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Automatic liver tumor segmentation using multi-scale

features and reverse attention
ZHANG Rui, TANG Qiaozhan, LI Sihui, SONG Jiangling

(Medical Big Data Research Center, Northwest University, Xi’an 710127, China)
Abstract The objective of liver tumor segmentation is to pinpoint the region containing the liver tumor, ai-
ding medical professionals in delivering precise diagnosis and treatment. Owing to its capacity to automatically
learn intricate features and structures from medical images, deep learning has emerged as one of the main-
stream approaches to liver tumor segmentation. Nonetheless, the size, shape, and blurred edges of liver tumor
exhibit significant variations, which constrain the segmentation performance of deep learning models. Conse-
quently, we introduce a deep network that incorporates multi-scale features and a reverse attention mechanism
for the automatic segmentation of liver tumor. Specifically, drawing upon the U-Net model framework, this
study designs a multi-scale feature extraction module and a reverse attention module based on deep supervi-

sion. This enables the network to adaptively select features of varying scales according to the size of the seg-
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mented target and direct the network ’ s attention towards the edge features of the segmented object, thereby

enhancing the network’ s edge segmentation capability. Furthermore, a novel hybrid loss is devised to address

the issue of class imbalance in medical image segmentation. The recent numerical experiments conducted on
the MICCAI2017 LiTS Challenge dataset have demonstrated that the proposed method achieves a Dice coeffi-
cient of 76. 12% and an average symmetric surface distance ( ASSD) of 3. 25 mm.

Keywords liver tumor segmentation; multi-scale feature extraction; reverse attention

O 2 L s A e K ) S e P 2 i, ELA A
T P AE AR B RE . DR R o R A
JHFIE ) S8 L A, T 43 Sk T 1 A e 6
JE P e (LR R R ) o PR geat, T E R &
9% BT AT 19 9% |, J& i WA TS 56 4 5 1T
FEPET % TG R Y 14% |, SR REJE T3 45 2
it SCHk[2 15E 3%k 10 966 il T8 & il R
PORIEA T [B1BPE 4347, S BRI i JB o 3R 97
H5 AR IR 62.5% ~T1.2% 1 i
JH 9 R 1 S ARAE AR 23. 8% o PRI, S X
JHE I IeE 2677 RSB IZ W T S 2 W S8 3 JHE
O HEF AR 3 s TR A AR A
SCU T PP PR Y o R 4 R S X — H AR
0N E 7

JHF I k3 3-S50 2 48 AR AR N B2 2 A8 o6 A
FifrgRa DX SRadE A 5 B 2 o TR LB Z 148 ( com-
puted tomography, CT) J&—F GEAZEE {1t 55 43 B
BUG e AG 2ER AT , EA R TR R e A4 A5
ANEEAI A, SR R T T T T R e 8 4 1) A
BRE . ARG I R 43 ) S 1
v B AR AR CT B ib AT F sl A . SR,
B B FCE R, AN B F A CT 15 L
Tk R IUA R Y A EUR B AU T N4
F S AR ICARILRERT 2% 7, SRR B B AR 1 AR
FEJ7. WS, N TAMCHEZ B AR MR,
ANTR] K- 15 A X6 T I S 742 B A TR R R M E AR A
], 55 MRS IR B S . FE RLA AR 1
K RS E AN T Bk A7 BE 24 R
GBI TR, X AEAR KRR B T I
AW TAER, BT REZAREZENSE . Fed—
FE R LR 1 378 b DX IS 57 9% 5 AN Y- 4 ) At
SEPLEEST BRUR R UL

HHT, e o Bk 8 3 25 T
R B A BN SR BE T AL 2T 1 o B 5k
BT = W Bk . Hd e B 5
F L B A 4 B LD K OF 4 E
W IR EE T A, ST LA ST 1y

BRI E RN L TR AR A, Bk
by 3T 5 A AR T REAE 4 B R 9 48
JEAT B R A 5 B 43 A1 L R B SO | BTR
AYMBRRIE 55 ) , HF 45 & o 25 4% (a0 K- (55
1 SVM™  AdaBoost' ' 45 ) S 5% AT 1% 2 AN
BSR4, LLSC BT e s 48 . BaREs
1 2R A 0 B o Bt 04T N A8 HoR 58 U
TRt B, HARE W o BIROR Z 0 G ik
BRI ALK 5 2 8 R T N sy
ik, HFMEFRORGE A IR, B iz e g
25, oy I A RN RE U

Bl TR B2 27 ) B R 1Y 4 i, HLa R I RRAE
FIPARE T, AR B R o B A 2 T )
RN, Hig 2015 4 Ronneberger 28 A\ i
) U-Net P20 dhy F HL 45 09 £ 375, 0 o0 0
BRI A BT 1) 43 BIVERE , I A SR TR R 225
B EUESS h 2 B RO . IRZ LT U-Net &
AR AR B AR 55 7 YA T S I g
#|, £ $F H-DenseUNet'*’ | U-Net + + '/ RIU-
Net'"”) MS-FANet'"*' 4

RUEIETFUREE 2% 2] i Wk Rebigg A 3l53 507 1k
R3] T —E WA BN AAAE R B , BAARIR A
PR 7 1T s — 2 AN [ BB 04 JHF O I8 7 KN AL
WA T HAFTE R % 22 5%, &) S BORK ek 2L
%, OA T EEN SR A 2 G SR EOR
[F] RUBE YRR, 74 Ak 22 ROBERRAE B 42 3647 DF
LA INERAE, 28 T R HAR 4 5 B ARVNE
PRAGA R 0 s R I T A i RO T
BN ERG AR, CA s 5 A B
%03 3 BT G A O pR BT LB v 2% 1 30 % 4y
Efe )1 A0 BRI E R A& SR, Hil
AR L& IR St IR NOR A IR N
1 (a) ~ (c)@AFEEER CT )5 v e &
Ik g A1 7 e T, G v 0 e U DX s 3
S, £ OS2 T Mg X i % . NIEL 1 W] LA
RIR, Ca) H S8 35 0 T IO b g R /N 45 = A B A
FC, ARSI IR A S ASORY 5 (b)) v B8 1 e



- 966 -

(LBl QSR S)

%53 %

IR G5 T RE I G F 455 (o) FP R O I JUE i
Tt/

B TR BRI e A s 2

Fig.1 Liver and liver tumor distribution diagram
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Fig. 6  Segmentation performance of MRA U-Net under
different hybrid loss function weights
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TransUNet 72.01 41. 66 0.058 3.43 54.76
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Fig.7  Visualization of segmentation results by different methods
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