={1,2,3,4} . %5, R
P BB SAA) T i3k F 02 RHE, JHEE & E RS K E R R IR e E, T
BLAT R RGN TR Y o SAA AUAT LAZEAR T F SROBERRAE 5 BUM ORI A 3E LIRS 1 23 51 ) il 151,
TR REAR D 1 T IR TR o W AR T B 2 0 0 A RIS B R S ARG FY & SR
PELE /N ] 1) 7 B 2 ]
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Figure 2. Overall structure of model
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GmA a3 H ResNet34 1EAE T M4, B A BIFINFHERREGE ) A2 50EiE+, W IEH T 3D |
BHE U], SR, ELEEK 3D K144\ 2] 3DResNet34 AT I GRS TR . TUA 0P I 2% 002
SO FE RIS R, WMARREES K, HEAAT 3D BRHRAE S L2 =) = 4E 10 725 (045 2

NGRARIX — 7], $ H ek J5 1) 2.5D ResNet34 1E A Sulid &%, (H4nis 2% 56 E AR SR U) A 18 2 BE B i K )
R, hEREE I A kot 2 o Bk ) R AE RIAR AR UL A fE . gk i) HAR T i 3 s, AR
PERURER D) BRI, KJR 3 x 3 x 3 BRI EHN 1 x 3 x 3 BRUL, BN 2.5D Jik. AHNHE, padding
BN, 1, 1)o — M, MIZKHRIEMT 2.5D 5%, M HRIZM 3D 77 ik A8 58 4 M P A2t B sk 1)
FiREAE AR AR UL REAE (2 ST B8 0 o IR, 3R 7 vk RAE RG24 2.5D Jrik, HAt 24 3D J5ik.
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Figure 3. 2.5D basic block and 3D basic block structure diagram
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2.3. REZRNBARR

NTHAEMETUEE, XIE UG BRI FHE BAE N AL ZIAH R RAE, AR T REER
JUBFIRPLSAA). SAA I BAR IR R AR REERHE T R4 R =487 (845 B . fiE SAA 1 RIER
H RFB [18], HEEETERAY RBERLEAMA G KB ERER. 5 RFB IEAFNZ, SAA RMY
FINTHERZ N, 10 HIEARSE A F 0 RE @S T AR5, DOl — S e s &2 7. Bk, SAA
TR AR RN 2 0 3R R IR e . 285, SN2 REERHMERLG Hns, DUR RO AR E T
BV RS A D S

B 4 JRoR T REER A B 40 o IR B A e R 2 RS IEN F, s =1{1,2,3,4}, &
ATHEAS [ RBERFAE T AL R A FE R R T

AT Conv, (R +Up(FSf1 )), s<4 W
) Conv;(F,), s=4
C. ZO'(Conv3(FST,r))-FST 2
F! :Convl(Cl,C3,C5,C7) (3)

b, FN3ORPAF 0 REHE, Up() 3m FREERIE, o) %R softmax WOIFHRAE, C FRHERER
FERIFHE, F' 3R s MREFEENE. r TRFRERE, r={13,57}.
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Figure 4. Structure diagram of scale attention awareness module
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Figure 5. Diagram of the decoder module structure
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PR T2 B el DY R R B e AL, I 5 TR B SR AR R O AT R N i JE R ) R R
FHIEREAT _ERAE, 19305 b — 2GR IR/ — BURHTRF AL S8 53X DA KD — SRR IR AT DAL 7
PAGRAN TR RAFERAE o E R A0IE B, MG s A G a5 1 #l. e, (Ei)a— R aIoH
i ARFAE [ BB softmax 0T PR, ORPRFE ) B OBERAEL, 0 B B R R MR R R
I IEFEME A A KIS D T 45

2.5. MEEH

A2 AT R BRI H RITTE SO AR 55 A e I BUR R R B, FERPRE S R 2 B 55
R T o SR AN ) R, B A P S SO 45 % o B 2 (AR AR i 4D 5 SR MR 2 A . HAT, A
WSS SR REA R S i iX R A, e 32 B X AN SR B — M R H, W B D 9 S oK ik
i, AT PIR:

1 N 3

weE = T3 Zzwfcy,' log p; “4)

i=l c=l1
Z @, N y=c
c=1

L

H, NERREGITEGESREE, c RaENEE R, IR, o XRBE, y RRE i MR
RAMESE, pf TR i MR ST S0 ¢ IBEERAE .
XTE X EES, MBS X R RAER R BT EHURAE, 2T BRSMHRE. Bk, I
T Dice HUPE R % (Dice similarity coefficient, DSC)E A% B 2k i 5. DSC H T B2 A EA ARIE,
e VAt 20 SRS 2 f v I L e da s, AU R
DSC =22 (5)
y+p

Hrpy FoRASHH, p RoRTIIMERAE . DSC 155k AT BLE SON:
3

Lyse = (1-DSC) (©)

B FAVE ST 58 B B T RS M8 7081, BE0% 52 A 21 0l AN~ 4887 1) 1) 3t ) (RO B, i i A Ak
ERIIR R . AR T AT s:
L=Ly+alp 7
Hrr, o 2 DSC i 5% b B TR B R 240
3. XSRS
3.1. BRERTALE

b A 2 M B 2= 2 G AR LS BY T T 2 (Medical Image Computing and Computer As-
sisted Intervention Society, MICCAI)E 2017 4= (1) JHF 1k i J8g 43 %1 3% 28 1 3K 43 1) (Liver Tumor Segmenta-
tion, LiTS) [19]. LiTS f#ikH 6 M ARFIEERL R 200 /4N ELIg R 3D BEEE CT i EE, HhlgreA
5 130 A, MERFEARGE 70 Ml 8 7 AT A B RIIZE, MICCAI #2417 -G 256 18U #
(2 A S5 JHF R e g 247 T T ) 1 () AR P Sy e . B AR AE BB BT By 2 [B) 40 W 3 RN o T THI A AE 3
Z5, PHWNOPEREEN 512 x 512 4%, BREEN 0.6 mm x 0.6 mm~1.0 mm x 1.0 mm. Y]
12579 0.45~6.0 mm, AS[FEREEIRIT) Ry 42~1026 KA.
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H5HREGALE, CT 24 R A7 15 B0 B A7 D 8 W 3 B4 5047 (Hounsfield unit, Hu), 53 1A
JEFEITE[-3000, 300012 [A] . FEASZIGH, @8 CT EUEFIFIE X 38k 1 & 56 A0 5 1 (A 15 2[-200, 25014
REEERREAE . FrLL, KT 250 Hu BR RN 250, /NT—-200 Hu AR FRB8-200, AT BE 75 B
52 31 5 B B AT X 402010 P 6 JER 7 A CT BRI i 58 Al i A 7 38 5 i 5 B ), i Bl epm]
DANR S F, 20l 7 56 A0 0 VRS i, e B 37 AT b 00 5% 38 A DX 35

TERIREE R 7T, ARSCHE 130 AN IR 8:2 (LU BENLRI 4 AR ERLEIESE, TR 70 FI4E
IS o Be A, 95 B AL A, AR SO BEATLEEY 1 7 =00 i AT 38T, 8 J5 1R /INA 32 < 256
x 256, [FINFHHT N A AR Rak BB R S 7R B 1.

s KB AR SN

Figure 6. Comparison before and after of CT image processing

& 6. CT g ERTE X E

3.2. IR

N T VPSSR AE U 55 PR 23 RO R, ASOR F BA R = AP 4R bR o

1) Dice #H1A Z%U(Dice similarity coefficient, DSC)R /R TMI S5 HR p SHESLER y 2 AIMEZZ,
EIEH 0~1, 0 FRTMZE R G LR R AT E WL, | RS REHudReeEsd. KA
NS FiRe

2) VOE (volumetric overlap error) R /R 1R %, B 8%, 0%FRTEDE], 100%FR MRS &
SR EEAES. HALN:

VOE =1-—2P ®)
y+p-yp

3) ASD (average symmetric surface distance)7~ Tl 45 55 B S 45 B2 (MR PR A7 B 1P 3 R TH P
A mm, HA 0mm £R7TEESE HAXN:

ASD:;X{ Y d(s,.S(p) X d(sp,S(y))J 9)

S(»)+S(r) (50 WESTp)
Job, S(x) REHA x HHIFRIAE, d(v,5(x) TRERAEE v 51 S(x) KRR,
33. IESHTE

ESHBEE L, WG S15RA4 0.001, [HEFHBEZERN 1e—5 1 H & N A T A28 RSB FE
B BEAh, BINZREEUCN 200 epoch, % 50 4N epoch 2% S R FEK 10%, FHAEREA epoch 2 JG7EIGIE
£ FIPETERE. AT A RS2 H S 7E NVIDIA GTX 3090 GPU _Fi#kHTHY.
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3.4. JHRASCIG
AL A SCAR R LA B 2, RS20 KA RO S BRI SR, S8 — VAL 43 0
F, IEE SR 20 R S E SR s Bl | IR 2 .

Table 1. Comparison of the results of different components in the liver segmentation

F 1. NEHEHERBE S BIREERXTEE

it DSC (%) VOE (%) ASD (mm)
2D ResNet34 + LWCE 922 13.7 6.6
3D ResNet34 + LWCE 94.1 10.8 52
3D ResNet34 + LWCE + LDSC 94.9 9.5 2.9
2.5D ResNet34 + LWCE + LDSC 95.7 8.3 12
2.5D ResNet34 + LWCE + LDSC + SAA 96.4 7.3 1.1

Table 2. Comparison of the results of different components in the tumor segmentation

2. NEHEHEME S RINEERITEE

T DSC (%) VOE (%) ASD (mm)
2D ResNet34 + LWCE 62.1 55.4 3.6
3D ResNet34 + LWCE 68.4 37.9 3.1
3D ResNet34 + LWCE + LWCE 70.2 34.2 2.2
2.5D ResNet34 + LWCE + LWCE 71.8 34.6 1.5
2.5D ResNet34 + LWCE + LWCE + SAA 72.3 33.2 1.3

HE 1 e 2 AT 40, AHEL 2D ResNet34, 3D ResNet34 f1 1243 B =i = A5 2, HH BT
JEF FFE R 8 ) 4351, HFAER DSC $2 7+ 1.9%, IR ) DSC $27F 63%. #E—2bh, @b hinbiss ek
BA(LWCE)FI DSC $i 5% iR #(LDSC) 45 & T IR A 40 2% e 25, 72 JFF R AN 43 %01 DSC _ERefs Bt —
BT, VIF B Fofr 245 5% T FFF R JeJa 23 4T 55 R R A BE 4 B8R« 2.5D ResNet34 FVETEMRAL T =47
{5 25, ARSI DSC RERE £ 95.7%, ASD #E—S L E 1.2 mm. SR 3D ResNet34 [FFEAA
YR, Hi T RGBSR NG RES R, 20 EH =42 0GB & R Z M BCR, 2.5D
ResNet34 J5 v [FRERY IF B £E isE 70 B G %, #HEL 3D ResNet34, DSC 27t 1.6%. &), @A RE
HEEVRAEHSAA), FEHNES#EIG, DSC #it— 245 2 96.4%, fEMUE %I, DSC #eift—42
TEE 72.3%, UEW] T A SCHE H 1) 7 VAR A e 238w e R .

7 RO 8 Sr A FEaR T AT AR ot R R b8 Fr AR B 4 T, v, G0 X SR TR A 43 A/ PR
ST X A% X SR/ bR, (ERE RS T s 5, W O Xz XSO 15 5, (BB T o
/AP9R . FERT%D, 2D ResNet34 T34 R =4EM 2= 45 8., o2 Ak 4> B e s &, #0E 58
ZHREIN X, Mk, HTESEBGERBINIRRESER, BEAH 3D BRERESEHIE
Z B X 3 il i {8 2.5D ResNet34 REAE— € R EGRMRX AN 10 . B Jo 45 A RO BOE = sk,
RS AT VETE T I 2381 v 1 2 SR B e i, FOU 20 B0 R0 7 B 0 DI /b, i & X AN 571 DSC
B 5, VOE Fl ASD AR A ELIEIEH
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Figure 7. The inference results of liver among each of methods
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<

Figure 8. The inference results of tumor among each of methods
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Nk B IR B BT VR R, ASCHE LTS 19 70 GIINR4E b, i 7t i =R AT S
g 0 73 DA B — 6 SR IR K 43 I SV Y DSC A .

UNet 2D: IZBEAL 2 i S N TR B2 22 UG I 2D 23 #0071k . AR i B B AR MR B, Rl & g i B
RRAE R RN F R IR EAE B, HIE IR = 22 B o B P R RL.

UNet 3D: HiT UNet 2D AREFR 5322 ) =4E ) [AE 2, IATA H 3D hieAs. AHEL UNet 2D, UNet
3D gl 3D BRI E R S SRS G B, SEUE AER A 2]

VNet: %8 F BRG] T IR ZEREIRAN T RFEIVRIE Z 08 XS BRI, - RAGRER R
FERSP YAk, DAORBE BRI 407515 B .

DeeplabV3 + 3D: 7E 2T BUR 25 7] & IS B H(ASPP) LAl I, KRR FE Rl 20 B AR S FHTE ASPP 1
frRio i, B2 m L B SR B

RA-UNet: iZ 2 — A= [ Beor ER 8, 1 26 Bl RA-UNet 2D SAFAERE4T €47, #RJ5 ] RA-UNet 3D
XiF SE AL HFEREATRE A 2081, 3565 F RA-UNet 3D MR o J N i [X 3 201 g

H-DenseUNet: %455 3 Z&/F UNet (3R E NN T 38 B HORIREGE 2 RFAE, R I8 I fh s
2D DenseUNet 1 3D DenseUNet F¢47 2547 5 40 B 70 1)

FRTFVETE LITS 19 70 F1M0REE 1 7> B 45 e 3 Fios.

Table 3. Comparison of the results of different components in the liv-
er and tumor segmentation

= 3. FRIGAE RSB BRI RXTEE

A JFFHE DSC (%) Jif& DSC (%)
UNet 2D 91.1 49.8
UNet 3D 932 52.5
VNet 3D 94.9 62.4
DeeplabV3 + 3D 95.7 66.6
RA-UNet 3D 96.1 59.5
H-DenseUNet 3D 96.1 72.2
Ours 96.4 72.3

T P SRIR AR, AR SCHR I VETE AR AN R A R RE R IR 4. Hib, RA-UNet & @i il
FAPRANE RS SRFE AT e KE 2 40 1) JFE 0 5 g 2 1, 1 A ST M ) i 81 o (1) BB B 43 ) g vk . EROR ALY
AE BB —E 1 DSC #&7t, (HFEAE G4, HFREEZ MR . 5 RA-UNet MLL, AT
EAERFIE 7B, DSC #2851 0.3%. fEMYR /3%, DSC k%] 72.3%. [FFEHL, H-DenseUNet (145 H
S 2 MRS R BN, (HARSCI T RS BATI AR H-DenseUNet [, X EIR T ALK VELE
PR SE B B A B e 280 S FH T e

4. i
TEFF TS RIS BT S b, et = 4 B2 2 PR (O R 9T 17 1A 2 PR BS KM W) j, A c3:F- 2D I 3D

DOI: 10.12677/csa.2022.121021 208 LR 15 R


https://doi.org/10.12677/csa.2022.121021

o fE, HEE

ResNet34, $i H A I it J5 (9 2.5D ResNet34 X FHIE AN FORRAE HEAT i, 3 i A8 A = 4 2 W) 45 U2 (i

A

€710 [FIIF, FIH] DSC 45 5% b Bk Ak BEAR G5 O 7 BURE 10 BEAL, XS IRE TR OK /N v BE ]

AR, AT T REEE R TR BORE AN R R RAE T 1R A &R =4 fEE, AR
R AR L SE B P X EE AE R . AR, 25 e 7R b, IEW] T AR T
BRI EARKM TAE S, KRR EAT N BARRTE o BI50%,  DLBE— 5 5w e 1 2> B 1 g

SE

(1]

(2]

(3]

(6]

(8]

9]

[14]

[15]

Ferlay, J., Shin, H.R., Bray, F., Forman, D., Mathers, C. and Parkin, D.M. (2010) Estimates of Worldwide Burden of
Cancer in 2008: GLOBOCAN 2008. International Journal of Cancer, 127, 2893-2917.

Miiller, S.A., Maier-Hein, L., Mehrabi, A., Pianka, F., Rietdorf, U., Wolf, 1. and Schmied, B.M. (2007) Creation and
Establishment of a Respiratory Liver Motion Simulator for Liver Interventions. Medical Physics, 34, 4605-4608.
Sk, Xk, SAM. MR CT BMGRES 0 BIITESRD]. T EERETEZ#K, 2020, 25(10):
2024-2046.

Dou, Q., Chen, H., Jin, Y.M., Yu, L.Q., Qin, J. and Heng, P.A. (2016) 3D Deeply Supervised Network for Automatic
Liver Segmentation from CT Volumes. International Conference on Medical Image Computing and Computer-Assisted In-
tervention, Athens, 17-21 October 2016, 149-157. https://doi.org/10.1007/978-3-319-46723-8 18

Bi, L., Kim, J., Kumar, A. and Feng, D. (2017) Automatic Liver Lesion Detection Using Cascaded Deep Residual
Networks. https://arxiv.org/abs/1704.02703

Long, J., Shelhamer, E. and Darrell, T. (2015) Fully Convolutional Networks for Semantic Segmentation. /[EEE
Transactions on Pattern Analysis and Machine Intelligence, 39, 640-651.
https://doi.org/10.1109/TPAMI.2016.2572683

Ronneberger, O., Fischer, P. and Brox, T. (2015) U-Net: Convolutional Networks for Biomedical Image Segmentation.
International Conference on Medical Image Computing and Computer-Assisted Intervention, Munich, 5-9 October
2015, 234-241. https://doi.org/10.1007/978-3-319-24574-4 28

Milletari, F., Navab, N. and Ahmadi, S.A. (2016) V-Net: Fully Convolutional Neural Networks for Volumetric Medi-
cal Image Segmentation. 2016 Fourth International Conference on 3D Vision (3DV), Stanford, 25-28 October 2016,
565-571. https://doi.org/10.1109/3DV.2016.79

He, K.M., Zhang, X.Y., Ren, S.Q. and Sun, J. (2016) Deep Residual Learning for Image Recognition. 2016 [EEE
Conference on Computer Vision and Pattern Recognition, Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

Li, X., Hao, C., Qi, X., Qi, D., Fu, C.W. and Pheng-Ann, H. (2017) H-DenseUNet: Hybrid Densely Connected UNet
for Liver and Liver Tumor Segmentation from CT Volumes. /IEEE Transactions on Medical Imaging, 37, 2663-2674.

Han, X. (2017) Automatic Liver Lesion Segmentation Using a Deep Convolutional Neural Network Method.
https://arxiv.org/abs/1704.07239

Jin, Q., Meng, Z., Sun, C., Wei, L. and Su, R. (2018) RA-UNet: A Hybrid Deep Attention-Aware Network to Extract
Liver and Tumor in CT Scans. https://arxiv.org/abs/1811.01328

Chen, L.C., Zhu, Y., Papandreou, G., Schroff, F. and Adam, H. (2018) Encoder-Decoder with Atrous Separable Con-
volution for Semantic Image Segmentation. European Conference on Computer Vision, Munich, 8-14 September 2018,
833-851. https://doi.org/10.1007/978-3-030-01234-2_49

Chen, L.C., Papandreou, G., Schroff, F. and Adam, H. (2017) Rethinking Atrous Convolution for Semantic Image
Segmentation. https://arxiv.org/abs/1706.05587
Tang, Y.B., Tang, Y.X., Zhu, Y.Y., Xiao, J. and Summers, R.M. (2020) E’Net: An Edge Enhanced Network for Accu-

rate Liver and Tumor Segmentation on CT Scans. International Conference on Medical Image Computing and Com-
puter-Assisted Intervention, Lima, 4-8 October 2020, 512-522. https://doi.org/10.1007/978-3-030-59719-1_50

Gao, S., Cheng, M.M., Zhao, K., Zhang, X.Y. and Torr, P. (2019) Res2Net: A New Multi-Scale Backbone Architecture.
IEEE Transactions on Pattern Analysis and Machine Intelligence, 43, 652-662.

Heimann, T., Ginneken, B.V., Styner, M.A., Arzhaeva, Y. and Wolf, 1. (2009) Comparison and Evaluation of Methods
for Liver Segmentation from CT Datasets. I[EEE Transactions on Medical Imaging, 28, 1251-1265.
https://doi.org/10.1109/TM1.2009.2013851

Liu, S.T., Huang, D. and Wang, Y.H. (2018) Receptive Field Block Net for Accurate and Fast Object Detection. Eu-
ropean Conference on Computer Vision, Munich, 8-14 September 2018, 409-419.

DOI: 10.12677/csa.2022.121021 209 MR 5 R


https://doi.org/10.12677/csa.2022.121021
https://doi.org/10.1007/978-3-319-46723-8_18
https://arxiv.org/abs/1704.02703
https://doi.org/10.1109/TPAMI.2016.2572683
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1109/3DV.2016.79
https://doi.org/10.1109/CVPR.2016.90
https://arxiv.org/abs/1704.07239
https://arxiv.org/abs/1811.01328
https://doi.org/10.1007/978-3-030-01234-2_49
https://arxiv.org/abs/1706.05587
https://doi.org/10.1007/978-3-030-59719-1_50
https://doi.org/10.1109/TMI.2009.2013851

FRE, HEE

https://doi.org/10.1007/978-3-030-01252-6_24

[19] Bilic, P., Christ, P.F., Vorontsov, E., Chlebus, G. and Wu, J. (2019) The Liver Tumor Segmentation Benchmark (LiTS).
https://arxiv.org/abs/1901.04056v1

[20] Liu, T., Liu, J., Ma, Y., He, J., Han, J., Ding, X., et al. (2020) Spatial Feature Fusion Convolutional Network for Liver
and Liver Tumor Segmentation from CT Images. Medical Physics, 48, 264-272.

DOI: 10.12677/csa.2022.121021 210 THEAURF 5 R


https://doi.org/10.12677/csa.2022.121021
https://doi.org/10.1007/978-3-030-01252-6_24
https://arxiv.org/abs/1901.04056v1

	基于2.5D网络和尺度注意力感知的肝脏与肿瘤分割
	摘  要
	关键词
	A 2.5D Network and Scale Attention Awareness for Liver and Tumor Segmentation
	Abstract
	Keywords
	1. 引言
	2. 肝脏与肿瘤分割算法介绍
	2.1. 整体结构
	2.2. 编码器
	2.3. 尺度注意力感知模块
	2.4. 解码模块
	2.5. 损失函数

	3. 实验与结果分析
	3.1. 数据集及预处理
	3.2. 评价指标
	3.3. 实验参数设置
	3.4. 消融实验
	3.5. 对比实验

	4. 结论
	参考文献

