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Liver CT Images Segmentation Based on Multi-scale Feature Fusion and Dual Attention
Mechanism

HUANG Yang-lin, HU Kai, GUO Jian-giang and Peng Cheng
Key Laboratory of Intelligent Computing & Information Processing of Ministry of Education, Xiangtan University, Xiangtan, Hunan 411105,
China

School of Computer Science & School of Cyberspace Science, Xiangtan University, Xiangtan, Hunan 411105, China

Abstract Liver disease is one of the most common diseases in medicine,and accurate segmentation of liver disease is a necessary
step to assist liver disease diagnosis and surgical planning. However, liver segmentation is still a challenging task due to the com-
plexity of liver CT images. With the deepening of research,people begin to consider combining high-level semantics with low-level
semantics to further enhance the segmentation effect. However, most of previous studies simply use splicing or summation opera-
tion to fuse different semantics,resulting in failure to make full use of its complementarity. To solve the above problems,a net-
work(MD-AUNet) based on multi-scale feature fusion and dual attention mechanism is proposed in this paper. Firstly, the hierar-
chical dual attention mechanism in the hierarchical multi-scale attention down-sampling module(HAM) is used to effectively fuse
feature information of different scales and extract feature representations rich in spatial information. Then, the global context of
high-level features is obtained through the global attention up-sampling module(GAM) for weighting the low-level feature infor-
mation, so as to select more accurate spatial information. At the same time,deep supervision strategy is used in network training
to learn the hierarchical representation of different decoding layers. Moreover,a concise and effective post-processing method is
proposed to refine the coarse segmentation result of MD-AUNet. Experimental results on the liver datasets collected by the hospi-
tal(manually annotated by experts) demonstrate that the proposed algorithm is superior to other existing liver segmentation algo-
rithms in subjective visual perception and objective evaluation indicators, and its mean pixel accuracy, mean IoU and Dice are
97.6%,95.4% ,and 95.5% respectively.

Keywords CT image,Liver segmentation, Multi-scale feature fusion,Dual attention mechanism, MD-AUNet
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Fig.1 Overview of the proposed method
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BT 2 A5 7E B A% 45 By B, Sl Bh 4 2k 7™ A B T LA
A5 D A% 3B B 6T 0L B 2 i U2 DT A A5k e ) 9% 14 A R T 2R
[F]R5, $2 TH B IR B S BB R )
3.4 BEgELE
3.4.1 AFBLMFMMY

R 3L ) 4% T A B 9 43 SR b SR AR BRAE L A AR AR 1R R B
TR RS, SR XA i B R T RRAE R B & e, AT R L
SYREFRHAERI A, T IRESE RN E A SCR A4
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PERIFRIC 15 IF 20 B3 09 48 43 DX 48R, LA A O 40 B0y 43 B 5t

LA St U o A S0 v o T 4% A5 A ) A b ABE 6 43 AT T A
AL B — ST B L T B GG B IE CT 5 ] 42 {3t
ZouBmT MM E MBI AER., K, aERAFEILIE N
AETE R BT

E<1-):§|¢U<J-,>+§¢p(z-,-,1-J> (12

fil tat R AP A 5 — Iy — JC SRR R B, T T A i R R
SO RRIE Dy . B BRSBTS o MR, ik
BRI I ¢, (ayx) A ZIC R RE RS I T = PR
PRI & AR P(a ) R TR EZRAER,

e MM SR B B p R R B — 25 AR .
) o va) =UCar ) éwf"m irf) (13)

Hob U s a) HARZE AT B AR T ERR AL T 0040,
HA M FAR S T e AT UM B A% 50 AU S H
TP R EG KE s S AR R B, R Uh -

K;‘}(f,,f}):exp(—%(f,-,f,)TA“'”(f,—f,)) (14)

Hod, f ff REBRE D S5BE ) WM&,

E T R R AFIE CT IR EAT 4 31, 224 48 oL X 385 Y
1R SN R AR AT, B it s S A R M 22
S0 DX Sk g 0 S A R — 28 B, A 4 7 AR A R Y 1B i R UM .
) 2 AR AR i BE oK B S /MR KA IR B R XA
ORI T A BZ A5 B R 404k 4 B30 &, DT 1 4 B0 B2
REE.
3.4.2 FLRAKA

B T B8 2 G 2 AN T ok G |l 7™ A B A MR R L R 80
FEAE X Sk & R D fLIR B, 8 T 3 — 25 e e 4oy E 25
T R SCR 2 T8 K B 0 R T W AL B SR L R AN
LA R, B GS RANRE 1 FTR,
i1 AL L
ARG ZEEG L EE T
i I oy IS5 FPre
L1 < BIEBGRWHAR S 1 AR IR A %
2. ROI Area < i 4R 1' 19 RO IX 5}
3. Sp<~ WtRLER 1 R &
4. WHILE Sp & #38 5 5¢
5 FOR pixel € 4 483 DO
6 IF | Sp R& fl-pixel BRI | < T
7. New pixel < ¥ pixel #AN#E ROT X5
8 END IF
9 END FOR
10. Sp < # New pixel &8 N H K F T 5
11. END WHILE
12. FPre < JEUREMR 1 Fh AR S EMER 1 BUR
13. RETURN FPre

4 XBWEREHH

4.1 ZBRHEWESTMEIER
411 #HHEE

AR SCASE & ZbR T Y i R T CT &1 1543 ) 03 4E
Jefa B 420 56 BT W IE CT B FARZE . 78 S0 34l b
A0 400 A5 H#E AT YN 25 CHe b 80 SR AR b B TR 4D . i T 20
A S AT I K
4.1.2 AR

AR SCAE S B FORT B P 338 9 L #l Dice AHAL R E0X
3 Bl 38 SC43 R PE AN 48 A ok Bk M B HEAT IR E L B AR
Fr v (T

1418 F K E (Mean Pixel Accuracy) , i120(15) Fis :

k
MpA=—_»_ TP

ET1>TP L FP 2
A2 I (Mean ToU) , 405K (16) BT 7w -
k
MU=t > TP (16)

k1S FN+FP+TP
Dice L R E AL, =X A7) PR .
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2TP
FP+2TP+FN

Hop, TP R E R IEREAR 32 L& IEREA; FP FOR
B E N IEREAR R 5L R SRREAS s FN 3R Bl 5 oh b
A AR S IR IEREA,
4.2 MESHIZE

A SCHE FF R A R 2% 2 HEZR Tensorflow 1 Keras |- 52
BRI 24 T 42 1 0 T 5 0 . 1 ot o 0 4B 30 AT BT 5 (wiin-
dow width) f1 % v/ (window level) 8%, DL 3R £5 1T I X 38 1) fx
B WRBOR . RGBT RFIE CT P50 s X 38 4 {1 B9 0 =X
W R R/NJR K 256 X256 1 R I 454 A I HLR A R RE Y
I 2K 18 SRR 25 R B R T P 28 58 256 X 256,128 X 128,64 X
64 F1 32X 32, I T#ITIRE MBI, Ja¥s 4 M EHZ 0
i ANAR ZE A1 19— 4325 Focal Loss 3R A1 BCF- 35 48, 15 o 9
2R )OS PR, A S 4% AE NVIDIA GeForce GTX
1050Ti GPU |- i FI H 3 Ji A5 Al 11 CAdam) B0 £ 4k 530 95 3k £ 7
IR, VN GRE LA B/ NEE & Ry 2, 00 b2 S B &R 0. 001,
4.3 LWERNN

AR S 3o PEAR AR BOHE SR AN TR S 58 5 1 4 ROk 46 BT
BB A RN, B8, 8 TS MD-AUNet FRANER S
AR ERL ) P B L A SO I T A T R T AR T il S 6 2 SRR PR A
Hospm, HLUK, SN T 90 UE ek v 1] 2 A H A e sk o 5
B BT TR . BEAh . ST 401 oAb T 58 5 i A SC R 45
TR P BE A TR 3K, A SO R 5 2 AR AE Bl A 2 U T A TR 3R
11Tk, SEHE— 25, TR A S0 46 MD-AUNet 119 5 24
e B S R kAT T . R, R T IR SR AL B
R A AR S LR T A TG S AL B DL SR A B T 9 il
Al T 2 T 5 0 P BE
4.3.1 BAPIEE Bk 0 A 5 AT

ARATIT IR A SCEE W R 2 ROE BT R AR
(HAMD R4 R B ) FSRFERLE (GAMD 75 N 4% 1 7 o (1% 4
FH o 7 SO 2 5 40 I 465 A 100 v A 5 I il A e e 56 U L o
I Z oy HIMERE RS I, SCEREE SR N Z 1 BT, AR SCE SR AR
T4 FE R BRI A FRAE Al A RO BT B R RE  BLR TE R R
P 6% LAl R3OS AR (A5 0 SR B D e R 4 SR AR T AR AE
Al A B 7% 1 Concat FeR LM 45 . Hi 031 9 2 1%
FHEE V338 LA Dice AH U FR £ 500 92.1%6,84. 8%
83, 3% A ST %% MD-AUNet 43 3 38 2> T 5. 1%
10. 0% F1 11. 6 %6, 3% Ul A A= SC 4 8 A9 0 A 7 2 D B e g 3
BT T B A o

R 1 PR B W 4P RE 1Y R

Dice(P,T)= 17

Table 1 Influence of two attention modules on network
Method HAM GAM  MPA/% MloU/%  Dice/%
Concat X X 92.1 84.8 83.3

MD-AUNet X N 94. 3 85.0 83.4

MD-AUNet N X 95.1 86. 4 85.4

MD-AUNet N Vi 97.2 94.8 94.9

HE— 25 4 AR SCPRAR T R 2 S B K B R 2 R
TR RAERHA 4 R R ) LRGP BE

(D422 REFE T T R

mFE 1 PR 2 T TR, KRR E 2 R E R T R
P s W26 1 S Y45 R K L 7 34 28 9F L6 R Dice A8 ) 3 2L

I IEAR T 2.9%,9. 8% M 11.5% . Kl 6 sk—H4H T H
AR E LI EER I T R A#LE5, Ead i
PR Ll 25 SR m] LA Y il 0 J2 22 B T T T OR R AR R Y
P 2% il 05 o1 B 4 A 7 B A ., I FL7E K B AR Ak Y 7 B 7 2R
O IR L R R B ORG o RO A0 AR A B . i o T R
(I 3 1T 28 00 AS ) B X, A A B g R A T B D AR
b, Bl A AN TR B B0 A 3, T A S 3l B A
A EE B

() I b 1R

(b) i bR %5 (ORMH HAM (D] HAM

6 43 )2 2 ROBETE B T SR AR X L 45 21
Fig. 6 Comparison of hierarchical multi-scale attention

down-sampling modules

g T 3k — A B UE AR e v U 3 3 S ML X R A sk
JE 5, A 3C7E oAb PR3 OR B B 15 BT L 4 51 Attention
Gate(Z3[A]7E 2 H1HLH) . SE Block Gl 3 ¥ 35 /1 ML) L scSE
A7 BT 13 35 S HLED L CBAM CER 7 19 %0 T v 25 1 BLIED
B AS A M b ) XU TR AL R AT R XL, gk 2
JITB AR S S 1 B AL AR S M e L B R
XA 45 T A R R B R B i Al R e . Hohas i oh
B HUKG T GURRAE A3 SUfE B 81 A B GURRAE AL SR #h T 7
YT A RO RS TR E . 3 R A ) X
R AIE 308 3 V) 0 A DG R AT AR O B A AR AR R AT SR Ak, DA
T R RE .

# 2 TERITHLR B REXT LL

Table 2 Performance comparison of attention mechanisms

EE A AL Params/MB ~ MPA/%  MloU/% Dice/ %
Attention Gatel??) 1.96 95.9 88. 6 88.2
SE Block!?% 2.6 93.1 85.5 84.5
seSEL4 2.61 93.4 81.6 80.1
CBAM %! 2.6 93.4 87.2 86.6
Our Method 2.38 97.2 94.8 94.9

() &R T R B

W 1R 3ATHTS . KRR ER S LREERES
W 2% (1 - B R G B, V-39 38 9 L Al Dice AHAYL Z 35053 0 B AIK
7 2.1%.8.4%F09.5%, W 7#— LA B THARERS
JE ) LORBERII B 25 . 8 v AR X e g R AT
B AR T ) RS I 4% 7 3 B 04 T 25 W
PAVRF AT AR T T, X A AT LU ROR
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Fig. 7 Comparison of global attention up-sampling modules
4.3.2 PR B AL S 04 M AR 5 AT

A% A5 P A S A T Dense ASPP B 3 iy i) 2 5
He (dASMD 7E W 45 B 81 o 1 4F . A< SC 43 0] 3 3 P> 256 X
3X3HBRZ P 256 X 3X 3 MIRIE W 4 B &2 U K
Dense ASPP HHt  # v [7] J2 B ULk 04T 45 SR 1 4T L

M= 3 Fr), &b i E BG4l e BR324 A R R
BERRRE . IF BAETTE I FE [, A SCOT IR AX LG B 2 2R IR B
A EBEBRE T RBZ RN S L . XRVIASTT kR
BETER I AR SRR T Al o0 2% (1% 5% 32 1 B, T A &%
A& 2 REEREE B

23 A2 X 464 R 5 1

Table 3 Performance comparison of central layer modules

& i 2 Params/MB ~ MPA/% MIoU/ % Dice/ %
¥ AR 2.73 93. 4 92.2 92. 2
RET 28 ER 1.97 94.3 93.3 93. 4
Dense ASPP # 3t 6. 65 94.2 85.6 84.7
Our Method 2.38 97.2 94.8 94.9

4.3.3 HtbHww B E o4

AT HE— 40 M T AT 6 5 i N 4% A 0 Rl Y oAb IR
A3 AT T A% 35 R AE LA 2 B0 IR 2 4 1 B Y 5

(D S 28

AR T B UETE AN 7] G B 45 16 0 T o0 4% 5 R 1 P g L 4
% ResNet (JR B # J&) | InceptionNet V1 (5 ¥ &) | Effi-
cientNet BOCRBE |58 B 43 PER Y ) iy 5 43 B e il A 31 7% )
SRR AT AT R X . Wk 4 8, i Res-
Net Hf Res Block 1 Jy 4 5 % BE 1% 72 %16 19 1 5 74 #E T 3%
R g .

R IR TS A A

Table 4 Impact of encoder on network performance

Encoder Params/MB ~ MPA/%  MloU/% Dice/ %
ResNet! 2] 2.38 97.2 94.8 94.9
InceptionNet V137 1.62 88.3 87.1 86.3
EfficientNet Bol?8] 4.09 92.4 89.9 89.8

B E , #H e InceptionNet V1 #1( Inception Module,
HSH A s, ok 7 8 e 8=, miH
EfficientNet B0 18 MBConv Block , 1 U 7 #E 5 )& 1 2 % &2
FABERMEE . (2) ZBRIEEEER A )2

AT RIE 2 2 UCRRE @l A 1 BSOR A SCE A 25 B ) 2%
ANRNZE R G R R TEAL 5 M fg . a3k 5 g, KBRAEAT)Z
W RHERLA 2 3 S RRAR M 2% 1 e & A PR BE . X R WI A 3C
I 445 a5 ) 45 A J2 R R AIE S BB A8 A8 80R] FH AR AiF 22 T A9 B HME
B2 B B SRR ROR

F 5 RRAEJZE UK 9 45 T BE Y 5

Table 5 TImpact of feature layer on network performance

BHAE B0k MPA/% MloU/%  Dice/%
T B\ Res-1 B 93.7 91.9 91.8
T g\ Res2 2 95.3 86.5 85.6
TR\ Res-3 2 94.1 91.8 91.8
F @ N Res4 B 95. 1 83.8 82.6
MD-AUNet 97.2 94.8 94.9

4.3.4 BHRAF L LR

A SCH BT RS 5 B BORAE R AR IR CT B
RS AT SR A . T R A S L AR SO BT A
PS5 RAS JE AR R A IR . AN 3R 6 A, AR UL TR 3
FIUEAE 4 AR B3R T BA ik, BRSk U, A8 SO 45 MD-
AUNet 7EMREE F Y- 4R R A B 18 22 3F [L Al Dice AH
BLRES R 97. 2% ,94. 8% F 94. 9% s AR L7 B 1 V-3 1%
FHE 31 L Dice AR EOH L U-Net 5343 1] 2
T 5.8%,4. 6% M1 4. 9% ;M1 b UNet+ + 5. 5l mE T
3.2%.,2. 9% A 3. 1% Ml UNe3 + 5. 5l &E T
1.9%,2. 0% F1 2. 2% ; #H It Attention U-Net B 3%, 43l $2 &
T 3.1%,1.8% M1 1.9% ., FRFIESRMHW A BERE D
S TG T B A, A SO A TR V2 LAt 9 4% 1A Ty F 22 R
FEAE Al A B SR 09 5 40 8 3 5 T R I HLE L T AT s A
o A2 RPAE |, 25 BTN ME Y R AE ROR

%6 g A B I T Rl LA

Table 6 Performance comparison with other algorithms

Method MPA/% MlIoU/%  Dice/%
U-Net 1 91.4 90. 2 90. 0
UNet+ +[13] 94.0 91.9 91.8
UNet3+[16] 95.3 92.8 92.7
Attention U-Net™?2) 94,1 93.0 93.0
Ours 97.2 94.8 94.9

e A S TS LM S e AT DX S B BOR L [ 8 45
T AR B AE L Gobn i i E CT B8 Hs £& b i vl 1 Ak
HLER . M 8 AT LA A SCH R RS T 3 8 i B 23 1
iR AMORUL, AL L B4 R BB T AR R
AT MR DX 30 25 2 B I YR I R i A B T A R A AR U2
TF LIS B AT I DX kA7 B AR B . A SCRENFERFT T & )2
R RS & 1 A R G - e L = S (1
b, bR VE PR IR R b B T IRVA 1R R R SRR R
B Ta) AL TR AR S S 7 A R R A e 5 TR R I P
S 5 1y 19 46 25 7 OC VAT A0 B0 AR R DXL DA SR AR A T
sk m R,
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(a) JE R PR

(b) i SR % (¢) U-Net

(d) UNet+

} (e) UNet3 (D Att U-Net (g) Ours

B8 A Ak g IS5 RN L

Fig. 8 Comparison of visual segmentation results
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Table 7 Performance comparison of post-processing methods

CHLAT . %)
. MPA MIoU Dice
Post-processing i
v X J X N X

U-Net 14 92.4 9.2 91.5  90.2  91.6  90.0

UNet+ 4191 94.1 94,0 92.5 91.9  92.3  91.8

UNet3+[16] 95.5  95.3  93.2  92.8  93.0  92.7

Attention U-Net' 2] 94.2 94,1  93.1 93.0  93.1 93.0

Ours 97.6  97.2  95.4  94.8 955  94.9

.

() 5 B 12 (b) i SR % [OF QY S
&9 FR IS b BEEE R X L

Fig. 9 Results comparison of image post-processing
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