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Review of deep learning segmentation methods for

CT images of liver tumors

Ma Jinlin, Deng Yuanyuan, Ma Ziping
College of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China

Abstract: Hepatocellular carcinoma is one of the most common malignant tumors of the digestive system in clinic. It ranks
third after gastric cancer and lung cancer in the death ranking of malignant tumors. Computed tomography ( CT) can well
display the organs composed of soft tissue and show the lesions in the abdominal image. It has become a typical method for
the diagnosis and treatment of liver diseases. It produces high-quality liver imaging that can provide comprehensive informa-
tion for the diagnosis and treatment of liver tumors, alleviate the heavy workload of doctors, and have an important value for
subsequent diagnosis and treatment. Segmentation of CT images of liver tumors is a crucial step in the diagnosis of liver
cancer. In accordance with the maximum diameter, volume, and number of liver lesions, medical workers can give patients
accurate diagnosis results and treatment plans conveniently and rapidly. However, the manual three-dimensional segmenta-

tion of liver tumors is time consuming and requires substantial work. Therefore, a method for automatically segmenting liver

5 B #A :2020-05-31 ; f& 2 H # :2020-07-01 ; HiEI A& B #§ :2020-07-08

EEWE : MR A RBARE T H (61462002,61762003) 5 7 5 H AR 36410 H (2020AAC3215) 5 [H R R % PR 58 G5 BALFL” €18
TBAIIL H 5 677 BB “ AL 5 Rl B B AT AT H 5 J6 77 RO R 24 FR L 1 (ZDZX201801)
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tumors is urgently needed. Many challenges occur in the segmentation of liver tumors. First, the CT image of a liver tumor
shows the cross section of the human body, and the contrast of the liver and liver tumor tissue is inconsiderably different
from that of the surrounding adjacent tissues (such as the stomach, pancreas, and heart). The segmentation by using
grayscale differences is difficult. Second, the individual differences of patients result in diverse sizes and shapes of liver
tumors. Third, CT images are susceptible to various external factors, such as noise, partial volume effects, and magnetic
field bias. The interference of the shift makes the image blurry. Dealing with the effects of these factors in a timely manner
is a great challenge for medical imaging researchers. Accurate segmentation can ensure that clinicians can make wise surgi-
cal treatment plans. With the rise of big data and artificial intelligence in recent years, assisted diagnosis of liver cancer
based on deep learning has gradually become a popular research topic. Its combination with medicine can realize and pre-
dict the condition and assist diagnosis, which has great clinical significance. Segmentation methods for liver tumor CT ima-
ges based on deep learning have also attracted wide attention in the past few years. From relevant literature in the field of
liver tumor image segmentation, this paper mainly summarizes several commonly used segmentation methods for current liver
tumor CT images based on deep learning, aiming to provide convenience to related researchers. We comprehensively sum-
marize and analyze the deep learning methods for liver tumor CT images from three aspects: datasets, evaluation indicators
and algorithms. First, we introduce common databases of liver tumors and analyze and compare them in terms of year, reso-
lution, number of cases, slice thickness, pixel size, and voxel size to compare the segmentation methods for emerging liver
tumors objectively. Second, several important evaluation indicators, such as Dice, relative volume difference, and volumet-
ric overlap error, are also briefly introduced, analyzed, and compared to evaluate the effectiveness of each algorithm in the
accuracy of liver tumor segmentation. On the basis of the previous work,, we divide the deep learning segmentation methods
for CT images of liver tumors into three categories, namely, liver tumor segmentation methods based on fully convolutional
network (FCN), U-Net, and generative adversarial network ( GAN) . The segmentation methods based on FCN can be
further divided into two- and three-dimensional methods in accordance with the dimension of the convolution kernel. The
segmentation methods based on U-Net are divided into three subcategories, which are methods based on single network,
methods based on multinetwork, and methods combined with traditional methods. Similarly, the segmentation methods
based on GAN are divided into three subcategories, which are based on network architecture improvements, generator-based
improvements, and other methods. The basic ideas, network architecture forms, improvement schemes, advantages, and
disadvantages of various methods are emphasized, and the performance of these methods on typical datasets is compared.
Lastly, the advantages, disadvantages, and application scope of the three methods are summarized and compared. The
future research trends of liver tumor deep learning segmentation methods are analyzed. 1) The use of three-dimensional
neural networks and network deepening is a future research direction in this field. 2) The use of multimodal liver images for
segmentation and the combination of multiple different deep neural networks to extract deep information of images for impro-
ving the accuracy of liver tumor segmentation are also main research directions in this field. 3) To overcome the problem of
lack or unavailability of data, some researchers have shifted the supervised field to a semi-supervised or unsupervised field.
For example, GAN is combined with other higher-performance networks. This situation can be further studied in the future.
In summary, accurate segmentation of liver tumors is a necessary step in liver disease diagnosis, surgical planning, and
postoperative evaluation. Deep learning is superior to traditional segmentation methods when segmenting liver tumors, and
the obtained images have higher sensitivity and specificity. This study hopes that clinicians can intuitively and clearly
observe the anatomical structure of normal and diseased tissues through the increasingly mature liver tumor segmentation
technologies. It provides a scientific basis for clinical diagnosis, surgical procedures, and biomedical research. The
research and development of medical image segmentation technologies play an important role in the reform of the medical
field and have great research value and significance.

Key words: computed tomography (CT); liver tumor; deep learning; medical image segmentation; fully convolutional

network (FCN); U-Net; generative adversarial network ( GAN)
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Fig. 1 Examples of liver tumor images in the LiTS dataset
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Fig.2 Examples of liver tumor images in the 3DIRCADb dataset
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Fig.3 Example of the coronal, sagittal, and axial planes of
patient # 6 in the MICCAI-SLiverQ7 test data
((a) transverse plane;(b) coronal plane;

(¢) sagittal plane; (d) data of patient #6)
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MICCAI 2015 I|Zx4E 4348 30 Y19 3 631 1)
Fr 2R, TR AR L AR TR 3 o B R
512 x512 x 85 ~ 512 x 512 x 198 14 &= 46 ] & k%t b
WIRAEMIAR . Codalab Bl AEALE 131 EXS H A5
FI& G5 350 512 x 512 423 . Codalab (13
L A CT B R 1) 4k = K/ 6] B& 2 0. 64 ~
0.84 mm, TCGA-LIHC p 3 [5] [¥] 52 6 hi F1 Jih 783 i 52
Jff (National Cancer Institute , NCI) 1 [E 5% A2 3K 2H
WF5E B ( National Human Genome Research Institute,
NHGRI) F- 2006 “FEL 5 JE 30, £ 7 1 688 fil 35 i 58
1], MIDAS rp Z 50 (& B , B 5 AL R AT
SR BRI HEAT 435, 0 B R M I FIAS [+) /N g e
T AR I IR 73 BRI 512 512 8%

R 5 {8l T A PR ECH R B DR 3 Tk HI M RE
Drozdzal %5 A (2018 ) fifi A B8 B 43 & 135 AR
Wi CT, KR HERIE S12 X SI2 R R - MER K
/NR0.53 ~1.25 mm, P JEE 0.5 ~5.01 mm,
REMER AR EE(EAE3 000,13 500 ] I, F:4>[E 15
A8 L B ARTE B 23, e 58 AN EMGAT X Y i
JE 4> B #R 1E. Sheba ( Frid-Adar 45,2018 ) 3k H
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2009—2014 4= [A] Ay B Bdls , f 5 182 STk
12D CT 444 :53 D, 64 DMEEFL AL, 65 AN 1L 4
RNV IR PRSI VLS SRS NN
1£0.71 ~1.17 mm Z 8], Y FEEAE1.25 ~5 mm
Z i), Roth 25 A (2018 ) {5 HT i) £ 405 46 A0 4% 331 i@
FHTARAGRI 8T # DIB S R g R CT X L e i 15
1%, RSN CT B4 i 460 ~ 1 177 4> 512 x 512

BREAYI U, R Z R [0.59 ~0.98,0.59 ~
0.98,0.5~1.0]mm’, YIZk&HY CT &% 263 ~
1061 4~ 512 x 512 R & {19 U) Fr LB, R R RF o
[0.55~0.82,0.55 ~0.82,0.4 ~0.80 |mm’, &4
Sun 45 A (2017 ) ff FH A4 2308 5 Fh 7t MR 2755 — BR B
FIPIA I RHEAARIC . i 7E GE i CT HL 14k
"M CT EBR. FBIRERAR LR 1,

®1 FREMESEESHERYERE

Table 1 Databases in liver tumor segmentation tasks

. o PR - LlAES VIR RERD kR
Bl e A0 ez Bt - — - — , P p
# I W% RIEE BIM Sm mm o
[0.56 ~0.87,
LiTS2017 2017 512x512 13041 13040 704 @ — @ — @ — — 0.45~6 0.56 ~0.87,
1.6 ~4.0]
3DIRCADD — s512x512 2241 2041 241 — 241 — 0.64~5.02 — —
MICCAL-sliver07 2007 512 x512 30 4 om0 —  som o »0x06= 4. s —
0. 86 x0. 86
MICCAI 2015 2015 512x512 3 631 sRHIf  — — - - = — — —
Codalab — s12x512 3Lk 11k 203 — 00— — — 0. 64 ~0. 84 —
TCGA-LIHC 2009 512 x512 1688 kb fy  — — S — — — —
MIDAS 2007 512x512 441 — — — — —  0.64~5.02 — —
Drozdzal — S512x512 I35bIA 773 303 283  —  —  0.5~5.01 0.53~1.25 —
M40, 59 ~
0.98,0.59 ~0.98,
263 ~ 460 ~ 0.5~ 1.07/¥I%:4
Holg — 512x512 331 8k 1 — — —
olgerk 123512 IBLHBT 061 e 1177 3¢ 3315k [0.55~0.82,
0.55~0.82,
0.4~0.80]
[0.59 ~0.98,
Sheba 2009 512 %512 20 41 — — — — —  L25~5 0.71~117  0.59~0.98,
0.5~1.0]
=R T
1.2 EMNIERR (accuracy ) , {HH FXF B /N B UM VR Dl B2 2%

h T VAL A AR R I i e 53 R Aff 4 T T
MR, W LT LA M F5 45 (£ 2) : DICE &
% ( Dice similarity coefficient, DSC) ( Dice, 1945) |
Jaccard & %5 (Jaccard, 1912) . VOE ( volumetric over-
lap error) . ASD ( average symmetric surface distance,
4k K 5 ASSD | AvgD) . RMSD ( root mean square
symmetric surface distance) ,MSSD( maximum symmet-
ric surface distance , 5 MSSD MaxD) .RVD (rel-
ative volume difference, 4 #xfy VD), if A — B 4g
b e 33 43 #) 3K (false positive rate, FPR) | /K 43 #| K
(false negative rate, FNR) R F (true positive rate,
TPR) . 47 5 J§ (true negative rate, TNR) | #ff #f§ &

EUG S EIIEAN I R FE AN H o R T 7 flifliak, &
A R P RN AR W5 5L, T F0 F 3
PR TR ) o) o 2% SR 2 75 I, FP AR R AE B, FN
REME ], TP AFREIEF], TN FREAH],A &
TN E ARSI R ZE R B IR RO A2 R AR T
Fe S, B FoR T () 4y BS54 . B Z B R N
4 s o

1) DICE R Eth R 5 & 45 50, 2 30 iF = 2 A
By HEcE e bR, 8 5 FoR 45 R S5hridz
B %, DICE [ HUETEHE & 0 ~ 1,0 KRS
5oy BIZE R S0 a5 R R A A B, 1 )RR 52
s R AR S AN TREAE vt ot e W/ W)
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Table 2 Evaluation index

HhE 4 B b fEF WAGEE  RE
DICE — SEIGER S ERLZ AT A [0,1] W
Jaceard FHC A I M OB R TP F AT 5 2 001 wE %
voR i SRRSO TA S REHEE (0] %
RVDLVD  (RE AR 22 SRR S RC IR i 22 57 MHTE %
oy MBEEOTRES  SRARGFZ RGOSR B R
VSO appet s RO R RS SR Z M AR RREIE B R e
RMSD  XPFRGEREBEBIO B SR R RO MR A B
FPR Mo Prf R A SO RENRER (EXBH) (0] &S %
FNR KA PAIES S O RERAR DT (0] B %
PR SRR, IR, Rl A ES A SO RERRER (EXBER) (0] 8% %
TNR HsHIE Pt A A SO BEMRR CUEBER) (0,11 B %
Accuracy iR A9 TE 1 B2 47 TE DR 001wy %

=R

4)RVD Frn 3 HIAE R SR IC Z AR BUY 22 5+,
BN % L H 0% s o BIAE R S ARIC Z 8] (1 14

() (#) UL JEA5tN

_IBl-lal _ _FP
RVD = A “TP+FN (4)
™ 5) ASD 27 op #4520 5 R ic Z 18] X FR 7 B 1Y
PR, B mm, HoA 0 mm RR5ESE P
SR R L IV EPS ¥ Bl HAR N
Fig.4 Concepts related to evaluation indicators 1
ASD = X
[S(A4) [+ [S(B) |
Di _2|AnB| _ 2TP ()
““ = JAl+ [B| T 2TP +FP + FN (3 dsiS(B)) + 3 dls;,8(4))) (5)

2)Jaccard (RN RIERE) , FRa#IZR S5m0 b, S(A)RFEA ELSP I EREZE,d(v,S(A))
Z PN S 25 S, RBGER, BEARM U FRMTEARES] S(A) Wi mE .

&1, H Jaccard Z2%0A1 DICE REUEAHFRY, A0 K d(v,S(A)) = msj&)d(v,sA) (6)
jac = ANBL_ TP Dic 6)MSSD I ASD 108 & 3101, v 30 44 B v SE08

“|AUB| TP +FP +FN ~ 2 - Dice

(2)

3)VOE LRk %, i1 Jaccard 3, F A

M % L MHR 0% FR 58 A5yl FE4r LR ShRid
2T, WA 100% . AR

AnB| _ | _ TP
/A UB| ~ TP + FP + FN (7)

(3) 7) RMSD 7R /3 # 45 2R SGhRE 2 8] 1 FR O B

ZRIFE . FORHIEE R G PR 0 Z R X RO E Y
R FRIATHE R, B2 mm AR 55 K RO L L i 2
THE, o 0 mm ARREEA 48], HAH
MSD =
maX(Mrggé)d(sA,S(B)),Sgrg%)d(sg,s(fl)))
VOE =1 -
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FMBE R AT, FAA N mm, Hat g 5 ASD
ML, Rt B3Rz, A8

RMSD

=J 1 x
[S(A) |+ |S(B) |
JOZ, FGuSE) + 3 E5.5(4)))

speS(B)

(8)
8) i EIR, Bl EI7E A EUR S % B Z A1 1
BERELH. Ay

FPR = Fp

AUB ©)
9) AR BV HILE A R S5 TR K
BAIG SR A

FN
AUB

10) FRAGRE, RIS P 2 RO M DX I 15 3R A IE
Fff b AU DAy JE R DX I 35 ) ), LA R )

FNR =

(10)

F S e > BUEOGHR IX IRBE Sy . Al
TP
Sen = Recall = TPR = TP + FN (11)

VL) R B2, RIDSIE B AN 2 SO M DX Il 1 3R
T L T DA A S SR R DX 2R 8 L A9, HL A
P9 735 S 5 v R LA I T AN e TR X IR 3R A

TN
TN + FP (12)

HER R, B IE B A Bl B B R EE .
EW,)

Spe = TNR =

TP + TN

Ace = TP TN + FP + FN

(13)

2 ET FCN MR BFTRERE CT &
‘o EIFH*E

FEXE CNN £77E I H BE 52 BUR) 3 R Ak 1Y) [a) 8
Long %5 A (2015) 48 FCN #EATEIR 0], Z M4
PG AFRE P A B MR R 251, B AA]
BRI IEMBNR R F o3 2, T e 1 18 L)
(1) G 53 R Ta) 8, 20T 22 JeiE i SCor BRI A% 0
ZH1F( Chen %5 ,2017 ; Yu F1 Koltun,2015) , 3£F FCN
P2 1 JF O S 98 T BTG Y 43 31 7 1 22205 T G
T i AR T, SR X G TR R G5 250
A W N2, AT LA S AR /M i A S JE 2
A RAHERRAN A 2] 7= A AR R R /N A o B g T
FCN P28 i) FFIE PR CT RS- EIZRF an &l 5 R

|

-0}

o0 -0

ToREE

ERAE

KIS  SET2ERIMAENIFIERE CT EG0 8107 kA 2

Fig.5 Basic architecture of CT image segmentation of liver tumors based on full convolutional network

FCN 7& CNN fHEfilt b b AT 7 ok ik, o 12 58
CNN PR e 3 iR 3 M ERUE.
FON 25 1Y IR R AL E I 2T CNN 45 i £
AR BUZ 7R IO RE ), 72 BAR S e v, % M 2%
i R A BRAEEAT TR FE— R AR S EL
JRPREE b6 1) 230, T SRR A A B AR i R -
P AL R AR, nT AR BGR R TE SUfE B B S
[ FEREABR . RIS B ETZ
(ULAR e B B 2L, AT SRAE B A 1 i s 7
BRFIM AN 8 EIE, o e 8 A

Peka i i) R SCPo ARRURE Y, 225 TARZ 407,
It FON P28 48 1 BIBRES M, £E7E 7T 73 S T g 4
K AWZCHZ) 1R AR B Rk AE)Z (H)Z) 1
SR BZE AR , S B SONURS % A0 HR 19 70 I 45
o FON MG IR BE I 22 45 B — T, E 2 TEF 2 H
A PREE R B 2 RSy BT 55 _EARBEH T ARGy ik
AE, FEH AR X IFIEAR ) 23 o AR P B 4R
AR TR RE P 2 BT A 030 2 HER 3 4B D5k
2.1 %E-T 2D FCN WBTRERME CT B2 8175 %
FCN [ 45 fe R QT G 76 T 60 T BEBRZ5 4,
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AT RG2S RFEAE B i 5 2 a5 456
W28 R MBS B U R 2 118 E B, SR
HERY 73 HIT: 55 . Chlebus 55 A (2018 ) 7E )50 A7 1) FCN
MEZRBER bR TRt , 51 1 AR (B ) =5 1) ¢
BRI, 5 R, 0 B 2 i s 45 R 3D 4%
14 6 ¥l 3% ( conditional random field, CRF ) #&i #Y
( Krdhenbiihl £1 Koltun, 2012 ) ¥17 24k L4 2 T e &
K EE 3 TR 2 1 M 28 45 4 25 S B0 ok B2 T B 114 [
Bi £ (2017) F) 5% 22 M 4% (fesidual neural network ,
ResNet) (He 45,2016) R4, il i 22 RUBE Rl & 1 9%
1577 2K, 2 20 T e AR DRI JE AR U o 2 1 i
55 1A ResNet A I 55 i 8 i 858 141, 565 2 A
ResNet TN LE R, b — D4R & 1 00 HI 45 R A4 1
R, Bellver £ A (2017 ) %% DRIU ( deep retinal
image understanding ) ( Maninis 45, 2016 ) 3 52 i )\
CT 4l b o3 FU P S R 94155 . DRIU 2 —4>
FREMLE (FCN) , B BATEA [ B Bk T
W BRI T o o R X 2% ALK IR AR R L O
P PRI 2 0 T 24 2 19 7%, DA T A5 3] 240 73 ) 4%
AT LASE B RG 40 7 FIERIN 25 2 > 1) — A 2Z 8] 1)
AU o Sun 58 A (2017) it T —Fp 238 18 445 FH M
#% ( multi-channel fully convolutional network, MC-
FCN) MIE5R Y CT EG b EFIEM Y . 13 4
a5 B B ( PV (portal venous) . ART (arterial ) fil DL
(delayed) ) IR ARHLAE 1 5C T I Rg o BEARRAE 1) 2
FrfE SRR R A, it 2 Al E P CT BIR Y
AN TR 3G iR T BT I 2, il A ] 1 5 B B 1) v 2
FRAE, B2 5 B 2% K 8. Kaluva 55 A (2018 ) f8 ]
DenseNet 1t 37 11 5 Bk 0 AR 118 0 AT, T FEASE
R AE CT MG AR B 5 A ATk DX Ik Sl 1 e
BRAY, DT 7 A= JE R0 (B0 15 031, LA 5 4
HIKGRE . 5 Kaluva J5 {5240, Yuan (2017 ) ffi ] 128
LZE A, ol FH IR 45 B — 2 4 BBl 22 19 2% ( convolu-
tional-deconvolutional neural networks, CDNN) ( Long
45 2015 ; Noh 25,2015 ; Yuan 25,2017 ) {4 HI4E 4,
EREPUIRY B ER, I B R T
AR , BAAETR S, I ZR— AT 5 CDNN
BT ARG A 0 51, SR 05, i — R R HA
MUHEFFAERY CDNN 58U GE 47 JF e 40 73 1, i), 8
ok 5 P X A A S A IS R X, A R 5 3
I~ CDNN % A, FH T g 73 %o #H I DenseNet 5

¥ W7 A B0 A FIAL BRI S A B TAE

iR 2D FCN 3% 77 Hod T84 2D 4]
Fr B T PR A UG R R AR , G 2 4R 70517
EBCARI CT (15 3 423 [ {5 2., ARMER S B 4]
Z I AR SR T o RIA R HER I . O T
PRk B R, — SRS e AR <8 D) A S T 45 114
B AR WA FERI RN, SUFE00 R T R Y
3D Z5fAlfg L. 4n:Ben-Cohen 4§ A (2016) f#i ] FCN
#) VGG16 (visual geometry group 16-layer net) ( Simo-
nyan Fll Zisserman ,2014 ) ZE4 147 T Ik 4351 F1 95 A2
R, M2 E 35 T VGGI16 iR Ja — o2k )2, 8
P Ay A e i) 2 B o B AR o R AL S
— A T A RO T AT FUE sl AR AR o I HLA
MARRBECH 3 A CT Y1 R A1 ST 7 FTw A A
BYTR (BRI CT BRI 3 4565 5
Wang 25 A\ (2018 ) K¢ Il 25 75 AT JUE Ak 8 CT K% 19
3 AN R BT O) R (R e AR T SRR T ) B
2 4k FCN fb G, BERS A RO A T 3 4EHg 5 CT B4
(2 Tl B AR AT DLGRE B0 3 4 45 B 45 1 KA
SLIRIE o Delmoral 55 A (2019) 5| ™ AL H, #5455
MRS 1Y SOl B IR R, T s CT
PR Iy R R o X (AR Y A i A AR AT T
SHSIR FRRE R 20 M I JUE B8 22 114 PN AR A 3R X3, -
AR B R ERZ SEEINY BT XUER. AT
FE R AN [+ Jiev g DX 2 1) 1) 25 )£ 8, Pang 48 A
(2020) 4t 1 — i B Ik ek e o BURE SR, 322 1 2%
HEZR AT AR o o8 i 22 14 Ak 18] kA7 4 Jm bR SO
B R E K A PRI AR R, 2B 1 i
i IgE DX S [ 8 A DA , 8 s J O P ) B PR R o
HH, R HELR A] LG 4% £ 8 AT ] 25 F FCNs 5
U-Net iR RS, DA BT8R A 1T ARARYD
Fr A R ASE MR 3 425 (8] AR , L
KGR Z (s B o TER R 22 2% rhi)il 25 3D [&]
BEHRAEF AR, I By SR S v, o TR
e IR, Meng %5 A (2020) #2473 4EXURZ R
JERFRMZ M4 1% 07 18 R TR IR 5 7 SR 1 2 )R
FRSUEERG  HE AP 3 2 PR B 1A 3 4
23 [E R, ROt TR . el , o T 4k r
H| 25 {di ] 3D CRF( conditional random field ) 2§
TOEIGER PR R R E A 3 K 4 RAEH]
2D FCN AT S HUTIE AR A 2 BT RESS 2R o
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Table 3 Liver segmentation evalution results of 2D FCN

Ty Kdm e DICE SE VOE RVD ASD/mm RMSD/mm MSSD/mm

Sun 4 A(2017) 3DIRCAD — — 0.156 £0.0430.058 £0.0352.0+£0.9 2.9+1.5 7.1+6.2
#1 JDRD — — 0.081 £0.045 0.017 +£0.01 1.5+0.7 2.0+1.02 5.2 6.4
Chlebus 55 A\ (2018)  LiTS2017 0.58 + 0.36 — — — — — —
Kaluva 4§ A (2018) LiTS2017 0.912 — 0.15 -0. 008 6. 456 9. 682 45.928
Yuan %5 A (2017) LiTS2017 0.963 0 — 0.071 -0.01 1. 104 2.303 23.847
Ben-Cohen % A (2016) ﬁ:iial coter 089 0. 86 — — — — —
Delmoral %5 A (2019)  LiTS2017 0.955 7 0. 96 — — — — —
Wang 25 A (2018) 3DIRCAb — — 0. 067 0. 035 0.7 — 6.5
Meng 45 A (2020) LiTS2017 0. 965 — — — 0. 197 — —
=R TR
%4 2D FCN pphyE s BT AR
Table 4 Tumor segmentation evaluation results of 2D FCN

Fk B DICE SE VOE RVD ASD/mm RMSD/mm  MSSD/mm
Kaluva ¢ A (2018) LiTS2017 0.7250 — 0.411 19. 705 1.441 2.07 7.515
Yuan % A (2017) LiTS2017 0.657 0 — 0.378 0.288 1. 151 1. 678 6.269
Delmoral % A (2019) LiTS2017 0.593 6 0.50 — — — — —
Pang %5 A (2020) LiTS2017 0.821 6 — — — — — —
Wang %5 (2018) 3DIRCADb — — 0.133 0. 063 1.8 — 7.5
Meng %5 A (2020) LiTS2017 0.689 0 — — — 1.07 — —
=R

2.2 E-F 3D FCN gftREpfE CT El& 5 B4
FCN ({4 Hh A 75 o 21 o 77 2NN 218 R o 1
TR AT RE . 3D BRI GPU Rl A 2 5 i HC
AT 3D B EIBRAL BN AT R, SR 3D 481y
Sy EV D5 AT LASE G s A A AT R CT %R 3D
FEPE NI A 280 T JHE I b e 14 20 RS B2 o s L
SN (2017 ) R H] 3D FCN [a] of 47 e A1 e e %)
#IZIERIR ] 3 x3 x 3 R/ B, IR T R
¥ (Li 58,2015) X0 46 73 #45 R A AT 40405y 1 5K
IR e R 3 31 3 2 ) FIAE R, Dou 55 A (2016) SR H]
AALERIEMR 3 45 E M2 (3D deeply-
dupervised nets,3D DSN) ( Lee Z,2014 ) 43| JT i,
TEA 2 AR b g | AR B2 B ML, Ao A v 7 1 16
A RIME , DTS Bl A 70 )45 B P 1 e S 38 AR B i
MFGIRE ) o e ] 3D CRF i — 254k /3 H145
Ro R T RO AT AR SR ORI R 5, 3 T =
PEAPERE , Jiang 55 A (2019) [ MERE IR G

i% $ Bt ( attention hybrid connection blocks, AH-
CBlocks ) , 255 T 4 A8 i = WL (Zha 55,2019) F
K BRERE SR UE W] TR B LS AR B 2 R P gy
F /NS ORI O R O R R
PLH5 CNN AHEZE S R 3 I g 74 0 10, OF
P T ATERIIMEE R, DL R EI T s B
/ISR A B AN LA A A BN HER L O T v IR
ANBR A, Roth 25 A (2018 ) ¥4 3D FCN LRIk i) J7
SN T U e 93 0 0, % 2 — o e R BOKG 19 5
L EEM U 3D FON & SCR B e 8 IX 5, P
A X B4 A S 2 4> 3D FCON, 500 8 T 31 7
[X 38, Rafiei 25 A\ (2018)% 2D FCN #i 3D FCN %
B R AT I B 0 fie 96 43 0, 3 4 G B T 4 4R
3 YEZH, B F ] 3D CRF A5 R 58 55 ) 2 7 fiT ik
A EILA EREER . XA TSR R, b
TNAFIFFE. S & 3D FCN 75 iF Mk 7081 _E /4 1
RER B
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Table 5 Live segmentation evaluation results of 3D FCN

Jruk: HryidE DICE SE  VOE/% RVD/%  ASD/mm RMSD/mm  MSSD/mm
Roth 2 A (2018) 331 25K CT &2 0.954 +0.02 — — — — — —
- — — 5.9 2.70 0.91 1.88 18. 94
Lu %6 A (2017) MICCAI-SLiver07
1 3DIRCAb — — 9.36+3.34 0.97+3.26 1.89 +1.08 4.15+3.16 33.14 =16.36

Dou 26 A (2016)  MICCAI-SLiver07 — — 54 1.75 — 1. 64 —
Jiang % A (2019) 3DIRCAD 0.953 — — — — — —
Rafiei 25 A (2018)  MICCAI 2015 0.9352  — — — — — —

H =R T

25 b, BT FCN (W CT B 53 #1071k
ol FH o 20 iy X5 R SCR %) 5 4 S0 AN A B
NGk, ToTEH s A RS B A RLURS 9 15
B5R AR A5 B AISS &, TR A R B 2
O I R R 7 = 1 e o S S = 5
FCN 2 HE R, BRI 5, (B /& FCN AR 5588 A 1T
22 JRy B < X6 I P4 H ) 240 1 AN BURR L B oRAE AR
S 45 2 LB T 1 5 X & MR R S Tl 37 43
KEAEADFRBRSBRRZEIN KR N TRk
X —[A) i, R A CRF B335 B 195 X FCN it 19
VAN L S R o WA i e 2 1/ £ 2 £ B O B
FEHRAM L (41 VGG, ResNet 4 ) 1 RE A A& T 1T A
H25  HAapn B RE T — 8 R 53 51 7 1]
S SR I T g R 45 1 1) R G R 28 R 2 02
M FCN b & (Mt .

3 ETF U-Net W25y AT AERRE CT
BaETTE

TEH AN BE AR, FON S48 4 1 18145 431
W5 78 B 2F R AL B 7 1], U-Net 2 #4040 9 45
U-Net . FCN ##, i1 Ronneberger 45 A (2015) ¢
L SCERIE ORIk T FCN i, (6 76 1 /D o
I AT U SR 17 00 T SRR 1 73 B 45 2R, A
FCN AL, U-Net S5 72 58 4 X BRI , 4365 W4 gt A%
kA . WO B AR PRS2 IBURFAE , 9 9K B A2 a2
SRRy BT R R R AE SR IBGR
Xof JE 14 368 1 8ORH [] RUBE R, TG FCN Y B SR AR 70
HOR TR, HH T — D B B, Z R R |
GIRGE T 78 PR BR 1% £ 73 (skip connection )

FCN i F Jin#& /F ( summation ) , U-Net fii B & #: 1F
('concatenation) ,,

R A T A AL B — PR T,
PEALMIREAAAE LD, 1 U-Net WU ZE X A~ BRI R
WIRE RGP R, U-Net 15 h—AEIMRIE Lo E]
2%, Bt I 2B ] T B2 R A T AR B, U-Net
B2 — T CNN By B FI 2%, E2 A T BR
PGS o)A R T A EE R o> R 2 S
TEMEE 1RSI0 A S HR JEAL Do JIE 1 Y ot 47 S5 D T
WA AR, a5 T MR AL CT B4
Sy R R, LAY B T U-Net [ 2% (1 J1F i i 3
CT &y B A 6 R . #EBAR S 1%
7 AT LA IR 2 R 5 o7 JHF I 41 2 X3, )
TRIZRHIESE PRS0 ) 25 R, B2 27 52 AR 43 1 1] FAR
ZAPLL U-Net HyRERHEAT R o AR 4G U-Net 452528
SR T2, AT L S Sy BR ) 2% JEF U g - 351 5
T 22 VG I IR 43 10 J5 2k L B U-Net (5 2% 5 1
G5 )5 ARSI INE g 23 807
3.1 BMERAEMES B A&

PP 25 AR e g 0 5 1 R B TR T B A o K
PR — R EE 2 ) B2z R 0 B i, A R
BB R 8 2R ] LS BT 55 0 2R
8 32 AR < e RS I A R AL , 7
PR RAEIAL ) 5 R — R RN, SR R
HIIrE,

N T BRI R, WF 5T E TE )5 U-Net [62%
SRR EAS T O . Lin 85 N(2019) O T AR1G
R TR SCRFAE S N T U-Net MRS, feJe £ FH
HVEXT U-Net fy7; B4 R 047 404k, (145 70 #1451
0 320 B I0SF-18 o O 1 B A R I bR SCRRAE
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256

64 128
]
128 256 51
PP 1—p

256 512

- 3x3 conv,stride 1,pad 1
2x2 pool,stride 2
- Concat fillters
- Upsample 2x2 + 3x3 conv,stride 1,pad 1
-+ 1x1 conv

1024

l 024
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Fig. 6 Basic architecture of CT image segmentation of liver tumor based on U-Net network ( Christ et al. ,2017)

Alom £ A (2019) $& i} 7 — 3 ) U-Net £ 1 —
A~id AR 4y U-Net 7Y, 73531 0 RU-Net Il R2U-
Neto PEERIZE A T U-Net 4% /0 45 G 54 7
Mg, Hoi, MR G RUZ A TR AL AR, AT
PASE A 3R o0 AT 55 WO R Ak, A SE 471 R o
FIPEBE. Zhou 25 A (2018) #2 T 2 F U-Net [
U-Net ++ 22884, 0 fIr A J2 OCtE AT 1 Bk BRI% %, m LA
IRIBA [ JZ OB RS AL, 4 € T e Rk 2 i 4 777 =X
IR RN H S I 7RG o Xu 85N (2020) 45 U-Net ++
FHFIFRER 35, 76 BRERAE T A T 5 22 454 LA
HE G LT R IR . 21 B A R BT DL i —
A o I 0 e 98 50 4 2R 1) o 8 P R4 1 S
‘Tio Seo % A\ (2020) 7 U-Net Ft B IR 2 12350 450484

— A B BUZ R BRI R AR B A, R N
mU-Net, FI FH I 7 2 RS 42 RT LA B i 20 3 0

GAw B R JZARAE , /NED G AT AR I R 0 4 R
ik, AT 15 70 50 RS B2 o % FFJIE A9 23 1, Zhang

S5 N(2020) SR H] T HIHL B 40 B g, 2D U-Net Xf
JF R SHEAT LIS 2 57, FE 3D FCN o JFF I 2R 4785 40 43
#0800 TR R T IR HERR . X
JEM D, ST — MO BT C Rk
(fuzzy c-means, FCM) ( Alia 45,2011 ) B k55 7K
HEJ7 1 (level-set methods,LSM) ( Deng %%,2019) , i
— AL MR 1) 43 E . Li A Tso (2018) 78 5L A 1Y
U-Net ZEA AT B8 L5 | 56 Ja B A Ik 45
LB T — MR A B B 1 8 U-Net, Rl BS
U-Net ( bottleneck supervised U-Net) , F - T HiE 1 fif
TR (1) 3 ) 5 3 42 1) B A RN BR G 42 /N f@*ﬁ
BTE—, FE R T R B AE B 2 43 1k Be

M7, 3 SN 25 45 B A 25 T 30— 223 ] £ 2
FR,Gu FEA(2019) 42 i T — Ai?iﬂﬁﬁ%ﬂ%,
Brl CE-Net, B A %4 TGEFHE (dense atrous
convolution, DAC) ( He 4§,2016 ; Szegedy 45,2016 ) Fll
T 4> 2 1% b Ak Bt ( residual multi-kernel pooling,
RMP) (He 45,2015 ) R 3R CE A R O RRALE , IFOR B
W2RE GRS w1 EE 2 B rERE
B2 ERAR 202 3D KR, ffi ] 2D U-Net 43 %]
TIEBORAGE, T 3D P28 PEREESR R K, A I HY

TR G ZnES (B FXUEE) 2D K
%, FxN“2.5D” W45, Wang %5 A (2018 ) 7EHi A,
Bk AT 3512 LA— & i BN 1) R A DR Sl Bl ke Ak

B3 HEEIR , B 22 - 11 58 1K 2 w55 70 1 45 S 1 v
Bk o Xl SRR AR AT U 2R 32338 Y
SERMATERG U 3 i R B R SUE R IF
HAZSS AT ZEIEA T A AT AL B s 76 45 R M 22 o 4%
H BRI B R RR I AR R B T s 5 R (H
BEARBUR R M ZS[E]f5 L. Chen %5 A (2019¢) #2 1T
TRl TS EEIE AR, BRI 1A 0 5 a2
111 x 1 BRUST, FEIBURHIE P v 1505 1) 5 ) £ L Y
WATSE AR $H T Chanel-UNet 53k, RERE A5 SK
2 FEE BB Z= a5 S o
TEAE R R AFPERER TS O T , 3D R4 1A
Al LLAS G RS IZ R A5 S, RS DRI B 2 R R 1
ZIAAY — A2 A % s, e B ROCR 2D /Y4
V-Net [ 28— R AT 09 BR o R R 0 HI 0 3 4k
HEBZ ML, B 3D B AZRZ )
Frig J7 2CAL BE AR, Milletari 55 A (2016 ) fiff ]
V-Net [, 25t g 38 73 i A P 15 35 OTH ik 4
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JRRAHE , F R g PR O 7 A A o AR A Y ) I E Tk
P T i BIL A 2 P 2 46 1 5 T DC T Ok 5 25
f, W7 AR R T HORE L (E S 0 BER A 0 )
BORAIEARGT s 1 T M 45 19 2 4080, 3D FCN 13t
SFAUH AN GPU N AF 25 [ AR o Ol 1 ik T G 2
[, Lei 45 N\ (2020) & 1 1 BE S Y42 E 2 V-Net
(LV-Net) T3 HI I, & i FHAR > B9 N A7, [) i)
PRAR IR F A v o P 5 1) S A R A B (-
verted residual bottleneck block, IRB) ( Sandler 4%,
2018 ) A A BUORAG 1 LV-Net 1) Zhi fith 25 1 i )
o BN, TEVNZR I BOR T 3D R B B k3 40 2k
BRAR, 1 A BE Y o HIKS 2. Zhang AR A
(2019) it 1T —Fh iz 5 IR & B TR 45 (light-
weight hybrid convolutional network, LW-HCN) , A F
TE CT PRFR R 3 S0P K FEIMR o 76 0 2% F) IS )2 f
12D B BORKRRSE J 52 , 2 HAR TR/ ] 3D R
KA B HAE AR B, MLA, 76 i B 245 1) A it S
3D DSTS( depthwise and spatiotemporal separate ) #:FH
AR Z RERE. AMUAROMEIR T HENS
B, M HAR R TAETERE

N T HEICE Z M RIEE B A E BT

TR AL AR & 2 RRAE S BA R 405 A%
JEFHIERL G AE— &, DL & o FIR B, Jin 58 A
(2018) LA 3D U-Net VN HAMK R 454, SR IG 45 & 1%
JERFE B g 2 AL B S I R SCfE R X 2 58 B
(1) 3D J3 81, 002 1 URAE B2 27 R AT 55 v S B0
PR o AER T T S ALH R RS 7, IR
JE— AR TR AE AR, R 1A Stk 2
T XAE B A BIRZFHE T, Chen 58 A (2019b) %
T EET B PR R & 7 ok Rl A R JE TR
MRFIE . AR, Ry 1AM FSRAE SRR 5 B R
Pt T — MR EORAE TR AR B RS, I
PAF TEGR N HIRGRE o ARZIREE ) T2 B
oy, eIV BT Ao g o0 5 B BB E AN
B i I e R 3 S O £ R RS BE AN UM, Bai 4%
N (2019) R IR I3 H, $ th 1 —Fh e T 22 RO i
4 B 15 (multiscale candidate generation, MCG)
3 40T 25 R 4% (3D fractal residual network,3D
FRN) (He ££,2016; Larsson 4¢,2016) il sh%¢ Bi 5
I (active contour model , ACM ) ( Kass Z¢,1988) i I
JIERIE CT JpE1J5 %, 2R 6 FIZL 7 20wl ga i 75X
LRG3 JHFFE AR e e 1 2 2R

x6 HMKHATEES BITMHER
Table 6 Evaluation results of liver segmentation in a single network
ik EAEIEE S DICE/% VOE/% RVD/% ASD/mm RMSD/mm  MSSD/mm
Liu 4 A (2019) Codalab 95.05+1.32 7.07+2.37 -1.22+4.51 1.8+0.71 3.64+1.44 20.25+5.34
Seo £ A (2020) LiTS2017 98.51 £1.02 3.07+2.01 0.26+0.10 0.92+0.37 — 8.52 £3.65
Zhang %5 X\ (2020) LiTS2017 96.3 — — — — —
Wang %5 A (2018) LiTS2017 96.7 6.30 — 1.32 29.9 —
Chen % A (2019¢)  3DIRCAb 94.6 £3.0  9.52+4.65 -0.02+0.07 8.43+9.39 14.21 +5.71 —
Milletari 4 A\ (2016) PROMISE 2012 0. 869 +0. 033 — — — — —
Lei 55 A (2020) LiTS2017 95.43 8.56 1.56 1.870 5 — 29.496 0
Zhang %5\ (2019) 3DIRCADb 98. 10 — — — — —
Jin 5 ) (2018) LiTS201 1 96. 10 7.40 0.20 1.214 — 26.948
3DIRCADb 97.70 4.50 -0.10 0.587 — 18.611 7
Chen % A (2019b)  LiTS2017 76. 60 — — — — —

=R

3.2 ZMERFREMES B %

25 2 T HEE ok 9o 2 0 5 3 e — ARl 0 HORS EEAT X
B i BR o2 BRI 7 i, AR O A 224 T 45
DR A SE BT HE M6 P (R 2 AT 55 o 32 B ST A

I8 3 #0058 T 2 M4 AR LR AT SO AT U7
3, A Ak U-Net FIRLEEAE U-Neto 5864
SRR AT A A WO T FRAE SR ECGRE T o A
PRIFBAR AT E BLAS 0 A A7 T 6 14 [ I, 2R AT 5 g
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Table 7 Evaluation results of tumor segmentation in a single network

Tk B DICE/% VOE/% RVD/% ASD/mm  RMSD/mm MSSD/mm
Alom %5 A (2019) LiTS2017 74.55 — — — — —
Seo % A (2020) LiTS2017 89.72 £5.07 21.93+13.00 -0.49+0.15 0.78 +0.20 — 4.53 £1.95
Zhang %5 A\ (2020) LiTS2017 71.8 — — — — —
Chen #1 Wang %5 A (2019¢) 3DIRCAb 66.0+£3.0 41.54+4.32 0.159+5.03 2.04+4.32 2.12+5.52 —
LiTS2017 59.50 38.90 -0.152 1.289 — 6.775
Jin S5A.(2018) 3DIRCAb ! 83.0 — — — — —
Zhang % A\ (2019) 3DIRCADb 94. 10 — — — — —
Bai Z£ A (2019) 3DIRCADb 67.0 32.4 0. 194 4.408 — 7.113
=R T
®8 ZMEHIATIES BT ETEER
Table 8 Evaluation results of liver segmentation method based on multiple networks
Jrik B DICE VOE/% RVD/% ASD/mm RMSD/mm  MSSD/mm
Drozdzal £ A (2018) BB 0.993 — — — — —
Budaka % A (2020) 3DIRCAb 0.952 9.05 7.03 1.43 — 19.37
Han %5 A (2017) LiTS2017 0. 67 45 4 6. 66 — 57.93
Zhang %5\ (2018) LiTS2017 0.95 +0.03 — — — — —
Vorontso £ A (2018) LiTS2017 0.773 35.7 12. 124 1.075 1. 596 —
Li 8 A (2018) LiTS2017 0.98+0.10 3.31+£2.00 0.32+0.10 1.16+0.35 — —
Abdalla Z£ A (2020) LiTS2017 0.962 — — — — —
Isensee %5 A (2019) LiTS2017 0.96 — — — — —
Novikov %% A (2019) 3DIRCAb 0. 959 7.87 — — — —
=R
R ZMENMBS B ETMEER
Table 9 Evaluation results of tumor segmentation method based on multiple networks
ik EEinE S DICE/% VOE/% RVD/% ASD/mm  RMSD/mm  MSSD/mm
Drozdzal 2% A (2018) IR E S 71.10 — — — — —
Li 4% A (2018) LiTS2017 86.53 £5.32 24.46£14.43 -0.53 +0.13 0.83 £0.22 — 4.74 £1.97
Isensee %% A\ (2019) LiTS2017 73.80 — — — — —

=R

ek U-Net FOROODREAEURR E— DR L S8 R 45 T CT MR A R s B

YR — MRS 45 Z R E S R—RBOE
Z R ER A RAR R o B BE o PR AN 8 Y
SR TR AR A 2 AL A A RO, — B CT
GRS A XER . Budak 25 A (2020 ) ¥ JF e i
5 FINE D — A0 R IR, 4R T 1P b 2 e e — i

), A 2 B A I 285 HAT RS BREE A 14 g A 45 I
KRB R B RIZ L BTk BRI R T 20 HIKS
JE AR BA S A5 B, 2 BIOR 825 . Chist 25
N (2017) ZRHR P A U-Net FIZERETT0 5] 25 1 4K
25 T 20 TR U, o A s T X SR 448 58 T 4
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55 2 S Eg A T EIE . B R R RE
BLF BV Toe B g a4, LISk AS i 5 v Z Bl 56
Fo Han(2017) JF & 1 — B T IR 2 B A M 42 R 2%
(deep convolutional neural network , DCNN) fi%) T i A1
I TE ) 9 1 B A B HE B2, i 0 28 K1) U-Net 1) Bk BR
AN ResNet 1Y RLAR TR & H2, OF H A 5 M AH
VTR R FEIR E A R, Mgt T 3D TR
XAF B A T F o A A B AE B, Zhang 5 A
(2018) HEA % JE A R INFIARAR v Z 18] IR AIE , 3%
B R R TS 45 1E 3 LSS (long short term memo-
vy, LSTM) 454 , A R4 & —4> CT KR (N#RY)
) MZA ARG (NERYTR) Z B YRR ST 2
ar R AT LU R AR v U L | JIE 5 5
KR NEFER D EIERE, LG R BEAR HI
PR BT I (ARifEf L B I A6 55 ) e Ab 3
(CRF JEHRESE) | HOr HIBOR ™ #5232 Fisb 31
AEAb PR 5 i i R, X 3X > [a) @, Drozdzal 45
N (2018 ) Bt 1 — iy 42 4 B 4 I 2% 142 45 7R
WL 555 10 18] AT R 43 B0 7 . BRI — A2k
U-Net 7RI F1—~ FC-ResNet ( Krithenbiihl F1 Koltun ,
2012) BRI A, & U-Net BRI S T4k BEAR AT
— LG, SR JG il ) FC-ResNet 3% 4 1 4t £k ix 46
BGRB8 o ot 7 Bk T — B2 M
26 AT BT T LA A Bl 5 A0 B, LT LA
SERSEHERIPERE . BRI, SR b Y T A B AR A
R IRZ FRAE , X 7 vk R BO TR R IR A
BRI BERICAR A . O 1o L) B 1n) i,
Schlemper % A (2019) £& i} 1 —Ff J T 5 2= B8 43
HrEfB TETE ] (attention gate, AG) B, 12T fiE
1% A 377 ) REET R MICARFIRN AARESH . B
114 AGs &I BIFRUERY U-Net ZE44, XA ( attention
U-Net ) Sk 47 T E R 1 73 1

XPEAE U-Net 5 93k U-Net 43 #) 75 AN A, AL
P4 U-Net 73 F 5 5 2 8 5 A W] 18 0 28 547 3R
17, 70 0 TS IBUTPIERZAR A8 42 SR AR ER RS B o
Horr, Vorontsov 55 A (2018 ) {5 HI > I-47 #Y 58 42 AH
[F] 1% 2D U-Net 28 R % 45 , 165¢45 I 256 PR S 2844 38 2o
i BBk BRE 2, LR BISE A i 45 R . 5 Ay
R AN RILE T, B 055 X B i 4 7 AT Aol 151
EBE, BRIGZANA T AIAE 52015 B, AR
g 5 AT TR PR S AR BE AR AR 32 BB T
At —> 3 x3 HRRTF R Al —Z 7 FI4R .

TEMCHEAY b, by 1 787040 00 1 45 2 1) B ) XA
B ,Li 8 A (2018) % 2D U-Net 5 3D CNN fHZ5 4,
FE T —F BT ALY H-DenseUNet HEZE, 1J LA R4
PRI JF I8 43 0 00 e B R AE , Herh e R
()RR AT AGE 2L TR A R R Rl 23K G R4, AT
JHFIE S eE 53 AT 55 vh AR A% T I B 1 45 R . Abdalla
SN (2020) R H]—FiR & 715, k7K 2D F1 3D 5 H1
AL, 2 EA TSRS . filiG T M 2D Dense-UNet
13D Dense-UNet Ht $i (1% F7AE, H: b P & 4B i
U-Net /K RS54 (128 1A, 38 3k B AT J8 0 171X 3
HEATERAE , 43 IR IUZ N RZ RIRRE , SE 8 TN
Wi srEl. TR 2, DL BRI AT RE R
TERHEBAEEE A LB 45 R A R e iz A
P, Isensee 5 A (2019) 531 T —Fpa] L B shidE B AL
far g5 e B B R AOHESE . B M U-Net B8 ) 4
A5 70 &—1> 2D U-Net #i%] —> 3D U-Net Fi %!
FPIASZRRY 3D U-Net FEA, Horh 55 1 M EEALSE Y
R B 73 B AR5 th 56 2 MRRRLHEAT 404k

JEV SR 1A D) 245 g A0 0 5 | N 810 I 2 AR SR, s
U-Net FIJEIAPE 9 48 (40 KL IRHEAZ (Hochreiter F
Schmidhuber,1997 ) #1 £ i #& H B C-LSTM ( convolu-
tional LSTM) (Shi 45,2015 ) #H45 & TR & I % T
AbFR— % B HE 2 A AL, Poudel 2 A (2017 ) fifi
U-Net S HERAN T 2 4553 B, SR 5 3 0 Fir il 1) 1145006
FRETT( Cho 55,2014 ) (LSTIM [ faj AL hiAs ) Xf HogkAy
Btk T I A 3 4E B R SCfE B, Chen £F A
(2016a) fi fHi—> 2 4k U-Net i-22 ARSEIBITA I A
FPRFE SR 5 1 X ) C-LSTM ST Xf H 4740 2,
Novikov 28 A (2019 ) )} XX Ju] C-LSTMs 4 il 3| — 12
U-Net [R{A R E5H S0 T Sensor3D , B 454 1 i [i]
1A AR (Bai 55,2018) Ak bR AR JE FRLA]
C-LSTM e, UBUT i 7 X2 Hed) 7 # 3D 1R 3¢
APy 2, ZR REAS 7 2] BE AT R TRl A DG
S HABSEH BRI B, i M 8 AN T AT
BT AR TR 7 BT 55 13T RE
AN TRITEAE T, s A 58 RO PR RE
3.3 S5REHEESEEWAEMES B A&

U-Net M 2% B OK1E B2 2 |88 4 # R BLAF , (H )2
I3 BIG RMIRIE ARG, 45 & — 2L Ge i Iy i, ]
LS 30 SRS Aff 1Y) 20 ) 25 2R, U-Net [ 2% 5 1% 58 J5 vk
FASE G FEARBUAE AN Iy T8 — oK 23 51 ™ 45 4
SRS AR PR I )2 UCRHE , A% 58 0 ik TR
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Table 10 Evaluation of liver tumor CT image segmentation method combined with traditional methods

Ik HiEsE DICE/%

VOE/%

RVD/% ASD/mm RMSD/mm MSSD/mm

Sakboonyara I
Taeprasartsit(2019)

Pandey % A (2018) LiTS2017 0. 587 —
Christ 25 A_(2016) 3DIRCAb 0. 943 10.7
Chlebus % A (2017) LiTS2017

MICCAI-SLiver07 0.95+0.05 9.32+7.80 1.08+4.64 2.85+3.09 6.98+6.28 59.15 +26.00

-1.4 1.5 — 24

0.923 £0.03 14.21 £5.71 -0.05+0.1 4.33+3.39 8.35+7.54 —

=R

TEAE AL G 03 80 5 A I PERERICR A4 1,
Sakboonyara fil Taeprasartsit (2019 ) 5% F U-Net ¥ 2%
XoF I AT RELIS S 1, 7 AR Y By R B R
TYMEIERA RN I, LA 1R R 304, P2
JFRERE CEREIE o eAh BT T — B i A T 4e 1 15
{ELA BB SRR AR 317 BRI (cumulative distribu-
tion function, CDF) K i A HERR A FT RE X S5k, iHE— 2042
fe 1T IE 23 30 ) HERR 7 5 Pandey 45 A (2018) 7ML 48
U-Net g5k 5eal I, fEiZ 85 i e — 2R M T HA
AR R AR (Shi 55,2016 ) Y XL A4 {1 ( Parker 45,
1983) (2 & ok S TH N ZR A B ) 2 3, I FLR G
B A Bk B TN A 3R B AR B

TEAE AL Ge 53 5 05 2647 Ja AL BEERAE |, Christ
ZEN(2016 ) R IR P U-Net W25 )5 1%, SEBLIT
JEEAN R (4 43 . A T AR Ay E S AR, 3D
CRF #1753 5 o8 T UE I J5 ik i &k, Christ 45
N (2017 ) SAEJEA (9 28k 2D U-Net [0 £8HE 42 HI7E
RZEAEEE o LI RINZ IR T A R A
ANF) R LSRR , A4 — 1> 3SDIRCADD Hfitk . 2
A CT AL A LI IR CT Kl L A IR dwi-mri
Bt B B A M AT g 1% 5 Chlebus 58 A (2017)
] 2D U-Net Az i A0, &5 Ji o e %6 0 42 19 AR, SR
Jei o TR0 [T A5 R iE 1) B ML ZR AR 23 28 45 R
R/ 7Sl

VAR, B 2 GO be T R, A TR
15, R BEE R, 30 AN VE W, O AR N R 45 14 A
X[ A, 43 #) HARTE NG i 2 A AR HLEE 1
S B A ELEARRR ) T B (S L —) L TR
RGP X I B, B3R B0 R AR UM X X — 4

Begiid b, pr LIRS 80 2 AR A 5 S 80
WA, M0 U-Net BERUE/N, 28080, G U-Net £
TR 2 G o3 o R BT, (EL G R 1 2 5 2 4]
BER I IR, 0, MR RIAR 2 e 1 0
SARVI RO A — BTG L, 28 B PERE 2 R
AR o R JEUR 4 fi] B 2544 R DenseNet 7 F) 5%
RS I0 Z55 48 2R, R ResNet 25 44 4
T B AT A S TE S g 0 285 10 1o % MK i 2 4 T
5 NG STk, AT AR M i v R 25 P o

4 ETHERX M%&) FREME CT
BG4 &I 7%

GAN & Goodfellow Z¢ A (2014 ) 42 H 19 24E 5 =X
BERY, B JC B I ZR 7 ik, o X o ) kAT
Ik, B YAl 0 AR 1 A AR 1 T E 20 A1 I F A BB 1Y
BARFEAR . GAN A s Y ( Goodfellow 45,2014 )
F4E B FHY (Denton 55,2015 ) 2H i, AF AR 2 27 )
LR B O A (— IR 48 B ) o AT B RS A
00) HHEAT G, FI BT 43 % L SR 5 AR U
o IR Bt w7 A S S AR
FHRLHY , Jo 5 e AN BINGE - S 0h " RE 1. GAN B
DIHE T B A T X B IR 2% 2 BE SR = 208 SUF B
FHIEFR R AE J) o Luc 25 A (2016) 15 UK GAN B H]
FIEG I E . GAN WAFAE— 2B B[ 1) A 5t 7]
RO 2 A SR i 5 I, A BT A [ 7 A IS 38 A
[] (R840 52 ) AN 1 - 5 BORH [ o A7 2B A [] 1Y
Ryt o PR AR X UG R A S A A R e
HERA K, BRI IIH— bR GAN AT e
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X B G BE, W CGAN ( conditional GAN ) ., DCGAN
(deep convolutional GAN) InfoGAN (information maxi-
mizing GAN) . WGAN ( Wassertein GAN ) Z£ ( Mirza F/I
Osindero, 2014 ; Radford %%, 2015; Chen £, 2016b;
Arjovsky 45,2017) o 7EHE T GAN (1% JHFJiE Jifr 98 3 1)
Ty, A s T AT IR 23 84T 55, s 4 0
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Fig.7 Basic architecture of CT image segmentation
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of liver tumor lesions based on GAN

AR L 2 — 22 4R A 2 T 0 RTE,
I HAFEIPRIE ) K o AE R RS AL B il T8
SEARIBORIE T 14 TR X, A4y sl — A 2 B R i S 2
W HPRANER o O T SE AR A TR, A2 S8 i) J LA A2
He S5 BRI SR B BARRERE 7 A8 1 Bt , (HU i
TARES: ) s X i LR W e A, wl BB AR AN AT
RIEIMR, S EIWEREIRTIA IR .t T GAN A%
SR AT RIE AR BE A R LB ST H B i R
o 2 PN € P NANEZ 25 & S €k /Y
AL TRk, G TR RIS WX B R T R
[, Frid-Adar 45 A (2018) B3t T —F & T GAN
MR G AR DL S IR . & el FHbRiEEL
Pay FeTr R R AR, SRR R E SR IR GAN,
HHHT DCGAN SR A5 0B — 20 A48 A b i k- - 9
i R S R L RERS A 2 B e LAY A 5 1
185 SR, TEATT CT Bdla 4 v e LAY HE R 48 B 1) 3
LA AR 5 CT 148 P e T 9, i B0 5 i 57
AR A0 35— L BIRYIEXS L CT #9341 . GAN [m] 4
A RASEBEAS [l 285 PR AR 2 8] 1) e o Sandlfort 56 A
(2019) A FHAE BT HT R 2% (Rl /2 CycleGAN) fiE
FEXTHE CT R B BAEXT L CT E5

GAN i F RIS Piae A W53k, S B8R A

R eV, WFIEE TR T & Ry i ak St A7 ekt 78
JHF I Ji e 43 B0 AT 55 L, e BRI I 45 1k 3R 2544
I3 3 2 T P SRR R 1 GAN 1 43 1 5 %
FET A AR A 1) GAN (123 E1 5 1280 GAN (1) HoAth
BT
4.1 EFMEREMER GAN 5787
FATRFERG IR CT G 70 H i, GAN — R 2
AR G G Al D AR AMSE A A, XS M
He— et th CNN JEATA8 36 19, LA DR B8 A -
W Ia) e, Rezaei S5 A (2019) $2 i 1 45 14 2E i 40
A2, T8 B B ) A5 AR DR o 322 9 45 e A T R
2% FII 28 FN AN AL R 453X 3 T80 2H A, Herp 4 A
ZRAL TR T FE A , A TE BT I v B
Yl s GAN BERUR {8 F T 2 4E=3 [a), 1 Hidi T
3 YEzsia], —SefPsEaE R F LA 8 1] 3D GAN 47
JHFHRE AR 731 0 Yang 28 A (2017 ) 42 H 5 XS Btk
PGS R I 25 1) B 3l 23 BT ) 8805, 1%
2R Ry I 5 0 ) A st , R FH A AR i 8 5t — i 1)
WA I Z R E R . R TE I SR R rh
i FOSHT I 45 0F DX 43 F 0 4 1) 205 2R 55 L5 4y I 235
SN W U Rk — 20 2 R o> BIERE , T
B A 0] 8 AR B RUR . SR, 25
BRI B4R 5k BR 2 18] 28 (A — 2, it
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Table 11 Evaluation results of liver segmentation based on GAN network
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Table 12 Evaluation results of tumor segmentation based on GAN network
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Chen F1 Song % A (2019)  LiTS2017 0.684 — — — 0.52~0.46 0.69 ~0.73 27.8 ~21 147 ~ 124
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Table 13 Comparison of FCN, U-Net and GAN network structures
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