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Abstract

Liver tumor segmentation is greatly challenging because of blurred boundaries between tumor ar-
eas and normal liver tissues, and variability in its sizes and shapes. To deal with such challenges,
research on a multi-scale feature fusion-based medical image segmentation algorithm via double
encoders and is proposed MCT-Net (Mix CNN-Transformer Multi-scale Feature Network). Firstly, in
the encoder stage, on the one hand, the DFEM (Detail Feature Extraction Module) was used to ex-
tract the detailed local features of the tumor edge. Transformer encoder, introduced, on the other
hand, in keeping the tumor edge detail segmentation under the premise of good, even more recep-
tive field, further raise the overall awareness. Second, the Local space attention in different branches
respectively designs LAM (Local Spatial attention Module) and GAM (Global Spatial attention Mod-
ule), in reducing computational complexity at the same time, improve the expression ability of tu-
mor features to fully learn the local edge information and global semantic information of variable
tumors. Furthermore, Max-SA (Multi-axis self-attention) is added to the Transformer encoder to de-
compose the fully dense attention mechanism into two more lightweight variants. In effectively us-
ing the different Information of parallel encoder, decoder design the MSIF (Multi-scale Information
Fusion), realizes the Information transfer and complementary between different scales, so as to im-
prove the segmentation accuracy of the boundary. Finally, the proposed method, respectively, in
the open LiTS2017 and 3D-IRCADb experiment assessment and generalization experiment, the pro-
posed method on LiTS2017 Dice and ASD evaluation indexes are 72.16% and 3.380 mm respectively.
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Figure 6. Local spatial attention module
E 6. BEf=EIEERIR
DLUA Eca MrBONGI, TERFEFRIUBIEE DFEM w1, 2838 3 x 3 BUVRLE ] 4 B B A1 BIIAFAE X, ZJ5
L JR EE R LAM, DL AF R A NI RT . BARSR UG, e RIRH 1 x 1 KB 3 x 3 1
REEGR, LERRAE N [F) I a0 T B DA IS = 20 R R AE R «
Xé = DW3><3C1><1 ( X ) (14)
TR, SINTREERE, KA 1x 1M 3 x 3 BIHZJERFHES RGN, 252 1x 1 BHE,
HEad Sigmoid WU RS BRI IACE R, 1B AU AFEEAT IR, INBUE FIRHIE S JE R 5
Hm:
Xe=Xe+X
X¢ =Sigmoid C, (X¢) (15)
Yo = XEOX+X
SR JRIVER ) LAM REER DL AT Y o PT AR S 9 -
Att, (X)=0(Cpy (X))+ X (16)
Ya = Al (X)O X +X 17
Horh, At () FoRBEER B LAM B4E, Y, FRREREER N, C B 1x LB,
o (-) 7 Sigmoid Wik K, © FRiE MATERRAE.

e Yre—le ~Pre T P g L9
L g B j 5 5 5 g g &
Figure 7. Global spatial attention module
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£ Transformer 73 S gt ds, DA Ev2 BrBONG, SARHMEE G40 1x 1 BB LL A 3 x 3 HIIREZ AT
SFEGRARRE X, EEE2RERT) GAM Bk, ReEARHR AR LTI ER, SRS
Jor DXV BRI B R ). BAROR T, ERAd—A 1 x 1 iEREYE, BEJSRHEZ S Transpose % B 1

B, RRRpERE R O L4EE EAT A e, DMET RS HE R it 5
X{ =Transpose C,, (X71) (18)

21t Softmax WUE BRECHEEANMRHME SO E 2 5, R oRE A 1x 1 %, BatchNorm., Relu
WS R B R MLP, R 88— 2B RUR UL r= 2 ¥ A B m e A 18], TR P A SR ) 88 1 K
C Bl B —ANTE =4kt 2C, WRAFAERIBRES . 2RI BB YW E N 55 .
X7 = Softmax (Transpose(C,, (X))
X7 =X ® X! (19)
Yae ZMLP(X{")+ X7

BARJVER T GAM FBEHLL R Y 5 T LABESE Ay -
Attg (X4 ) = Softmax  Transpose (Cy,, (X4))) (20)

Yae = MLP(Attg (X1)® X1 )+ X1 (21)

Hr, At (1) FonERER IR GAM #:E, @ RonHiFEsfelk, MLP &R 1x 1 Conv + BN Relu +1 x
1Conv, Yuq RNGI A RER IR .

3. KB RHLGRSH
3.1 BUESK K TR

AICAFFAERAR S LiTS2017 F501F Fr i Hh B2 i) REEPEATE %1%, JF HAE 3D-IRCADb HEATiZ it
REATIIN . FENGRBERL 2 1, 75 ZEN B e AT AR B . DA g o0 T H5di SR AN T 2R 1) T ZE 2

SR 0t B e 23 BBk R SRR A X A P BOE 4 LTS [24]0 FEr RN T e X 3 th 4 44
S0 F B BUR RN AL A ITK-ANAP B8-FahtriE, 1EAS RISt %R 8:1:1 ¥ 131 Wifl 4R
BENLRI A NN GRdE . B SE RN 4R .

R UG K bR % 88— F /AN 512 x 512 K/, SR @t 8 & 56 @ Ank AT CT B I 5
PR 1] 7E[-200, 200] Hounsfield Unit (HU)YE Bl Y, DAE5E CT BUE R LLEE, 982> 0 G 4 2R B 2% B %) A
TG RIRE. BEE, XFEMEEHT BE N BT B, IR KB BUE B[0, VG N, LAY SR AT
FE AN R 2 (B e EE R, AR CT EUR I Al WAL R . RS BI5PR CT RAERT AR 22 57 538 3l 67 A
[, X EMEBENLEEAT 0042 10°Eds, TALFL AT /G b an <l 8 s,

Figure 8. Comparison before and after pre-processing of liver CT images
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32. IWHRRSHRE

ARSZIGAE Ubuntu 1E 24 EiE4T, ] PyTorch 3.8.0 V&5 2% STHEZE A AR . Sz ob ) 9 5K
NVIDIA GeForce RTX 2080 & Ki#4T 47115 . A SCHEEEARR LI 5 A k& W3R 1 fras.

Table 1. Experimental environment and required apparatus
1. IRINESHRARE

BAER G Ubuntu18.04
CPU Intel(R) Xeon(R) CPU E5-2640
GPU NVIDIA GeForce RTX 2080
N7 32GB
Cuda R4 12.2
IR SIHESE PyTorch
Python kA 3.8.0

FEM I GRad REd, ACEMAEB RS E N 512 x 512, FER N SHOHEAT 1 BENIBIG . ([
IR T Adam AL SR 24, JRRE /N E R 8. fEIZRid i, ¥4 epoch W& N 150. ¥4k
)% 0.001, %S5 A epoch WISHIFER (1T 3540 R AN P BRI, 2% 3] 238 CA JE R 0.1 fi%.

3.3. WfrigHR

N T E BV M e, A SCR A B RE PR 4845 A Dice %%k (Dice coefficient, Dice) [25].
PAFAE B % % (Volumetric Overlap Error, VOE) [26]. #HX} 44 %1 7 (Relative Volume Difference, RVD) [27]+
~F- ¥4 3R THI PE 25 (Average surface Distance, ASD) [27]. # W48 SEPrI>FI45 R A, ESEMIFRZE N B, %
P FERR T A LW R

1) Dice FHR PR 2% BUG 73 B Atelo e F 4036 B i (VAN 8 A%, T 1 E BRI 2% 4 0 45 SR AN B ST AR 25 2 ]
(RAHAAME, Dice MHMUETEFE N[0, 1]. HAEBOK, 2-RIRCRBkEF . HAa Rk 0N:
_2|ANB|

|Al+|B|

2) VOE H 11525 1) 73 ) 25 RN FL AR AR 38 2 (A AR R B iR 2 A L T %, o HIR0R

i, HAaAA:

Dice

(22)

ANl
VOE =1-1—— 23
|AUB| &
3) RVD 5[ 4% i 7 ) 45 SRR SLSERR R I R R Z AR R B 22, I 0, RO ISk
5 FUR AR Sl oy BRI, 52 SOA:
[BI-1A
A

4) FHRMEEERS ASD 2 FRAETENAME S HEEES,  LERHIAR A AR R AR E . A=

RVD =

(24)
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RIEWT
1
ASD(AB)=—F—F——— d(P,S(B d(q,S(A 25
(AB) [s(A)+s(B) DESZM) (P.S( >>+q€SZ(B) (a.5(A)) (25)
S, (AL FIZE TS, S(B)R TUSARA LT, d(P, S()FRIIT A Pl S( )Rk
F B

Lier BIRDUANRRR, T UBON 5838 PP A4 TR J7 278 AR X SR DL K3 5 9 7> BURS R RE . Herh Dice Al
VOE #fE £ 0~1 Z[a], {HBRR R BRI o IR bR =, 1f] RVD A1 ASD, {EBR/N 3 B3 57 43 #1134
FLT .

3.4. KMEER R

N T B AEASSTER ) D0 2856 JHF U J e 23 B R 1 RE K A ST R A 77725811 U-Net [6] . Attention U-Net
[7]. U-Net++ [8]. TransUNet [10]. CPAD-Net [15]. TD-Net [28]. MS-FANet [13]f¢) > &1 fe E47 EL 8L
Xof FE 58 3 E AR SR [R] R SE B FR B AII R S 408 B R EAT, 40K sRECR 22 X BCE i 51 Dice 14k
ZA, PLEASE R SHIEAE LiTS2017 YIZREE BIZR, JFAE LiTS2017 WlitsE EabA7 PR, *bbas Ran
%2 PR

i 2% 2 S5 AT 50, A ST SR AR Dice . VOE.RVD Al ASD PUFH AN TR A5 L0 HIiE R T 72.16%.
40.56. 0.078 #1 3.380 H:+1 Dice. RVD 1 ASD LT HiAth &% . AHELT MS-FANet, A3C#E Dice FHidiE
T 1.13%, “P¥JRIMEE S ASD 1A% 3.380 mm.

Table 2. Comparison results of different models on LiTS2017
5= 2. NEIEATE LiTS2017 BUREHFILER

WARrS Dice VOE RVD ASD
U-Net 64.83 47.45 0.204 12.386
Attention U-Net 68.95 42.33 0.165 5.912
U-Net++ 70.34 40.67 -0.137 4.425
TransUNet 70.76 40.24 0.146 4.141
CPAD-Net 69.85 41.55 0.155 5.347
TD-Net 70.48 40.92 0.121 4.259
MS-FANet 71.23 39.73 -0.107 3.862
MCT-Net(ours) 72.16 40.56 0.078 3.380

ASCEE OB H I 4E T RHE SR UL DFEM . 2 RUE(E B A8 B MSIF 58P & GAM HiT LAM VEE 7]
BEEL, 18— R FIET TR B GE, S5 A RIRMVENRAR R, UL SCRTRR I oy B A
FIFBERE B8 CT BME 55,

SN T I OV T B AR SO PR B RS (AT 2, R 6 AN H A REMEM CT UIAEHA
RIS AT 00, 45 20 0 TR0 25 SR AT PR 0BT il 9 B, ANHETE H D1 S ) A o g X 3k
AFECIEWT, BT IS E SRR UG P i Es AR, Sk, VIR A, RSB BR. B
TEIX L2 B % AR, JF H eI nT G855 E R R 1 S B S, RG22 T e 2 e A A it
WA R —& 5y . fEVI R B o, [FIREZ R BRI, —Se BRI 34 RO T WS IR F
G FMIAY . MY C MR SR 2 BN, HIRHRE B2 2SR AR T LA, K35
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Bk 1 RN A A RO AE MR > F . VIR E v, PRI 22 N AR R IR, HEAE
THHEILSG b, R0 7R R A, DR T 4 RO i i RISk . AHERZ R, A SCHEH
(I BLIAL T 2L 0 FURE L BRI CT BRI e e i 1) 20 42k
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A
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Image Ground truth U-Net  AttentionU-Net U-Net++ TransUNet CPAD-Net TD-Net MS-FANet MCT-Net

Figure 9. Visualization of segmentation results of different models on LiTS2017
B 9. FRMRAAE LiTS2017 LR BRI

Ak, Ry 7 B RIE AR SR MR AL Rz AL RE 7T, ASCAEA T 3D-IRCADD #4552 34T 1 A [RIBEAY Y
BE—2BI. EAFE RS, 3D-IRCADD HE4E L7 20 MM HMIEE CT FfM IR, BA @ P fiiE
I E o ERRE . HEGENEG R E. SR B ERHEN 2R, BRI RS J1 52 4L T IR 1)
I, ZALRESTIARLE Kk 3 FR.

Table 3. Comparison results of different models on 3D-IRCADb
% 3. AR5 3D-IRCADD HiE&E FHISTEE 4R

WaRrS Dice VOE RVD ASD
U-Net 61.22 50.25 0.233 14.249
Attention U-Net 63.95 48.63 0.195 7.812
U-Net++ 65.2 4758 0.172 6.946
TransUNet 66.16 46.74 0.161 6.413
CPAD-Net 65.73 47.06 0.167 7.204
TD-Net 67.51 46.12 0.152 6.126
MS-FANet 68.16 4535 0.136 5.591
MCT-Net (74 ) 70.36 43.87 0.118 4,856
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AT ) 70 FUE DU MR R TAT T BRI PG S5 R . fEPPOrfEdR Dice MT-XIRMEE ASD
t, ATESRIEE] T 70.36%A 4.856 mm, BHAMIIA BEARTE . W AR KA B RIFHIZ
VERE, JUHORAEAL B IR ORI S, BB ™ A IR B ) 0 1 45

3.5. jHRESELE

ISR A SRR Y 1) &S0 A4 4 B B B R A, 7E LiTS2017 2Ha 88 BadbAT 1 JURPASR] VA fih s
B R LR EHMESR S BY(DFEM). 2% GAM Fl LAM Pi2EiEm bk, B2 REERLEH
BLEL(MSIF) LA B 25 BRid Transformer 4t 43 2

LI AR 4 Fis. ATULE B4R 5] X DEEM #H Dice T 1.14%, 5IAPSER IR
Dice -7+ 1.19%, 5| A\ MSIF f&tk Dice -7+ 1.98%, 5| A Transformer w5437 Dice L7t 1.51%, %
HEREIE, REIINNRERIIERTE Dice R MIRTHHIXT RN, (HMFREE S ASD XA
Sy BN L AR bR )25 T DABH SR T RAE S T MR 1 5 B BE T TR B T W E A .

Table 4. Ablation research of each module on LiTS2017
e 4. BAMEHRIE LiTS2017 $iR s AR

Jiik Dice VOE RVD ASD

w/o DFEM 71.02 41.78 0.084 3.674

w/o LMA and GMA 70.97 42.12 0.091 3.745
w/o MSIF 70.18 41.94 0.087 3.682

wi/o Transformer encode 70.65 42.04 0.089 3.369
AL 72.16 40.56 0.078 3.380

4, &g

ASCHR (R bR 4311 4% MCT-Net BONA RO 17 IUA HIE CT BIE 5 DU e 1E 5 41 242 []
(300 FASORA L P ged 5 KN v R AR R T 5 B0 R o BT VE P AR E R B IR A RO AR ]
. It ah & 7 BRI M 2% (CNN) AT Transformer ZER 03, 5 45 & R SRR IE (S B A4 B E B
MR BE B AR AR, RRE SE IR AN HUFS 48 MR RFAIE,  AB P IR TR K /S v P8 e APk [l s 001 AR I i A
HL(DFEM) CRIFIEBIVERE I [FII , BERAGTE 552 2% B sl S 80 8 91 5 28 1R AE Bl & SR 1t 1 RS 4 00 i JRg 6 5
SR, (RS AE R A VR R (LAM) RN 4 5 2 ) v 25 RS (GAM) B2 2 IR S 40E (1 2
K AE S DL IS AR IR 2 S A AR R 0 SR BB IL 25 B A2 RE UE R, RN EEAE, ZREGR
A HASH(MSIF) S35 43 HE 2R RMIC 23 M B3R R AE 2 (R A A ELRD , R B8 A5 280k 4l 412 e e 1 % (1 4 2%
AR S5 3 435 W A A AL 2 B 7 BRI 4% MCT-Net 23 HI7E AT 4E LiTS2017 F1 3D-IRCADb 32
FPRIE VA MR AN A 525, YRN8 45 Dice A1 ASD 4354 72.16%F1 3.380 mm. 7F £ K256 HiE B A
Rk, WHFIE CT USRI e 1) B Sk R 4 12 W B — 52 1S F AR (L

=
[ 5% 5 ARl 56 4 W Bh I H (62373251).
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