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CT image classification of liver tumors based on

multi-scale and deep feature extraction

Mao Jingyi, Song Yuqing*, Liu Zhe

School of Computer Science and Communication Engineering, Jiangsu University, Zhenjiang 212013, China

Abstract: Objective Liver tumors are the most aggressive malignancies in the human body. The definition of lesion type
and lesion period based on computed tomography ( CT) images determines the diagnosis and strategy of the treatment,
which requires professional knowledge and rich experience of experts to classify them. Fatigue is easily experienced when
the workload is heavy, and even experienced senior experts have difficulty avoiding misdiagnosis. Deep learning can avoid
the drawbacks of traditional machine learning that takes a certain amount of time to manually extract the features of the image

and perform dimensionality reduction, and is capable of extracting high-dimensional features of an image. Using deep learn-
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ing to assist doctors in diagnosis is important. In the existing medical image classification task, the challenge of the low
accuracy of tumor classification, the weak capability of the feature extraction, and the rough dataset still remain. To address
these tasks, this study presents a method with a multi-scale and deep feature extraction classification network. Method
First, we extract the region of interest (ROI) according to the contours of the liver tumors that were labeled by experienced
radiologists, along with the ROI of healthy livers. The ROLI is exiracted to capture the features of the lesion area and sur-
rounding tissue, which is relative to the size of the lesion. Due to the different sizes of the lesion area, the size of the
extracted ROl is also different. Then, the pixel value is converted and data augmentation is performed. The dataset is
Hounsfield windows, the range of CT values is ( =1 024, 3 071), and the range of digital imaging and communications in
medicine (DICOM) image is (0, 4 096). The pixel values of DICOM images have to be converted to CT values. First,
we read rescale_ intercept and rescale_slope from the DICOM header file, and then we use the formula to convert. There-
after, we limit the CT values of liver datasets to [ — 100, 400 ] Hounsfield HU to avoid the influence of the background
noise of the unrelated organs or tissues. We perform several data augmentation methods such as flipping, rotation, and
transforming to expand the diversity of the datasets. Then, these images are sent into the MD_ SENet for classification. The
MD_ SENet network is a SE_ ResNet-like convolution neural network that can achieve end-to-end classification. The
SE_ ResNet learns the important features automatically from each channel to strengthen the useful features and suppress use-
less ones. MD_ SENet network is much deeper than SE_ ResNet. Our contributions are the following: 1) Hierarchical
residual-like connections are used to improve multi-scale expression and increase the receptive field of each network layer.
In the study, the image features after 1 x 1 convolution layers are divided into four groups. Each group of features passes
through the 3 x 3 residual-like convolution groups, which improves the multi-scale feature extraction of networks and
enhances the acquisition of focus areas features. 2) Channel attention and spatial attention are used to further focus on
effective information on medical images. We let the feature images first go through the channel attention module, then we
multiply its input and output to go through the spatial attention module. Then, we multiply the output of the spatial attention
module and its input, which can pay more attention to the features of the lesion area and reduce the influence of background
noise. 3) Atrous convolutions connected in parallel which refer to the spatial pyramid pooling, then we use 1 X 1 convolu-
tion layers to strengthen the feature. Finally, we concatenate the output and use softmax in classification. In this way, we
can expand the receptive field and increase the image resolution, which can improve the feature expression ability and pre-
vent the loss of information effectively. 4) The ordinary convolution is replaced by octave convolution to reduce the number
of parameters and improve the classification performance. In this study, we compared the results of DenseNet, ResNet,
MnasNet, MobileNet, ShuffleNet, SK_ResNet, and SE_ ResNet with those of our MD_ SENet, all of which were trained on
the liver dataset. During the experiment, due to the limitation of graphics processing unit (GPU) memory, we set a batch
size of 16 with Adam optimization and learning rate of 0. 002 for 150 epochs. We used the dataset in Pytorch framework,
Ubuntu 16. 04. All experiments used the NVIDIA GeForce GTX 1060 Ti GPU to verify the effectiveness of our proposed
method. Result Our training set consists of 4 096 images and the test set consists of 1 021 images for the liver dataset. The
classification accuracy of our proposed method is 87.74% and is 9. 92% higher than the baseline (SE_ResNet101) . Our
module achieves the best result compared with the state-of-the-art network and achieved 86.04% recall, 87% precision,
86.42% F1-score under various evaluation indicators. Ablation experiments are conducted to verify the effectiveness of the
method. Conclusion In this study, we proposed a method to classify the liver tumors accurately. We combined the method
into professional medical software so that we can provide a foundation that physicians can use in early diagnosis and treatment.

Key words: deep learning; liver lesion classification; multi-scale features; feature extraction; dilated convolution
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Fig. 1 Atrous spatial pyramid pooling

AT ekt , MD_SENet 1) 3 TRBUZ A 2 Fi
B REE T 1A 1 x 1 B3 A
3 x3 Mzt 1 x 1 SRR EUR MG E
343 x3 23 A BRI ik 26 53 Bl 6,12,18
(Chen 45 ,2018) , fift AN [R] A4 B2 I SR A5 1 F 25 JBOAR
) RS U 1) 224 AS ] EL 31, 6 0% 7 A5 3] 111G AR T
FRUBE () [T P2 T X 265 1 B a2 B, SR 038 2 94T
2B RS B RRIE 7 B 20t 1 x 1 B ROk s 2
BB 2 RBERRIE , 97 5 F 21t Ak J5 15 20 A0 RRAE &
TG . HRLEMR B2 1 <1 B, 55
e K N Fr R AS(H BB 3R A5 5 iR 2
T 23 18] & -85 HLA 0 R SRR AIE , 340 BB BN 7243 1
PR E I E U R, BARRR N
F' = a(f™ /" (P(F));
SEEYPETOF) ) 5 SRR )

SRR ) 5 PO(F) ) (8)
K, P, o FHAL, d FoRIEICR (dilation rate) .
R T REME A ROR FH =22 mina ke X R i) 4 S DA K Jmy s 1)
FRE(E B ARSI A& TR 2008 1 x 1 B RS 2] 594 1
B Z WA B RFE AT — AR N B 4 ke B 1k
EENS

K2 s K
Fig. 2 Detail of the bottleneck

1.4 BEEESRIGT AR W% %M
AR AR A 3 TR, 2R A il 3 A
3 x3 & 4 4 block ISR FRAE HE BUBE B ( enhanced
feature extraction module, EFE) UL & softmax #4 i,
JiR ) SE_ResNet101 YR AJZ 2 —47 x 7 B},
N5 T xT BPERTG A RS2 B AR 25
fiE R 3 4> 3 x 3 B (He 45,2019 , iXkE
RES I/ D S8, 2 ) B 0T HA X A0k 1 kb3 2

DCRRFAE . S 1 B TR 2 U e B X Y 22 R
JE R HRBEAFAE 7 R RUZ S BT, b A il 2k [R5
RAE RN SR P RS, R S0 6 2 RO R AE
PR B (multi-scale feature extraction module, MS-
FE) | % & 47 fF £ BUBL B ((deep feature extraction
module, DFE ) LR 5 FFAIE $12 OB B X SE_ResNet
(Hu % ,2018) 1 W 4SS 40647 T 004k, BAA R
B = a(f.(6(f.(P,(F"))))) @F" + X, (9)
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o, B FRiEad bottleneck J5 HH Y, £ R i
1), 8 3R ReLU WU BREL, X, e RV FRIRIEA
bottleneck Z R %) 4R FFAE A

AR SCAALHY bottleneck Hi 25 R FRAIE HE BB |
TR EEFPAE A OB e L R 3 i AP A R IR AR i, 3]
YA /A B 45 8L ( Chen, 2019) A4 8: T 38 45 71,

T RGN AE , 32 T1 3 MG B, 1 A RO 25 25
My BB & R 1 Fios, Forp € ( convolution
layer ) . AP ( average pooling) . MP ( max pooling ) |
FC(fully connected layer) I FEREHE SEH
b SRR A RN 4 32 T S BRI O B R
N R TR

HTAnps:

D OBt )

£

¥ N E

K3 AR R A
Fig.3  Overview of the proposed method

x1

MEEMRESHIRE

Table 1 Network structure and parameter setting

A MD_SENet 242544 K 2484
C:3,S:1,P:1
o C:3,8:2,P:1 C:3,8S:1,P:1 ’ ’
FHEESR ] ] BatchNorm [MP:3,8:2,P:1]
BatchNorm BatchNorm
ReLU
MSFE MSFE MSFE MSFE
iR ENEN DFE DFE DFE DFE
EFE : 256 EFE : 512 EFE : 1 024 EFE : 2 048
IHEEIE [EFE : 4] [ Softmax |

2.1 HEE

SEZUG FH A KR 45 2015—2018 4R AR T
W NRERRER 5 127 WEE S CT 141 #14%
CTH#ERMS ~7 mm YIF,512 x S12 18R,
ST HERE R 0. 57 ~0. 89 mm, FUHEAEALHE 190 4
BETTE K CT F135 1 4 Fhopg k288 Horh 35 5%

M BT IR 8 ( metastasis, MET) . 40 ] Ifi % 9%
(hemangioma, HEM) .62 {41 JIT- 4 A 4% ( hepatocellu-
lar carcinoma, HCC) F1 53 4] 1E % 20 21 ( healthy) .
TR XA A L & AT T ARl IFiE
o 37 A B PR B U5 0 AH L2 W, B s A A T 4
B
2.2 &G ERKWIEE
2.2.1 kb

PR P BARFEA AT IAL 3, BLAD RN
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(a) FRAERTIRE  (b) IMER (o) NTAuNasE (d) fekp
4 RS A

Fig.4 Typical samples of liver dataset
( (a) hepatocellular carcinoma; (b) hemangioma;

(¢) metastasis; (d) healthy)

1) BOGER X I (ROT) $2 1, RIGZ 5+ 5 52
GRS A b TC Y T 98 e J5G , B B o S Y
ROL, g 1 54 IFEA (8 Z2FE A [a] Fsf DA A 5 114 ST JEE 2
S ol [ A ) Ay R P ) R X

2) BB R AH, CT {H /Y 507 2 5 i JE 7K 7
(Hounsfield, HU) ,JEFIJZ( -1 024,3 071) , e B T
HEUF X FFL R B, B B R 5 IR
(digital imaging and communications in medicine, DI-
COM) A% 2 114 P 153 I il 6 J2: (0,4 096) % et
7 2 N DICOM Sk SCH 2B RI ( rescale intercept )
F1 RS (rescale slope) X I MR&(FE ., M CTHS
BEAAZ BB FARTE Rl ik N

HU = PV x RS + RI (10)
X, PV RIRR R, TEA R L, BE XS A SR
AR, BCRS = 1, RI = — 1 024 , I HFIE
4930 B B 1) S [ = 100,400 ] ( Christ 25,2016 ; X137
4%,2018)

3) FGIE R . S TSR KRR 42 T 2% 1Y
ZALRE ST KPR B ROL 8 o AL R ES  JH A8 BT
A A8 e 55 5 A T B 1 o
2.2.2 BRI S5SHUE

AL PSR K dk SR BEAL o0 I R AR A i
PRy, Feh IR G REAS B EOHY 80% , a4 5
FEACEILRY 20% , IFHEHEAREL DT 64 x 64 1R 2K
AINEYE oy BE R 2 Fron, SEE R, i T GPU
(graphics processing unit ) BAFBYBR ] , A SCHF: bateh_

size B E N 16, 2K H Adam ( Kingma F1 Ba,2015) 11
535 78 150 1> epoch HH ) 4R 2% ] 32 (earning_
rate) W& K 0. 002, $5 B0 IR ((gamma) % B H
0.98, FRERIHEE N 1, KA ETE pytorch HE
T BEAT S8, B A S B AR A8 ] NVIDIA- GeForce
GTX 1060 Ti GPU LASSUET5 v M A U

*2 FHEHEEESHYH
Table 2 Distribution of the liver dataset
/W&
WFAINE

et RS VEITARE

Vs 1303 659 1 466 668
M4 325 164 366 166
At 1628 823 1 832 834

2.3 MR

KRG R (accurary ) A 8138 (recall ) K HER
(precision) \F1 538 ( F1-score) #1 ROC 14k (receiver
operating characteristic curve ) K3 JLANTFEHr 45 B ok
XA RMATIEH , B E LR

A=TP+7]:]€:1€]1\3[+FN (D
k= TPT+PFN (12)

P = TPTJLPFP (13)
F=5rp +2;1]; + FN (14)
TPR = TP];PFN (15)
FPR = % (16)

A, AR, PFL J3 0 3R HERG R RS 1 Il
FFL 208, TP 7R IER BN AR BOREA KL TN %
7N IERA PN S 5 BIAEAS RS, FP 3R 5o 3l Jih
TR AEAEL, FIN 3755 K Jie g 5000 4y 75 5 AR A B
BFREEIE 0,1 ] Z 0], BUE MO, HOR it FPR
A FH 2R (false positive rate, FPR) | #8 7 A AE LR
ST AU A AE AR A HE SR TPR A . BH 2R (true posi-
tive rate, TPR ) , 3§ 7E 1% 25 I T H 1E Tt H ok (1 #E
., ROC JEARYE FPR 1 TPR 21 A9 #2611, Bk ok
ZiR TAEH 26, AUC (area under the curve) &
ROC £ T AT AL ( Romero %5,2019) , AUC ##23T
1A 307 v 1 LS g
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2.4 SRS
2.4.1 SEEMESIR LLEL

K FH SE_ResNet101 ( Hu 45,2018 ) 11 oAy 35 i 512
5 TR B3N T 2 RO RRAE S OB H URBERE
U2 SBUR LR M 0 A i B8 BB e, I /A 4 A
(Chen ,2019) Tl i@ B AR, B 5 =RA SO ik 5 2%
WEDT 5 BF A S (HCC) 5% B8 PE BT AR 988 ( MET) |
TEH (normal ) AL I8 (HEM ) 2545 I 14 TR VA JE %
(confusion matrix) He &, Hod, PRI R LR %%
(true label) , 18 5l A8 3¢ T #5 45 ( predict label ) |

AT RNAE BLSLAR A 00 R T0I 1 6 0 32 B [m]
R (recall) , TR RTE IR ZE HL T TE5 000 79
HER , BIRE B ( precision) , MRS AT LI ), A
T30k JHF I Ak 2A 0 ke 1) A T 3R FORS A o3 1 v T E
ST ALMESCE, HA SRR AR S, SR W AR S
SR BENS S B 4 1 R AR O S8 1Y 5 I 4% YRR AR
FEHURE J) , 2 A 5 5 M 7 3 Bl ) 52 M0, i X 21 45
R A A o (EL2: T 2 DX A AR AR P R T
Pl P EUE X739 78 28 BY I AT SR A7 A — SE 4 R
A,

0.75
HCC HCC 0.75
0.60
MET s MET 0.60
fx i :
i normal 030 = normal -0.30
.1 n
HEM 002 0.15 HEM 0.15
o < N Y -0 -0
Q
& &S
TR TR
(a) FEHEFT % (b) ART7i%
PS5 ASCOr i 5 R vk A TR VA R LU AL

Fig.5 Comparison of confusion matrix between baseline method and ours( (a) baseline method; (b) ours)

ATy 1 5 HEMERE NS [F] 2B A 28 7
& ROC HiZRaniE 6 AP 7 Bz, W LA th, A SO
BARAFIY ROC 2 18 e BE vl SR 0 B g e Ao
IFHAERE AUC, RASOEBA EIF 2k
RO
2.4.2 JHELSEER

ATy 1 B AL AE 2 RO R AE 5 OB B ( MS-
FE) RBEFFESR U (DFE ) (1 58 A5 AE SR OB
(EFE) DA B 48 P8 e 58 1% ( convolution substitution
strategy , CSS) 5 4 #5378 [F] — B i 4 b 347 I Al
SRR B UE B — RN A R, AR INE 3 PR,
AT AT 1 (8 MSFE , HERf K42 T T 2. 92%
Wm0 2 1 22 ROEE SR IGRE AR BUE 219 R
AR EREMS A AR T 70 NG . MSFE 5 DFE 45
£ AHECAU B MSFE 3 232 T 1 2. 94% , AT 0
et PR B SRR B2 USSR B A Jin i X A IX SR A 7
ORI B ARG S M 7 56 AT 55 s o 1 5%
MSFE .DFE #l EFE =# 4545 MSFE f1 DFE — %

SEA M LR, HER SRR T T 2.7% . EFE BiHflifg
WL FEN Rt By R T A2 B B T £ RO 4y
P, BIILRRAR TR R . K5 45456 MSFE \DFE |
EFE F1 CSS, K EEHRTF T 1. 36% , I S HE b T
3.67 M, UEBHEE A CSS BBAE 7D TUA Y [R] A 3
PTG

R T IR UEAR SCRHGHE A HE BEFFAE SR BUBEER (EFE)
(532 VEfE 76 SE_ResNet101 ( Hu 45,2018 ) 1 SK_
ResNet101 (Li %7,2019) i frim A, 45 R a0k 4 Jir
IR, ATLAE Y 8] EFE 55 PR 0 o 6 %
Ay IARTER T 4.28% I 3. 11% , F WA IN EFE 455 5k
eI N2 RSB, 1 KNG 1 B2 B AT
HFRMER FET A,
2.4.3 5% TE

Mk — B e, B A kS
DenseNet ( Huang %%, 2017 ) . ResNetl01 ( He %%,
2016) MnasNet ( Tan 45,2018 ) . MobileNet2 ( Sandler
4%,2018) . ShuffleNetV2 ( Zhang %,2017) . SK_Res-
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Net101(Li %,2019) Fil SE_ResNet101 ( Hu 4§,2018)
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Fig.6 Comparison of ROC curves of each type between backbone model and proposed model
((a)HCC;(b)MET; (c)normal;(d)HEM) )
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Fig.7 Comparison of ROC curves between backbone model and proposed model ( (a) baseline method; (b) ours)



$o6FE/F7H /2021 F7 B

E&Pl, RREK, XWE / SREFRESEHRINGIFEME CT BliR93%E

R3 FTEEEIRERBKLE

Table 3 Liver dataset with ablation experiments

ik HERI R/ % A 2/% KiUERE /% F1 580/ % AUC/% SRR/
SE_ResNet101 77.82 77.78 78.75 78.75 91.00 49.12
MSFE 80.74 81.76 79.35 80.34 94.00 34.53
MSFE + DFE 83.68 83.00 84.36 83.85 95.00 56.14
MSFE + DFE + EFE 86.38 86.75 86.07 86.38 96.00 58.83
MSFE + DFE + EFE + CSS 87.74 86. 04 87.00 86.42 96. 00 55.16
TE R AR 25 51 e L4 2R
F4 FREEUESE EE T EFE #RE)HRRI
Table 4 Ablation experiment based on EFE module on the liver dataset
/%
WIRES ATIES FEATES (i F1 735 ACC 1R
SE_ResNet101 77.82 77.78 78.75 78.75 428
SE_ResNetl01 + EFE 82.10 81.24 82.05 81.59
SK_ResNet101 81.32 82.22 81.03 81.50 i
SK_ResNet101 + EFE 84.43 84.70 84.88 84.76 .
TE I TR SRR BN EFE BEHUS /s E .
RS5 FAHEREESEHR
Table 5 Classification performance of the liver dataset
/%
Tk HiRTTES FEJTIES H R F1 7% AUC
DenseNet 79.58 79.17 78.33 79.50 93.00
ResNet101 77.63 76.40 77.47 76.28 93.00
MnasNet 73.54 73.57 73.62 73.62 91.00
MobileNet2 81.13 81.05 80.31 80.31 95.00
ShuffleNetV2 76.07 76.56 76.89 76.89 91.00
SK_ResNet101 81.32 82.22 81.03 81.50 91.00
SE_ResNet101 77.82 77.78 78.75 78.75 91.00
A3 87.74 86.04 87.00 86.42 96. 00
TE IRL AR 25 51 fe e 45 2R
Kl 8 ARSI L LA 22 i 2R WA SEOMZHR S B SR RS BRI LA S R AR AT

ROC HHZI&, nl LU 1E T A 2 il R R v
ARICTTHE I ROC I i B /N LS, 3145
T AL JE W ZAE T B AUC, BE—2IE
W T ARSCRIE R

3 5% it

BEXT AT 73207 1 AR AT AR B T SCfE B

{5 B AR, AR SCHR ML T — o 22 XU TR B8 A 2 B
R TFRERIRE CT B3 26 073, NEATR 4 A5 i ik
A7 0BG 1) T 22 ROBE AR A 41 HBURE B Sk i i i A
D b SR B TR R AR, 76 18 g sz B8 ) [] g
REAS 70042 T8 SR L 52 ) A P T B R i BUAE B
SR TIN B Jg ek DX AT 14 [+ B e PR 7 5 M P ) 52 )
TRBECTEA IR A 15 65 3) #2518 BUR AT %
e, T BE A XA ) ]UBE B RFAE PRT A T2RAE 7R N
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Fig.8 Comparison of ROC curves among different methods

2R AR AZ BT, 4R T X A TR R A RRAE R 4 ) H5 3
1 A R\ B A R A S Mk 1 [R] 42 7 o3
by € SN BoRY W) W AT @i s o D
RHEIPIE o AR SCTT IR A T HE At £ LA 3]
THUE, FAEZ A FE bR B 2RAT TR fEERE. 5
WAL AT L, AR SO RBOR A T 2 4 )
28 RS HEfef 1) 5 22 2 7 40K, A S — o B SO A 0
FRAZ DT D R AE AT IS W ANG Y, B TR

ARSCOTTBEATAEAEA L, T 4% B AE A R i 35
HRBKI] BRI ER )5S R E BRI R CT {H
A IR, 2 FBOPRER TR, T A A A
P4 CT AR TEAA X B RS HE 0 2 A Fr AT o

52 3Lk ( References)

Al-Kadi O S. 2008. Combined statistical and model based texture fea-
tures for improved image classification//Proceedings of the 4th IET
International Conference on Advances in Medical, Signal and Infor-
mation Processing. MEDSIP, Italy: IEEE. 175-178 [ DOI. arXiv:
1512.08814 ]

Chen L C, Papandreou G, Kokkinos I, Murphy K and Yuille A. 2018.
DeepLab: semantic image segmentation with deep convolutional
nets, atrous convolution, and fully connected CRFs. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 40 (4 ) : #834
[ DOI: arXiv: 1606.00915v2 ]

Chen Y P, Fang H Q, Xu B, Yan Z C, Yannis, Marcus, Yan S C and
Feng J S. 2019. Drop an octave: reducing spatial redundancy in
convolutional neural networks with octave convolution//Proceedings
of 2019 TEEE/CVF International Conference on Computer Vision
(ICCV). Seoul, Korea (South): IEEE: 3434-3443 [ DOI: 10.
1109/1CCV. 2019. 00353 ]

Christ P F, Elshaer M E A, Ettlinger F, Tatavarty S, Bickel M, Bilic P,

Rempfler M, Armbruster M, Hofmann F, Anastasi M, Sommer W
H, Ahmadi S A and Menze B H. 2016. Automatic liver and lesion
segmentation in CT using cascaded fully convolutional neural net-
works and 3d conditional random fields//Proceedings of the 19th In-
ternational Conference on Medical Image Computing and Computer
Assisted Intervention. Granada, Spain: Springer Verlag: 415423
[DOI: 10.1007/978-3-319-46723-8_48 ]

Gao S H, Cheng M M, Zhao K, Zhang X Y, Yang M H and Philip H. S.
T. 2019. Res2 Net: a new multi-scale backbone architecture. IEEE
Transactions on Pattern Analysis and Machine Intelligence.
#2938758 [ DOI: 10. 1109/ tpami. 2019. 2938758 ]

Ghoneim A, Muhammad G and Hossain M S. 2020. Cervical cancer
classification using convolutional neural networks and extreme learn-
ing machines. Future Generation Computer Systems, 102 643-649
[ DOI: https://doi. org/10. 1016/j. future. 2019.09.015 ]

He K M, Zhang X Y, Ren S Q and Sun J. 2016. Deep residual learning
for image recognition//Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition ( CVPR). Las Vegas,
USA: IEEE: 770-778 [ DOI. 10.1109/CVPR.2016.90]

He T, Zhang Z, Zhang H, Zhang Z Y, Xie J Y and Li M. 2019. Bag of
tricks for image classification with convolutional neural networks//
Proceedings of the 32nd IEEE Conference on Computer Vision and
Pattern Recognition. Los Angeles, USA: IEEE; 558-567

Hu J, Shen L and Sun G. 2018. Squeeze-and-excitation networks //Pro-
ceedings of the 31st IEEE Conference on Computer Vision and Pat-
tern Recognition. Salt Lake City, USA; IEEE; 7132-7141 [ DOI;
10.1109/CVPR. 2018. 00745 ]

Huang G, Liu Z, Maaten L V D, Weinberger and Kilian Q. 2017.
Densely connected convolutional networks//Proceedings of 2017
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR). Honolulu, USA. IEEE. 2261-2269 [ DOI. 10. 1109/
CVPR.2017.243 ]

Kingma D and Ba J. 2015. Adam: a method for stochastic optimization
//Proceedings of the 3rd International Conference on Learning Rep-
resentations. San Diego, USA; ICLR: 1-15

Liu Z, Zhang X L, Song Y Q, Zhu Y and Yuan D Q. 2018. Liver seg-
mentation with improved U-Net and Morphsnakes algorithm. Journal
of Image and Graphics, 23(8) : 1254-1262 (X4, KA, KA
K, RE, BAEHE 2018, 454 Bt #Y U-Net F1 Morphsnakes 4
JIFREZ ). v R T4, 23(8) : 1254-1262) [ DOI: 10.
11834 /jig. 170585 ]

Li X, Wang W H, Hu X L and Yang J. 2019. Selective kernel net-
works//Proceedings of 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). California, USA: IEEE:
510-519 [ DOI: 10.1109/CVPR. 2019. 00060 ]

Litjens G, Kooi T, Bejnordi B E, Setio A A A, Ciompi F, Ghafoorian
M, Jeroen A M, Ginneken B and Sanchez C. 2017. A survey on
deep leamning in medical image analysis. Medical Image Analysis,

42 60-88 [ DOI: 10.1016/j. media. 2017.07. 005 ]



$o6FE/F7H /2021 F7 B

E&Pl, RREK, XWE / SREFRESEHRINGIFEME CT BliR93%E

Nei Y N. 2012 Research on Application of Support Vector Machine in
Liver B Ultrasound Images Classification. Xi’ an: Xi’ an University
of Science and Technology (ZZWVHE. 2012. ZHFm = ALFE AL B
RIS SFE RI IRTTE. P2 EERHOR %)

Romero F P, Diler A, Bisson-Gregoire G, Turcotte S, Lapointe R, Van-
denbroucke-Menu F, Tang A and Kadoury S. 2019. End-to-end
discriminative deep network for liver lesion classification//Proceed-
ings of the 16th IEEE International Symposium on Biomedical Ima-
ging. Venice, Italy: IEEE. 1243-1246 [ DOI. 10. 1109/1SBI.
2019. 8759257 ]

Sandler M, Howard A, Zhu M, Zhmoginov A and Chen L C. 2018.
MobileNetV2 : Inverted residuals and linear bottlenecks//Proceed-
ings of 2018 IEEE Conference on Computer Vision and Pattern Rec-
ognition (CVPR). Salt Lake City, USA: IEEE; 4510-4520[ DOI.
10.1109/CVPR. 2018. 00474 ]

Szegedy C, loffe S, Vanhoucke V and Alemi, A. 2016. Inception-v4,
Inception-ResNet and the impact of residual connections on learn-
ing//Proceedings of the 31st AAAI Conference on Artificial Intelli-
gence. San Francisco, USA; AAAI; 4278-4284

Tan M X, Chen B, Pang R M and Vasudevan V. 2018. MnasNet: plat-
form-aware neural architecture search for mobile//Proceedings of
2019 IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition (CVPR). Long Beach, USA: IEEE . 2815-2823 [ DOI; arX-
iv: 1807.11626]

Woo S, Park J, Lee ] Y and Kweon I S. 2018. CBAM: convolutional
block attention module//Proceedings of the 15th European Confer-
ence on Computer Vision. Munich, Germany: Springer Verlag:
3-19 [DOI: 10.1007/978-3-030-01234-2_1 ]

Zhang J P, Xie Y T, Wu Q and Xia Y. 2019. Medical image classifica-
tion using synergic deep learning. Medical Image Analysis. 54 10-
19 [ DOI: 10.1016/j. media. 2019.02.010]

Zhang X Y, Zhou X Y, Lin M X and Sun J. 2017. ShuffleNet: an
extremely efficient convolutional neural network for mobile devices//
Proceedings of 2018 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City, USA: IEEE: 6848-6856
[ DOI:10.1109/CVPR.2018.00716 ]

Zou L. 2015 Research on Medical Image Classification Based On Twin
Support Vector Machine. Gansu: Northwest Normal University ( 4B
B ,2015. B TX 32 35 m i LAY B2 2 R4 SRS . HOl - va L
L)

Zuckerman A J and Ji Q Q. 1983. Prevention of primary liver cancer—
report on a meeting of the world health organization’s scientific
team. Guangzhou post-medical information. 1983 (Z1): 131-132
(Zuckerman A J, 7 T-Hk. 1983. JF & Pk o i BT —t 5 TL2E
HAFHH P — IR WHR . TR ES %R, 1983 (Z1) : 131-
132)

fEZ '

EfG,1996 4E2E | 0 W FSE A B
SET7 1) R a2 A B
E-mail ; 2221808009 @ stmail. ujs. edu. cn

RRPEEFEE B B, EENETr 0
R BE 2 PR AL B0 55 53 # R 12 0 A xR
B AR R,

E-mail ; ygsong@ ujs. edu. com

XU, Lo, b, EEMGET7 100 B R AR B S 734

E-mail ; 1zhe@ ujs. edu. cn

1715



	组合
	封一min
	目录min


