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Accurate segmentation method of liver tumor CT based on
the combination of deep learning and radiomics
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Abstract: Objective In clinical diagnosis, the manual segmentation of liver tumor needs to have anatomical knowledge and

experience, which is highly subjective. Automatic segmentation of liver tumor based on computed tomography (CT) medi-
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cal image research is important in guiding clinical diagnosis and treatment. It can form accurate preoperative prediction,
intraoperative monitoring, and postoperative evaluation, which develop a perfect surgical treatment plan and improve the
success rate of liver tumor surgery. However, a typical medical image is complex, which may contain many organs and tis-
sues. In the imaging process, it often produces more or less interference information due to the influence of imaging equip-
ment and human factors. According to the imaging principle and characteristics of medical imaging, not all information may
be helpful for medical diagnosis. Whether CT or magnetic resonance imaging (MRI), as the common chest and abdomen
scanning, in the imaging effect, the image contrast is low; the boundary is fuzzy; most of the time, accurate segmentation
of interested organs and corresponding tumors requires clinical anatomy knowledge of doctors. In general, many boundaries
are achieved through consultation between medical personnel. Notably, the automatic and accurate segmentation of liver
tumor in medical images is a great challenge. In this paper, an effective segmentation method is proposed by combining
multiple deep learning techniques with radiomics. Method First, a cascaded 2D image end-to-end segmentation model is
established to segment the liver and tumor simultaneously. The segmentation model adopts the U-Net deep network frame-
work , which connects the internal modules of the encoder and decoder and the layers of the encoder and decoder intensive-
ly. This diversified feature fusion can obtain accurate global position features and abundant local details or physical charac-
teristics. Sub-pixel convolution is added during upsampling by pixel shuffling multiple low-resolution feature images to out-
put the high-resolution image and make up for the loss of some image texture details. Given the small area and volume of
the small tumor area, feature disappearance or weakening can easily occur in the convolutional neural network. A new
attention gate model for medical imaging is used here to improve the segmentation performance of the tumor. This model can
automatically learn the target with different volumes and shapes, which is suitable for liver tumor with the distribution char-
acteristics of volume and shape polymorphism. Morphological expansion and corrosion may lead to the loss of some small
areas, which are not continuous. Considering that CT scan is continuous in a short time, the lost areas can be recovered by
using the continuity of this image in time. If there are segmentation regions in the former and latter image, but the current
image does not, then the average value of the segmentation results before and after the current image is used. Given the het-
erogeneity of malignant tumors, the radiomic characteristics can be an effective, non-invasive imaging biomarker. In this
paper, the radiomic features are divided into eight groups: histogram statistical features, gradient features, run-length tex-
ture features, gray-level co-occurrence matrix texture features, shape-based features, second-order moment features,
boundary features, and three-dimensional wavelet features. According to a known research scope, considerable domestic
and foreign research literature of radiomics show that the comprehensive performance of the random forest model is the best,
and the random forest classifier is also selected to remove the false-positive tumor. Some segmentation areas are more accu-
rate after morphological operation, but some segmentation areas will be larger than the real results. Therefore, the edge
contour must be further refined. Here, the classification based on 3D image blocks does not need complex convolutional
neural network (CNN), and simple CNN can achieve a good classification effect. The AlexNet model framework is select-
ed and adjusted accordingly to refine the contour. Result The experimental data are from 300 cases of liver cancer in the
imaging department of the cooperative hospital. The liver and tumor in each sequence are segmented and labeled by medical
experts for more than 10 years. The average accuracy of sensitivity, positive predicted value, and Dice coefficient in the
validation results are 0. 87 + 0.03, 0.91 = 0.03, and 0. 86 + 0.05, respectively, which are improved by 0. 03, 0.02,
and 0. 04, respectively, compared with the model with the second performance. The training process of the method pro-
posed in this paper is not end-to-end but is completed by three learning models, which are generally carried out on the GPU
server under the Linux system. After the model training, the image can be arranged in the server or the general PC client.
If the image is in the server, the image needs to request and transmit the sequence image through the network and then
return to the client after segmentation. A typical way is to upload the image to the server and perform offline batch segmen-
tation. After processing, only the segmentation result data will be returned. Conclusion In clinical diagnosis, the automatic
or semi-automatic segmentation of the liver and tumor in CT medical image by using artificial intelligence and computer
vision technology gradually replaces the pure artificial operation mode. The method proposed in this paper is not limited to

the segmentation of liver tumors but also applicable to the segmentation of other medical imaging organs and tumors. In the
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future research, we will integrate the generative adversarial network technology to improve the segmentation performance.

Key words: deep learning; radiomics; full convolution network ; attention model; dense connection
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AR T 4% (fully convolutional network , FCN') ( Shel-
hamer 45,2017 ) fr & X, #H FCN #y2p FE AR,
Pinheiro 55 A\ (2016 ) ¥R Z R IE S = 2 18 X4 &,
AT LIRS 2R 53 B IORG . He 55 A (2020 ) F1 Hu
£ N(2017 ) 7 Pinheiro 48 A (2016 ) #F 57 1) A filf |
RLEIR AN i, It Mask R-CNN 282044, i
RBREE 2] h HEAT R S 451 53 1 ) — T s HTREZE
U-Net( Ronneberger 45,2015 ) 75 & % E 4 /0 %) L F£
B TSR 3 FIROR A BT E U-Net 1] DL U2
FON [ — B S0t X 45 , 122 465 #4762 ) 25 J 2 328 4 0 />
WAL )2 12 RV 4R FE | ] o 7 i B 2 18 A0 18 S W 14 )
Y7 AN A [ GERE , G g 0 i L) 2 22 ] 38 5 £ 78 TR
FEERE F I RE Y Bl i 4 SE ar b i 52 H AR 4l 1
Toitse FCN it U-Net #80] LIS 5 47 e 2] 3 445
123 7] ( Cicek Z%,2016 ; Milletari 25,2016 ; Korez 25,
2016) .

FCN Al U-Net &544 72 3 T HFE R #2145 14
3% Vorontsov 5 A (2018 ) fdi JH 4 >4 1k (1) FCN
Xof B 55 fih 968 [] B 5331, Pang 45 A (2019) {1 5
Vorontsov 5§ A (2018 ) 2 {BLfY 3 3 iy 25 1k KELAEL , [+] g
FIFH N Bk A FROR Bk FRAE 7Y 32 B, Rezaei 55 A
(2018) SE i I — 4~ H AR I 9 CNN 8 3 783 [X.
B, SR 5 T A I DX E— 24 FON #4731
Li %5 A (2018) fgi 1] U-Net #4753 %1, IR 7E it 2% 5
A A 0 BT ) I A S

X CT B¢ MRT X9 2 2 U0 v UR , 72 55
FESC AT AB A T 1o B AORS TR) 0 7 1), R0 T AR
B MR B R, T DL AT DLl A e P g i A
M 22 N 4% ( recurrent neural network , RNN) #4743
#lo Xu 5E A (2019 ) {5 FAH OB AT i i 8 #4773
#, Liang 55 A (2019) HJ&fdf H] RNN #E47 JFFJIE i 78
ARSI, 2D %ok I 98 2R 4 2 1 9 R G STk . 24
T — IR R Al P AR X BT 9 4% ( genera-
tive adversarial network , GAN) JF47 B= 24 KR 1457 ,
Cirillo 28 A (2020) % GAN F T Jixi it ded 1) 43 1), Chen
SN (2019) W) JT - BF JUE b 968 43 0o Yang 58 A
(2020) =T GAN $ i —Fh & [T T B 27 R 0 %1
AUHEZRAR L . Rezaei 55 A (2020 ) ¥5 RNN HYIC1Z2)

AERIAZ] GAN AT B ER A 70

AR 2SR 2012 AP Al 3, &4
b AR 2752 A5 v B P T g DX s i SO B B B
AR GH A NSRBI — R R R B R AR
HPIREY) o Aerts 5 N (2014) F| IR AG 24 A AL AT
FEP UG —E R, TR — e R E FIEW] T2 R
FEAIE 5 9 0 s AR I DA B 3500 2 R P O I 1 o W LA
F i B AR RN 0 R K P S O B o >
TEARWFR RS T AR, PRI, 2R
ZH 2R B2 R AR U Y 1o P PR R e, A8 A B R
A ST E R IZ AR T IR SR &
i L2 BB 2 19— 58 A7 J7 9 T A (Lambin
&: 2017) .

TRBE 5 2] 78 B2 2 AR Sl iz e 5 & e
i1 CNN H S BUZ AR R IR R A AN L3y gt
Chand-craft) ¥ E £ 4 B 1 402 25 0 10 T
( Afshar 4¢,2019 ; Parekh FlI Jacobs,2019), Yang %
A (2019) 7E{d ] CNN 42 B AR 41 27 KR4 1 [m] B
BT HoAt R AR Bk | L anfili 24T 5525 2] 3 24
LRAFZWAIR bR LT 25, XS AR
215 (PN s NI 1EE S

EASTE R A, 703 B8 46 50 Lo B At 1) 1
BUT IR SRS S =, ok —
AGE— 1) CNN BRI $2 IS FURRALE , 17 hand-craft
SR " E AR e B S AR A3 AN AT LA T
g —n it 5, T H B BE 2 B P b DXl T A
DX ) S A8 o PRI, BT DAGE 3 hand-craft 5245 41
SR AT A5 23 B B BH P 1 R X, A AR 4
E 4k

ARSIy B W R 43 FIHE 2 5 Vorontsov 45 A
(2018) 5 Pang 2 A (2019) J5 ¥ it I 45 26400, {H
i PR U-Net 4108 T FCN, Li 48 A (2018 ) J5 %
) U-Net o A 22 B 7 [a] E 1Y Dense %45, A3
HE— MK %455 ] BN A Dense %4, 7]
IS TR B ) v i T 3 AL AR H A RT3
R INIE X WK o B, SCHR T R AT 1 2
WG A3, B R R AR 2 L BRI A 4
FI TR R W 23 AT 03 ), A% 38 5
A BRI A SR a4y, (R 2 Ry IR A o B A A
BV B X IRE S B R B, e A B i o
TR 73 IR
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2.1 RSk

Sy EI TR AR ARAE R AN 1 FIE 2 P,
AFEINGRATI BGA-EB53 B 1 PIZRA G AR 51
B | 23 R BH A 1 3 A5 R R 30 25 5 5 A A 1) 43
ARy, o] DURI A U G il T 2 A 3 B ARLG)
T UG T 535, 2 BB AT DLE A 3 4k n] A
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HERERRTES> R 12

| GEET
JRERHE I

AR bR 5> FIHE RG]

(2) INZRATIE S PRl 73 AR

T I re—

A EhRE | Zk%ﬁ%ﬁzﬁ ||t
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1 | P —.
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(b) INEREBRABRH A 53 245
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PR S IR
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1 BRI AR HE 2R

Model generation framework ( (a) liver and

SRBUBH AR
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BEHa
TR

ok | [1ox

Bk BT 5L

AlexNet [
GrAERY

')

Fig. 1
tumor segmentation model; (b) classification
model of removing false positive; (¢) classification

model of refining edge contour)

B2 B o FIHESE A

Fig.2 Chart of segmentation prediction

2.2 HERE

JHFEUE 5 96 s R A 0 977 Ji€ U-Net #4731,
P 3 g IR FIRERY Mg 20 1 R 2% 5 1 3 Ay —
DXTE T4 A )G B EE o 4, B T R g2 3
W ER A, G 0T — A~ U 4 50 90000 MR %% R
P U-Net 215 f5 nl DL 52 B8 i 31 g 149 )1 25 55 T
INARGMAFR Y 1 (a) Frzn o 73 IR HEA ) 45
ZRH 5 U-Net fre5—20, 36 5 228 204 , 4045 2 15
i Uit B i A 4% o S A% 4% Ui {8 DenseNet-169
(Huang %%,2017) — &R, A4 4 1 dense
block £ 3 /™ transition layer , %5 FH38 18 2[5 € N 32,
AR TR T D s 4R B, AT AT L sk A I
AL Z W TURFHE, 6 2 1) BEER % 42 (skip con-
nection ) PRIE 1 J2 B B 1L 28 , ZES TH6 2
T[] i BTN 2 4% 3 42 Jmy e A A o

i T 25 i 5 2t i e i AR XTI, e R IET 7 x 7 R
ROPERE 112 x 112 R PERET 4 R ERAE,
SR Tsola 25 A (2017) iy FRAE 56, B B )2 112 x
T2 AR ZRRHIE UG it — W S G B AR 3] 224 % 224
BRI, B J5 81 Sigmoid i Ji X 18 % 43 28 52
MorE

H T ERAE R R b 2 45 2k — S R R G Y
N T URAMR R, T ERFEA R TP IMA T B R ER
(Shi §5,2016) , HAZ.CEARWE 4 Frs, #@ o —Fh
W Z MR PR IE R A TR R VR (pixel shuf-
fle) i 2R e 0 BRI

W 3 R, AALAT LUTE 4 B 4 o 38 o 2 4>
dense block 72 2 AR IBURFE , 7 4 ith s F Ak it s 1 2
Z[a) L n] LL3gE i 224~ skip connection, Zih5 %y )2 18
o S AR A 2 — B0 b SRAE DTk T DAAR I ] AFAE
G, 3 23 4 J2 b )RR AE R 1) % 4 skip connec-
tion , 3% 538 2 1 % 5 A A 2 1A 5 SCIERE, X S
dense 4 #2 [1) JEVHE S — 200, AT DhitE— 20 o e R 1y
BB, NGR4T+ 2 R e it o

A AN Y e DX R R TR AR L, R
TG EHRFEN, FEG & W 2t 25 5 5 R FE
METH R BB B4, A 1 S 4 b £ o e 1 23 1)
PERE , 87 FH—F T B2 27 iU A B B4 7 72T (atten-
tion gate, AG) #4714 ( Oktay 55,2018) o LYY ILH
TET RN B 3l Q1T AR G TR ARAN IR L 28 22 S A
KA EBR, T M BA R S IR 2 251k 1)
SRR R B AR 3 5 PR A 0
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XU=MS, Xkm, ECF5, &M, AEE, D, 5], FE, HER
REFIEEREBFAIFTIEME CT 5E

mAkg 3 32

32 32
"""" b
§ ol [ A [ — '—-«-@» -l —
X o o
M =1 =1 3
N 1zl £
& afaf 3
— - - N
4 A7 A
-------------- > -----..-3‘_.@,
§ § ol g} = conv7x7.ReLU
X X
2 ﬁ‘ / "l 2l = conv3x3,ReLU
v 0 J  max pool 3x3
| 1 ........... > I-_._:?,®, | #l e dense block
LIRS ] Sc\°1 ¥ transition layer
¢ / * M Aupsampling
I g o] =
} ‘r ---» skip connection
“ = T\ I @ attention gate
K3 Iy HIBO 25 454
Fig.3 Network structure of segmentation model
FARIA R n, NHERIS S AR,
#:r’?; Hr o ‘11‘4;‘12;5 .

| FEEERZ

K4 THRIEEPHER

Fig.4 Subpixel convolution model

ERTTRE XA S fros. Oktay 55 A
(2018) Jy i i i S 3 4 AL 3, [A)FE 3 T T
2 HERME R AR AR RS R D LBR, R
Ix1x 1 %R 11, EH 1 FZRERIZEE, o
ETE TR MR B ARl DB R R S )

MRS

EH

ReLU(s,)

Eatie- e

oK, DTS G AR AN AR S B DXICHEA T 400, %o Jge
DI TIE N , 3R AG 2558 W] L5 i b 4 i 1) 45
FibR v B9 CNN HEZE rh, 4018 3 Frn, B & 4R 1 3
U-Net SRR, g — 20 $i oy 1 000 RS 1 3 S5 B I R
B,

Sigmoid(s,)  Resampler AT
J }—>| >R
Eay ! SRENE EREE

FNFHIE B8

& 5

ERTTHE LA

Fig.5 Semantic structure of attention gate
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2.3 SEIEE

Bl kg 43 S T 1 235 SR AR R A 2R R A, B
62 T2 bR T IO ) R 38, ) 5 255 AR 4K
HIGFEEE R [0,255 ], iR HERLIE B 1 — 43 1 1 K
FERMG SR 3T F 3 0 AHARERAE , o 23k 41
() ZAE IR, 255 AR IEOGE XL, 0 R A FRIR
BRI, B T EERT BT S A,
8T 3 x 3 (HRAEAL, 40 50 3% St AT PR U I AR I
-7 38

EAERIK S e e 8 — 2R &
SRR E S BT CT A5 %0 i B N 2 % 22 41
i, K 6 s, B e A CT BIG g 2L
5 TR A A8 Ak, Xk I DX 3k 5 5 2 Ji g DX 3, 7
AR e 1 B ] P 8 Ak s B2 A8 /0, RT3 A A
QAR E)_E A3 2ot 20 KB A TR A . 2R —
i R B AT — W 5 )5 — e R 4 38 DX, T >4 i
PGB, DU P Y i R S 23 B2 2R 0P 4

K6 CT[Ef5dEgt

Fig.6 CT image continuity
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e N T RORF-, B PEREASSRAE 1000 4~ M
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Aii, BAPEREAS R /I S 42 B 2] 00 A3 BEAT R A . 2K
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HSEEe
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BURT 25 i SRR . B AR 6 FPOT AR L
PRGBS R MO I BRI R R, — b
18 ML

AR TR BT RO, 7E N AP R i AR 2
HORTSE STk K B, BEATL AR AR BY 1) 2355 1R BB S B
FERY, R, EPEREHLARAR 73 2545
2.3.2 %Atk
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Fig.7 Diagram of external pixel range of tumor area
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HELEWAS 64 TWIA, E A 128 Wil , HiE i —1
256 i@iE AR NE 8 iR

@ 1x11x11x1—H 3C‘;“V3 3x3x3x128
X3X
¥ | ReLU
Conv 11x11x Conv
3x3x3 11x64 3x3x3 3x3x3x256
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333 ReLU L EFA] e

K8 JHHEJS Y AlexNet [ 45251414

Fig.8 Adjusted AlexNet network structure
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Tesla P100-PCIE-12 GB, 7 Ubuntu 16. 04 ¥:4F 2 4
T i i Python3.6.5 JF k&, # .0> FE £ $& tensor-
flowl. 12. 0, keras 2. 2.5 F/l cudnn7. 1. 4

JIFEE CT %dk 50k A BN A& AF B2 B 1 52 1%
R, A4 300 M N HEAT 5 A5 58 SURAE R I 2
A CT P HIALHE 70 W24 2 e g, gy
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8 JHFFE 5 g #0010 4R LA B 9 B2 24 % KA T4y
FIPRTE o

TESF VBRI 25 b, B S 5000 25 009 9 1)
240 > CT, &4~ CT 2RI 25 1@ 1R, 2 512 E&
SECH 6 000 1, AFEATEEI R, (1 Adam
A, 2 > FRAE IR 53 0] 00 Jk Ak o 22 56 0. 000 1
F10. 000 01, batch size ¥ & Jy 32, Y 25+ [813 H 5)
PRAFA R Je/ N Y ) 28 A5 30 Je ALER, epochs Bt KAB 1%
BN 150, Q2R IESE 10 4> epochs J5 45 2 AN i /b ) 45
1B,

TE 2B BB A 1 23 A B vh s 5 B BIL 2R bR

(random forest ) Fv5 , 5 Ho At FHASE AL RE XS Hb 0
1A Frn . Hoh BRI G S AR S 20
— 3 1Y) DO 245 8 R O S e (S ol Xk L Y S 4U(EL
Hrr, n_trees  penalty , C Fll gamma 7351 & 75 P SR
(RS ST R Y, A AR B AR 1] i R S
. W9 AT LLE ), BEHLAR AR 2 25 1 1y AUC
(area under curve) {H A LI ] 0. 99, A i & T HiAth
3 AR, BRI — o0 S PERE

F1 SEEBERK

Table 1 Classification model comparison

Vi sy X KB SE 28 SUHGIEAERG R
BEHLER R n_trees = 300 0.94 ( +0.04)
SVM( rbf) €C=0.1, gamma=0.5 0.91 ( £0.05)
SVM( linear) C=1 0.87 ( +0.04)

Logistic [A]1H

T LT AR el 2

penalty ='12", C=0.001 0.80 ( £0.08)
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Fig.9 ROC comparison
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REFIESRREFAIFTIEME CT 5E

R 2 CNNJlIZHaEELE

Table 2 Performance comparison of CNN

CNN 57 e % YL BE
AlexNet 0.96 e
VGG19 0.91 18
InceptionV3 0.91 18
ResNet50 0.93 18

L P R R LA

R3 BEGRIERELLR

Table 3 Performance comparison of image block

e =S NiTIES
5%5x%5 0.91
7 x7x7 0. 94
9 x9 x9 0.95
11 x11 x11 0.98
13 x13 x 13 0. 96
15 x15 x 15 0. 96
17 x 17 x 17 0. 94
19 x19 x 19 0.90
21 x21 x21 0. 88
23 x23 %23 T sk

T L P R R L4 5

ZRHATIN R TESA AR AR R 280 Lt b (T
24 2J% 4 0.000 1 Fl momentum &y 0.9 A& Bl ALES &
T (stochastic gradient descent, SGD) {fifk 75 1 it
TR (fine tune) , 3X A% 23 BURT B 5 19 20 S PR BE
K% 3k ih K5 ~ 15 75 B N batch size X B 4 32,
17 ~ 23 JLE N batch size 158~ 16, [F)FE) 2 5 8
it [ 8 3R A 52K fi s 1Y R 2% A B e A
epochs fx KA BB A 200, 4N 5% %2 10 4> epochs J5
PR ANE D WA 11 25

EPERHUR B (sensitivity ) | Ay F 2R ( positive pre-
dicted value , PPV ) F# 8 22 3% ( Dice coefficient, DC)
YER o EIVEREPRAG AR, B 2

_IPATI

Rsensitivity - | Tl (1)
| PNTI

Rypy = | Pl (2)
| PNTI

Rl)(l (3)

TP+ T2
A, PACRGZ WA, T SRR R S,
gERINFR 4 s, i A VEEBCEIRER A TT
s g LiTS(Bilic 5,2019) py 545 R .

M ECEEEE SR bRl LUA A SO R e R 1
P S B AR b 0, I e B 45 R 5 & Kb
HEFEAW G 18 SR & B, 35047 B 45 AR T

x4 SEIMRELLR

Table 4 Comparison of segmentation performance

e A Pang % A (2019) Vorontsov % A (2018) Li 2 A (2018)
e P Be i & LiTS [ e it 4 LiTS B e i LiTS B e i & LiTS
sensitvity 0.87 £0.03 0.85 0.80 £0.03 0.79 0.82 0. 04 0.79 0.84 +0.01 0.85
PPV 0.91 £0.03 0.89 0.84 £0.03 0.83 0.85+0.05 0.82 0.89 £0.02 0.89
DC 0.86 £0.05 0.83 0.78 £0.02 0.78 0.80 +0. 04 0.78 0.82 £0.02 0.82

LHRE, T AL SR T RS
9% 55 555 DR IR BRAE AR IR AR —E e 2 IR, T LA
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((a)ground truth; (b)ours;(c¢) Li et al. (2018);(d) Vorontsov et al. (2018);(e) Pang et al. (2019))
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