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Automatic classification of liver tumors by combining feature reuse
and attention mechanism

Feng Nuo, Song Yuqing, Liu Zhe

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

Abstract: Objective Liver, which is the largest organ in the abdomen, plays a vital role in the metabolism of the human
body. Early detection, accurate diagnosis, and further treatment of liver disease are important and helpful to increase the
chances for survival. Computed tomography (CT) is an effective tool to detect focal liver lesions due to its robust and accu-
rate imaging techniques. Multiphase CT scans are generally divided into four phases, namely, noncontrast, arterial, portal,
and delay. Radiological practice mainly relies on clinicians to analyze the liver. Physicians need to look back or forward in
different phases. This task is time and energy consuming. Liver lesion detection also depends on experienced professional
physicians. The identification and diagnosis of different liver lesions are challenging tasks for inexperienced doctors due to

the similarity among CT images. Therefore, an effective computer-aided diagnosis ( CAD) method for doctors should be
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designed and developed. Most existing research methods based on CAD are mainly deep learning. Convolutional neural net-
work in deep learning is a data-driven approach, which means it requires much training data to make a model learn the good
features for a specific classification. However, a large-scale and well-annotated dataset is extremely difficult to construct
due to the lack of data and the cost of labeling data. In accordance with research and analysis, the current methods for liver
lesion classification can be divided into two categories, namely, methods based on data and features. The former focuses on
expanding data to increase data diversity. The latter mainly studies the way to modify a network to improve the classification
ability. These methods have two major drawbacks. First, appearance invariance cannot be controlled when new samples of
a specific class are generated. Second, the feature extraction of lesion region cannot be enhanced adaptively. Method To
solve the above-mentioned problems and improve classification performance, this study proposes a novel method for liver
tumor classification by combining feature reuse and attention mechanism. Our contributions are threefold. First, we design
a feature reuse module to preprocess medical images. We limit the image intensity values of all CT scans to the range of
[ - 100, 400 ] Hounsfield unit to eliminate the influences of unrelated tissues or organs on the classification of liver lesions
in CT images. A new spatial dimension is added to the 2D pixel matrix, and we concatenate three times for the pixel matrix
along the new dimension to generate an efficient feature map with a pseudo-RGB channel. We conduct data augmentation of
natural images (such as cut, flip, and fill) to expand medical images and increase their diversity. The feature reuse mod-
ule not only can enhance the overall representation of original image features but also can effectively avoid the overfitting
problem caused by a small sample. Second, we introduce the feature extraction module from two aspects, namely, local and
global feature extraction. The local feature extraction block is a pixel-to-pixel modeling, which can enhance the extraction of
lesion features by generating a weight factor for each pixel. This block mainly includes two branches, namely, trunk and
weight. We feed any given feature map into two group convolution layers in the trunk branch to extract deep and high-
dimensional features. It is also fed into the weight branch of encoder-decoder to generate a coefficient factor for each pixel.

Lesion features are acquired adaptively by weighting the two branches. The global feature extraction block focuses on the
relationship among channels. It can generate a weighting factor by pooling spatially to selectively recalibrate the importance
of each feature channel. The ways of local and global feature extraction blocks are processed in parallel to fully mine seman-
tic information with data. Third, we use the training strategy of transfer learning to train the proposed classification model.

During training, we transfer the same network layer parameters of SENet ( squeeze-and-excitation networks) as those of the
proposed network model. Result We perform comprehensive experiments on 514 CT slices from 120 patients to evaluate the
proposed method thoroughly. The average classification accuracy of the proposed method is 87.78% , which shows an
improvement of 9. 73% over the baseline model (SENet34) . The classification recall rates of metastasis, hemangioma,
hepatocellular carcinoma, and healthy liver tissues are 79.47% , 79.67% , 85.73% , and 98.31% , respectively, by
using the algorithm in this paper. Compared with the current mainstream classification models, DensNet, SENet, SE_

Resnext, CBAM, and SKNet, the proposed model is excellent in many evaluation indicators. The average accuracy, recall
rate, precision, Fl-score, and area under ROC curve ( AUC) are 87.78% , 84.43% , 84.59% , 84.44% , and
97.50% , respectively, by utilizing the proposed architecture. The ablation experiment proves the effectiveness of the pro-
posed design. Conclusion The feature reuse module can preprocess medical images to alleviate the overfitting problems
caused by lack of data. The feature extraction module based on attention mechanism can mine data features effectively. Our
proposed method significantly improves the results of the classification of liver tumors in CT images. Thus, it provides a
reliable basis for clinical diagnosis and makes computer-assisted diagnosis possible.

Key words: deep learning; liver lesion classification; attention mechanism; feature reuse; feature extraction
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Fig. 1  CT slices of different lesions ( (a) hepatocellular carcinoma; (b) metastasis carcinoma)
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1699

© b [H F G KR AR



1700

PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 8,Aug. 2020

ST IR, A5 8 R B I RREE A (x,) LB
A(x,) = F(x,) =T(x,) (4)
X, F(x,) 5 T(x,) BAHMRYEE R, « £
TR 3 YRR ] — {7 B R AR R AT TR
3 6 TR AT INA, AR 43 SN AT LA
AT Il A 4 o A v A R I B B %, 1 LT LAAE Sy
SR I A i v ) T g e L R
aM(x,,(z)@T(x,,so) - M(x,.0) BT(;C;D,QD) (5)
K, 0 F @ 2 BEANE 2 A B T4 S5
T AR 43 S A R R, AT DA A0k T S X
SO TR B R A R
1.2.2 & JRFRIEREE
3 T3 AN FRRAE 23 (8] 1) SRR AR AS 32 M8 75 5% ) (L
45,2019a) , Sy i WM R SRR AR G AR R Y
S, 4 — b4 e RRAE SRR 7, a5 AN [ 4
(b) Fr7 , R 3 33 B 1AL 9 23 )it Ak B 38 B
b G TRRAE 25 1) R AR T E S B . A5 B4k
L5 CNN (3t Ak 52 /5 AN [A], CNN () i £k 38 1 49 3 %
3 AR [ v B T T LA T S () A 2
TS EEER (dim = 1) E—Ftfl, 2 )R%E
(RAIIGRNESEL (SR SN
1) T34 758 ) Ak 5 5 K2 [l Ak , 75 21 9
42D MR R G, 1 G, , BIKTTHES
-
G, = 721 X (6)
G, = M,(X,) (7)
K, i A &S| BaR s (a) P R B E,
M, () Foom I 25 0] d ok AL HR VR X HL P iR R
FEREIEAT R4
2) Wi~ 2D HiPFiE i Concat £33 —4> 2 58 38 Y
FROEHE M, Z 05 Bk A — 3 x3 A5 i 5 BUZ

HTEREG . M, 4 Sigmoid B LS 525 ] H 43
ANRIE R 2D ALE AR, B
Y = o(f[6G,;G,]) (8)
X, Y e RYY™ P FOREBE N 3 x 3 B
el o FR Sigmoid FIE KA
3) K A AR R IA B A RR AR I X, H )
FANEIE LSRR TR RHER G(x,) LR
G(x,)) =X, =Y (9)
1.2.3  BE{RRHT K M 28 2R Ry
BARFAE SR BB R 4 (o) iR, T3
NFZIRACA FEA ) B 4E R AE , LAIEAT I 7 A R
PRAIA R PRI ARAE . A, A % 22 M 45 1 i A
M (He 4§,2016) , REFIHFE L X, LB
U=A(x,) + YG(x,) +X, (10)
L, Y E—DHFZISH G 0, FE M 2%
AIIINZR , 2 MR A0 B e 581 BB AR L ) R %8
P28 (R BEAR 540 S S HRCE ANk 1 B, e
C( convolution layer) F/x#:F1)Z . AP(average pooling
layer) 2 75 - 33t 4k )= . FE (feature extraction mod-
ule) FRFFAESRIBUBEE \MP (max pooling ) 7R iz K
WAk )Z LA & FC (fully connected layer) 3% 7~ 42 3% $
2,321 C S PR BUEMR NI/ K FI
A . A SURRFE SR OB B FE /R i AR,
it A SENet34 (Hu %5,2018) A [m] 4k B (64,128,
256,512) KIS (He 45,2016) 1, X % 45 2544
B4 (He 55,2019) , H] 3 4~ 3 x 3 &2
BACRT M Z R 7 x 7 B2, LUK i 42 BUK
FEMDZAE . SR5 , KO SUR 2B 55 14 1 x
1, stride 2y 2 P BEFUZEHNTES 2 43 x 3 IETR
AEFEAT T ORAE  BERAIEF R B K o A, IR
A FEH, IERS T ImageNet Fililll 25 ResNet34 #7832
B, AU 5 A SR 28 ZRAR AR TR J2 AR S48

x1 MBEMSSHIRE

Table 1 Network structure and parameter setting

PR 25
C:3,S:1,P:1
o C:3,8:2,P:1 C:3,S:1,P:1 ? ’
R 2% 2 [ ] [ ] BatchNorm (MP:3.,8:2.P:1]
BatchNorm BatchNorm
ReLU
C:1,S5:1 C:1,5:1 C:1,5:1 C:1,5:1
N C:3,S:2 C:3,S:2 C:3,S:2 C:3,S:2
AR {C:I,S:I} {C:l,S:I] {C:l,S:l] {C:l,szl}
FE : 64 FE : 128 FE : 256 FE : 512
& 4% )2 [AP:2,S:1] [FC:2048,4] [ Softmax |
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B, RERK, X/ FEERMESHNE TIMEBHS

2 XWHERSHH

S2I fE NVIDIA GeForce GTX 1080 Ti i -,
8 GB 47,32 GB 17, python 3. 7. 1 ¥4 F AT,
Ay 1. 0. 1 [ pytorch TR~ 2] JTIRAESE , 52
B AR 55 R B AR IR CT UG Ry kbt 9o A8 R4 7

3.

2.1 HiE&E

SEEGEE AR B LTR R AME BE B, ih 58 5 B0
T i 1L ( single-photon emission computed tomo-
graphy , SPECT) FIE[E PG ] ¥ 52 F 444X ( positron
emission tomography, PET-CT) $ B¢, SPECT #lI PET-
CT J3 MR S O T KOE R T3 32
W CT BUR . SEBgicds (a4 120 M AR 430 5
K, oA A4 Bt g ( hepatocellular carcinoma, Hee ) [
{4 184 1 | 1M1 %58 (hemangioma, Hem ) [€] 5 83 fig Fl
FERSIE T IR i (metastasis, Met) [E{5 163 W&, T
SN ) Z2 R, AARARE TR & AR 84 i
IEH 412 (healthy , heal ) S5, ¥4 5% 514 18 /4 DY 73
FHHRE BRI S B, i iR A R AR
I B AR B i B A DX i A A 2K 1 14
18 2 AR 5 T 5 B B 2R AR T B0 JE 0% R X I
(region of interests, ROIs) , 1T A BIEHE— % 2
A, HATBA 2T T AR R | R A
PUIREE S TROE SRV

\

(a) JITAHE (b) MAEIE (o) FEREVENTIVE  (d) IEFAHA

Bl5 AR PR A
Fig.5 Different types of data samples
((a) hepatocellular carcinoma; (b) hemangioma;

(¢) metastasis; (d) healthy tissue)

2.2 RESHEERIHILRE

SR AR A REARTY R 11 R
Ji BB AE AT IAL B, IR AN HLN RS FLLs 19K
/NIy 64 x 64 5%, R FHBEAL 0 3T 5 Bl L
K- B 1) 7 AT 200k 1 s, SR FH 28 SUIR AR Sy 46
R, BN ZRAE H 16 (batchsize ) A FEAI
25, %5 150 4> epoch (B dh 4 Fr A BRI 25 1 1
1A epoch) o 3 N2 A AL ST 2 Adam
(Kingma F1 Ba,2015) YE N AL &%, 9] 1R 7 1 FH
0. 001,22 ) KN FEJE 1 stepsize iy 1, FEJ AT gamma
HL 0. 98, 2 2] RIF IR MG N EEPR stepsize > epoch 2%
> AR KA 0. 98

T 380 MR B Bl , e S IMREAS 2 IR, R
5 738 X BGHIE (5-fold cross validation) , &4 (fold ) H
BEBLIEI 20% HIAEAS FISR I 12K, DAy dit £ S 965 25 SR 1Y
IR, B A S B 45 SRS I 5-fold SELAE Ny die 271
Ky, B RN GR AT A BB 1) YRR
Bro ¥ CT EZR % ROTs i A TR AE 5 A AE
TR P JEIEE e 9 73 288 1) 2%, e 5 e A T PR A B
X B FEA T PUAL B, SR P ARALE $i BBORE B 452 B0 L A
fiE, B3 M 2838 2 S HOR LI iR AL, R AT Tm-
ageNet TS H, @Ak, 4B 3R
RGP RRS, 2) IR Be o R 4 i) ROIs
B AN rtf A il Softmax J22 B 3%k
13032 K B0 AR 28 28501 5 HE LSRG RS L L 115
S ARUERR %
2.3 MBS

SRy 3853 U W R L O s AR A RO, BT S T 2
AL I R FH MR 3 R0 A 3R (R |
Fl-score J¢ AUC S ZIHE R AT

UERHZ (accuracy ) ( Chen %5 ,2017 ) J2& 43 25 AU
rh BT T TR ) 3 ZEREAS L SRR R LU, RS
& (precision ) ( Frid-Adar Z5,2018a) F& 8 7ER AL Fi
R A5 R rp BRSO A ) e, A [l
# (recall) ( Frid-Adar Z£,2018a) $8 75 BELICHR 2 Ry 3
— A A b R T TE AR ) L AR A A
RAE B, 7] 4154 Fl-score ( Chen ££,2017) . &
THE bR BARTH
TP + TN

A= TP IN + FP 1 FN (1)
TP
P=pwp (12)

1701

© b [H F G KR AR



1702

PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 8,Aug. 2020

TP

R=1pwn (13)
2PR

Fl = 14
P +R (14)

LA P R FL 53 375 a2 ORG24 [l 5
i Fl-score, TP 5 TN 43 51| 27 211 28 5] Je Ik 24
5T B IEAR AREA KL, FP 5 FN 23 53R 2411
RN AR S HTE T B S ERFEA K, bk 4 1
PR FRAR A IE IRy [0, 1], HARBOR R 70 2R
B ) P RE R BB

AUC (Romero 45, 2019 ) & #5252 # 18 /F %5 1
(receiver operating characteristic, ROC) {2 T /) @
B, 7R Y i 2R AR T4 B A5 0 (EDR 1
FEAHHEAREA AT RIAYRER . AUC ffEAT°0. 1 ~1
Z I8, B 1 SE B G g AR /N AT DL EDULA
SIRITENS
2.4 ZWERRSW
2.4.1  SFLAESIL AL

KL LL SENet34 (Hu Z5,2018) Sy 3L SC 5, [A]
F >R R E PR R AR 2 OB B K G 7% 2 500
YRR . A SO SR DT R0 5 3 38 B R X
HER R AN 2 R o

M2 WLV A SO 25 BT 428
W RO T IR GG T P MER R e = 1 9. 7% ,
Bl 7 22T 0. 46% R BR HIRFE 5 14 10 2408
oAb AL e K 13 2 AL ) AR SR SRR AT L) S
AT 0B S R A | DA T 2 A 5 A J 1 [ R
FTE T KRR B

N T AN B ik — 2D R B Bk T A0 Tk

Hee 0.75
0.60

fg e 0.45
ﬁ Heal -0.30
Met 0.09 0.03 -0.15

Hce Hem Heal Met
FRbRZE
(a) FEUfETT %

®2 SEEXTHEBIHLILER
Table 2 Comparison of accuracy with
baseline experiments

/%

BT HUETTIE AT
1 77.63 87.94
2 78. 40 88.52
3 79.57 87.16
4 77.82 87.74
5 76.85 87. 56
s 78.05 £0.91 87.78 +0. 45

T LT AR e i 2R

Ji i, 38 5 929 G2 v s TR VA R DL i, 4N
6 Fi7n o YNFRIR IR, T WS, F B
OGRS HR A T Bl T Oy A& A 28 5] Y B
ZR, IV [ 25, AH IO A BE 236 (0 AR HE T oz ) 3,
T, Y BN AR 2 5 AR 2 — BOn (B o 3 A X A
RALE) R deME . K 6(b) H, [T
25 hy JWF 4nl B 9 (Hee ) WF, % 350 00 S BE 40 M
(Hee) (M4 98 (Hem ) | 1E 5 T 2H 21 (Heal ) (555
PERF BRI (Met) B9 4 [51 550 51 O - 85% (4% 1% |
9% o M 6 W LA i, AR SCT5 B B0 B — 2R Ak
IYSEI A AT I 7 i, DO R AE T K
U S IR HR T LUAT S50 i e 475 0 722 X I8
HETE L

ROC Hl£knt A A 11 IE 2828 (false positive rate)
RPRpre e, 2eon AR 2 RS0 T B (E i 19 HE =R 20 h
N FAEZEH (true positive rate) , R R BUE , /i iy

Hce
0.8
] Hem 0.6
g
T Heal -0.4
-02
Met 0.08
-0

Hce Hem Heal Met
FHbRZE
(b) A3 T7i%

K6 s EriRvA R

Fig. 6 Confusion matrix on valid dataset ( (a) baseline method; (b) ours)
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B, RERK, X/ FEERMESHNE TIMEBHS

T BN E R RIBEAR B TP 10 2352 AT A
a8 R RSP IR FIIE B AU ROC HiZk,
it ROC fZen] LIRS E] AUC, i 2
. BN 7—I&T 10 0] DAFE X T AN [ e 2R

1.0

0.8

0.6

HIEZ

0.4

0.2

1.0

0.8

A 0.6

0.4

HIEZ%

0.2

1.0

0.8

i 0.6

HIER

0.4

0.2

—— ROC T 1 (AUC=0.94)
ROC #7 2 (AUC=0.94)
~—— ROC 7 3 (AUC=0.94)
—— ROC I 4 (AUC=0.93)
—— ROC #I7 5 (AUC=0.94)
== chance
+ mean ROC (AUC = 0.94+0.00)
w1 FE

0 0.2 0.4 0.6 0.8 1.0
GE A
(@) AT

K7 e ROC £k

1) ROIs , A7 2 554 AR L, T s SRk
14 (mean ) ROC £ 51 &5 chance (45° fA X FHZE) |, fi
WhEE SRR 1.0, H AUC {5, fh 2k gl s/, B
RUADS SIESE , it DR 1A SO R o

1.0

0.8

M 0.6

HIEE

0.4

0.2

4 = ROC #7 1 (AUC=0.97)
e ROC T 2 (AUC=0.98)
7 —— ROC It 3 (AUC=0.97)

- —— ROC f 4 (AUC=0.98)

—— ROC #/f 5 (AUC=0.98)

s’ == chance
+ mean ROC (AUC = 0.97+0.00)
L7 w1 5%
0 0.2 0.4 0.6 0.8 1.0
TUERZR
(b) A3T7i%

Fig.7 ROC curves of hepatocellular carcinoma ( (a) baseline method; (b) proposed)

| 1 — ROC #1 1 (AUC=0.94)
.7 | = ROC 47 2 (AUC=0.94)
g = ROC 7 3 (AUC=0.95)
’ —— ROC 7 4 (AUC=0.93)
o JRe —— ROC #J7 5 (AUC=0.94)
PR == chance
Pid * * mean ROC (AUC = 0.94+0.01)
| L7 ) E

0 02 04 06 08 10
FIEZER
(a) BTk

K8 AR ROC 2k

1.0

0.8

A 0.6

0.4

HIEE

0.2

| — ROC #f 1 (AUC=0.97)
.7 | = ROC # 2 (AUC=0.97)
Pig ~—— ROC 13 (AUC=0.97)

< —— ROC T 4 (AUC=0.97)

—— ROC 7 5 (AUC=0.98)

== chance

# » mean ROC (AUC = 0.97+0.00)
] HE

04 06 08 1.0
FIEZEHR
(b) A7 ik

Fig.8 ROC curves of hemangioma ( (a) baseline method; (b) proposed)

| 1 ——ROC Jf 1 (AUC=0.91)
7 | = ROC #jf 2 (AUC=0.92)

7 = ROC 1 3 (AUC=0.94)
- = ROC It 4 (AUC=0.94)
o e = ROC /7 5 (AUC=0.94)

| ’ == chance

| e ** mean ROC (AUC = 0.93+0.01)
L L ] 5

1 1
0 02 04 06 08 1.0
FUERH
(a) FEATTi%

0.8

i 0.6

HIEE

0.4

0.2

14— ROC Ji 1 (AUC=0.96)
7 |=— ROC Jf 2 (AUC=0.97)
g = ROC #ft 3 (AUC=0.96)
= ROC #i7 4 (AUC=0.96)
—— ROC It 5 (AUC=0.96)
== chance
“* mean ROC (AUC = 0.96+0.00)
e ] FE

1 1

9 A EIFRYER ROC ik
Fig.9 ROC curves of metastasis ( (a) baseline method; (b) proposed)

1 1
04 06 08 1.0
FUERH
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1.0F 80—ttt =ttt -
= g
0.8F el
i Rt
i 06 | o
K ¥ g
= { ROC #f 1 (AUC=0.97)
L 1 — ROC it =
0.4 ! JRe ROC 7 2 (AUC=0.96)
\ Pid ~— ROC #if 3 (AUC=0.97)
I /’ —— ROC #Jf 4 (AUC=0.97)
02F ! L’ ROC 1 5 (AUC=0.97)
{ s’ == chance
| 7 mean ROC (AUC = 0.97+0.00)
oF+” 1 7%
1 1 1 1 1 1
0 0.2 04 0.6 0.8 1.0
s
(a) FEETTi%

1.0f S e e e It
0.8F ol
3 0.6 gl
K : 7
H 04k | 1 — ROC # 1 (AUC=1.00)
0. ! JRe ROC #7 2 (AUC=1.00)
[ 7 ~— ROC 7 3 (AUC=1.00)
I -~ —— ROC Jf 4 (AUC=1.00)
02F : ol ROC #7 5 (AUC=1.00)
| g == chance
1 .7 mean ROC (AUC = 0.99+0.00)
0k L’ +] FE
1 1 1 1 1 1
0 0.2 04 0.6 0.8 1.0
NS
(b) A3k

K10 IEH 2R ROC 2k
Fig. 10 ROC curve of healthy liver tissue ( (a) baseline method; (b) proposed)

2.4.2 R[RIVIZRIEME T i T8 FilSE 50

AR SCHY I 25 50 W 2 40, 55 e Ak F P AR B ( fea-
ture reuse module, FRM ) | 43 {F $2 B AR Bt ( feature
extraction module , FEM) FIiT #2501 45K 1% (trans-
fer learning parameters, TLP) . & T 3 HH £ 300 3K 1% (19
AR AR b A — U D 2 i gE T
THRLSE S, 25 Rk 3 s, FTLAE R FRM

Ji, HET AR A [l AR ORGSR e Bl 3R T 3.9%
4.15% \4.22% W FRM a] LA #1247 A 34
P38, MR A IR @ A FEM, PR
FhRFI4R R T 4.47% (A8 FEM Al DL A 38 J
TG Sg S AR 4 JB, S i 5t SR AN . TLP
IR ms ot — 2 R T 4 AT R S BUR BZ
BAR

£3 TRIIZGRE THHMER

Table 3 Ablation experiments by different training strategies

/%
Ik HER R FEJLES BN
SENet34 78.05 £0.91 75.37 +0. 64 74.67 £0.61
AR FEM 82.98 +0. 55 79.31 +0. 60 79.21 +0.58
A FEM + FRM 86. 88 +0.48 83.46 +0.23 83.43 +0.28
AR FEM + FRM + TLP 87.78 £0. 45 84.43 +0. 26 84.59 0. 28

T L P R R A 5 B e 24

AR P2 27 00 AT TOUAL R S 1 A AR
Bl TR g, L BA 5 AL A, T
AR A BIEAT 0288 0 265 rp 0k 1 2 [ R AT FlAh B
FETRREE AR I Bl SC B 25 R A3k 4 FR, Al
DA, e 78 A R R i A FRM, Ji 73 288 HE A
REPARKRFEEERARTE, U] FRM a] LU TA 200
AR TIAL BE, 5 35 3G 5 I T R PR A5, AT 2 e

ISR
2.4.3  HHAMSZIrE

1) 5 AR o R LU i THFE CT #1145
JERAA I ELBRZ B8 I iR 024 R T IR PRIt
TCERGAS ST 15 DA A IE CT e 0 2605 vk 1

x4 ETHUIERAERMNEMIBER
Table 4 Results of ablation experiment based on FRM

/%
Jiik M RS
SENet34 ( Hu 4,2018) 78. 05 82.21 4.16
CBAM34(Wo00,2018) 84.31 88.23 3.92
SKNet34 ( Li %5 2019b) 82.23  86.04  3.81
V'S 82.98 86. 88 3.90

T L AR AT i LS

AT EUER, 3 5 B2 (2 2 i 0 28 T 3 Xk T 4 s
VTR A R T IO s P 445 71 6 2 T 9 i % OE
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B, RERK, X/ FEERMESHNE TIMEBHS

WIFHS S B , T LA, 5 BT 2
FHEE A SO KA LRI R

2) 5 ET BRI AL, IR IE AR SCRE Y Y
O3 SRR, B A SO U AR A ) A &
DensNet121 ( Huang %¢,2017) .SENet( Hu Z,2018) |
SE_Resnext ( Hu %,2018) . CBAM ( Woo %5,2018)

SKNet(Li 25,2019b ) #5 BUFIA S5 i , 58 A 1 1l
AN R ik, RS R ANk 6 s, R 6 nl L
B AR I RN R R 2 i T AR, i
PITE T AT A 1 26T 2R ARl A R $
RS, AT LSS MZ IR CT R4 5 8, ST 5 &
MRS B 0, TR 55 1 2 R o

RS ANFEESEMIIES LS ENLER

Table 5 Comparison of the proposed method with other methods for the classification of liver tumors

T R/ e (11 3/% )

Hik - W/ %
AL b MR FRSPEATARE AR BFER R4S
Frid-Adar 45 A (2018a) - 65 (72.32) 64 (68.71) - 53 (98.14) - 85.71
Ben-Cohen 4£ A (2018b) - 65 (52.31) 81 (53.08) - 66 (90.93) 27 (92.59)  75.00

Liang 5% A\ (2018a)
AL 184 (85.73) 83 (79.67)

132 (85.11) 124 (85.16)

163 (79.47) - -

114 (84.05) 110 (93.75) - 85. 46
84 (98.31)  87.78

T = " FOR AR TZISREA AT S50 L PR RR B S IR A2 R

K6 ANFEEERSEEEMLE

Table 6 Proposed method comparison with mainstream classification models

/%
Frik LR % PENGIE: iRl e Fl-score AUC
DensNet121 83.43 +0. 34 80. 53 0. 85 79.93 0. 99 80. 12 £0.91 95.56 +1.77
SENet34 78.05 £0.91 75.37 +0. 64 74.67 £0. 61 74.90 £0. 61 94.40 +1. 62
SENet50 80. 16 =0. 14 76. 87 0. 32 76. 62 +0. 23 76. 60 0. 26 94.58 +1. 85
SE_Resnext 79.51 £0. 44 76.52 0. 09 77.08 +0. 08 76.69 £0. 05 94.58 +2.09
CBAM34 84.31 £0.32 82.64 £0.29 83.08 0. 32 82.72 £0.30 96. 13 +2. 08
CBAMS50 81.26 +0. 44 78.58 +0.27 79.20 £0. 21 78.74 £0.23 94.75 +2.13
SKNet34 82.23 0. 42 78.29 0. 23 78.66 = 0. 22 78.39 +0.22 95.01 1. 41
SKNet50 82.36 =0.29 79. 49 =0. 36 79.23 0. 37 79.30 0. 36 95.03 +1.73
A3 87.78 +0.45 84.43 0. 26 84.59 +0.28 84.44 +0.23 97.50 1. 07

E L PR RS % 9 R A 28

3 & it

BT BUAT IR AL 23 2R 07 i AR AR B = ik
RN SE I, AR SCHR Y 1 — Bl 4l 5 R AL F A A
CER ML TR B 300207 i, NPT 1
SEMGAERFAE o 1) 38 Ao R A T R B 5 1) i i e T
H I T HRIAEA , AR LG A /N 51k FY
AU TR, 1 EL AT RADL 3 £ 28 BoR s CT &
G5 252 ) 0 I 8 T T8 AL A R Ak S BB B
ARG PR S I RRAE , R B R G T JR AR

4RI A5 B . BLAh, R T 3 —25 28 i/
BEAR [ 8L, 2R FAE B2 >0 1 U R ML i) B8 31 4 0 4%
S8, 1E 120 AN NBCR 4R AT T KR SR,
SRR, A S0y U ) HERR R Fl-score I AUC 45
ZIPEMFEFRES T T XF H 4 28k e 04
FHESL, e AT AN a8 EG0E A5 B E e, (A7
LR 5 TAFAE AL 23 18]« 15 LA B2 W v e 45 Fif
3o ek P45 %) b R B i AN B, 4% 8RR AR B H e IE
SRR 22 5 S K AT, E 6(b) R
TE A2 5 HAs k0 43 28 13 0] 5625 S ke
I, FRAE B2 U TRY 1) A0 Ak B A AR AS P-4 1) 1] L7 oK
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