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Liver segmentation method based on multi-scale feature fusion and attention
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Abstract: Due to the low contrast of CT images, irregular shape of the liver, and blurred boundaries with adjacent organs, the

existing methods based on convolutional neural network underperform in liver segmentation tasks, especially for boundary

recognition and small object detection. A novel liver segmentation method is proposed based on multi-scale feature fusion and

attention, namely MFFA UNet. Multi-scale feature fusion is firstly employed to acquire abundant segmentation details, while spatial

and channel attention mechanisms are utilized to capture global spatial and inter-channel relationships. Additionally, a deep

supervision module fully leverages the output of intermediate hidden layers, enhancing the learning capability of the network,

which in turn accelerates the network's convergence speed. Moreover, a hybrid loss function is adopted to address the issue of class

imbalance, further boosting the model's segmentation efficacy. Experimental results demonstrate that the proposed MFFA UNet

outperforms the prevailing segmentation networks on the public LITS dataset, producing results that are closer to the ground truth.

Keywords: liver segmentation; attention mechanism; multi-scale feature fusion; deep supervision; MFFA UNet

e

]

Tl

JFF 8 R T SR b UL e BOPE R A R
IR BE % AE ) Kt & BT R T ARG T, BES1E
TRRRESE b4 B WA AR FHTN T AT
BBy B2 MR GOIT MR E 2 2] Tk . 165t
7 1k B XA Rk A AR

[ Y75 B #3]2023-10-26

[BE2mB 1/ MR B (202206010093 ) 5 1 A} Z k4
KT H “FHEAHT T8l (21DZ1204900)

(1E& B VAl 7, W0+ WF 5 2k, R 5 1 - L BRAG T | A% 4010,
E-mail: ranmeizi0106@163.com

(B 15183 | 2t Wi+ @0, iR 9 0 1 < LA BE L B a8

E-mail: xiaoyan.jiang@sues.edu.cn

B VL 7 A . BARAG SR 43 B 7 VA AR I IE UG 435
) BT B A Rk, AHL A2 N T Bl 8 B A R ) A7 A —
FE A 22, ME LA I DR I A SE PRt =Rk o L FIRE
22 W MR YT AR 5 HI 45 U-Net™ | BES7E A R
MIECHR A T R R AT, Mo T By Sl Bl e
B TRD T 32 I 6% g 0 A S 458 0 4 4 i, L
A USRI A A0, SO PR A U-Net, 32 UIEZRAG Y
ok, Ja s AR I 2 AT U-Net (948K . A0 45
UNet++°' | UNet3+'" | R2U-Net'"" | Attention U-Net'?' |
Res-UNet' ' Dense-UNet''*) | E2Net' "/ 45, X 48 )5 1k
22 AR BRI 2 N 45 1 FE A b AT AN ] et 4R T A
RUCR H e 20 T RN )RR, SR ER
B TE SRy X S N s B, R R AR EUR SR REAE , JC A
waRfE BES KB MK R 75 HRIE S A



- 740 -

] 22

2L U

TR %41%

PR , Transformer (942 9% H T 75 51 21 )5 51 1 93
A7 s Ho e AR B SR T AT 2 e,
Chen 5" # 1 TransUNet i 1 ¥ Transformer 5 U-
Net 45 &, FIH Z 3k B3 Z I HLH 3 e 5 R 3
WA, G H REAE R INGs 5, oAl Ak 4
Je A B ][] s B U-Net (149 45 44 > 1k 52 JR 35
()23 a5 S, SR ARG 6ff ) 2 67 Fn 1. R, AR
SCHEH TransUNet £ BE2e [ 2%

T CT AN LL BEAI A S8 2% B 2 FEBOT , (8
1403 BE 55815 73 I XE . Jiang 5542 i RMAU-
Net 75 5% 22 57 JE i il (Res-SE ) B b | 3 1 5% 25 7% 430k
SR B R R Im) R () i b Xl A A AR A 3 1 2 [
F14) R B ARSI R R E T IS HE B E T A b2 2T AR
Fe/n . Feng Z5° 4 tH CPFNet 7 2 it &% Fl it i 2% =2
[t T 242 ma 75 5 (GPG) ik, B 7EiE
i o R R GA 4 h R AR AR AR R U0 i 4 )Ry TR
SAE B o BRI T — A ROEE R 4 7 5 Rl &
(SAPF)#i, &Rl & 2 NE LT UG BT = 2R
fiErf . Fan 55242 1 MSN-Netlf & 2 L2 FRIE A1 Z

A R)Z RAE o X T IHEE 2 %E 55105, Tois
SEARZRE E A0 (5 B, 002 = R R R Y i
R ER R OCHE T, MWD A SR G, R e Tt
IR B G, BT, AR — MR T2 R
FE R AR Bl A 5 T 8 E 4 ) 2% (MFFA
UNet) . FZoTmkan T : (1) $&H —Fp 2 R FRIE Al
& 55k 21 = 71454 (Multi-scale Feature Fusion and
Residual Attention, MFRA ) # 8t | 5 JF 4R % £+ (Y PR
— Bk BRI A LE , MERA B GRS 3G 8 X A R 1
AR R[] Fsf 4 R 4 Jmy 225 [) RT3 1 B] 1Y) 5 &%, A i de
e A TR AR I 00 % RN A YT I RE T o (2) R P IR B
(Deep Supervision, DS )AL, 1 H ] B e 2 i tH A
G380 Sk, s AR Y f U AR B L (3) BT — Rl IR & 4
I bR, it DR 2 S AN - A TR) 0, E — 2D 4 T AT AR
PERE

1 77 &
AN AE AL 2 B 4% TransUNet 19 2 &1 F, in A
MFRA R, PR () R f22 S RE ) o TR TEfRDD

JUBEE SUAE BAHZS & A T HARRME 4RI . Xie &P ES N DS ML, 5870 FHAS [R]JZ 60 i, 2 —
AU MCI-Net BEH — NS RS 1 F B, 25 B R R0 S-S . 1905 1 8 T4 FL A P
T A 4 GIRBR A A R S U SORIRET 1R,
Encoder Decoder
{(16,H,W) 4 u
_.@ N N .
& >< & (64,H2,WN2)
—l— -
2 >< & (128,H/4,W/4)
By

Linear Projection

v VY

ﬁ (256,H/8,W/8)

Transformer Layer

Deep Supervision

) = |

—

7|

(n_patch,D)

ﬂDownsample =>Conv3 X3,BN,ReLUﬁ Upsample

Segmentation head@MFRA Block

- reshape (D,H/16,W/16) (512,H/16,W/16)

Feature concat

1 MFFA UNet Z244[&
Figure 1 MFFA UNet structure

1.1 MFRA
N TSR DRAR S ZE IR SR [, AR SCHR
MFRA KB, B BARBAG AN A 2 s o & 5, X

ik VT 0 90 R AT 300 A T TR T M S TR T R T 4R LAR
SR — A 3 3 VR ) R AN s R O R KA 2
(3 T 7 P 739 45 R R A P AR R, R4S A A



6

- 741 -

AR P o Ay SR JEE VR G TR, 5| A5k 22 1 4, 5
RN R ZER S R d ARRIE AR . SR R TR R
JEE A A AR A ] (T S 2R R AT DR AR
o 3 e X ffs AN ] RO B8 R Ik P AT Rl T

@@*IQ

U5, AT LASS SRR AL 18] ) SRR SR BOE -E = R HIE R
A BB DRI HIE 0 A 55 v DR SR RSOR TS S804 5

F AL

S
o

[Avg/Maxpool]

li:©

. A -
Conv ‘, ®
[
[Avg/Maxpool]
Element-wise add
Upsample @
Sigmoid
?;f& [:’ FC @
?“‘V _—- &) Element-wise Multipl
y @ E L4 ement-wise Multiple
Iiﬁghl- > @ g " I - @Concat
eve
F " — ¢

eature \
Conv
[[U | -6

[Avg/Maxpool]

2 ZREFIMESREIENES

HRER

Figure 2 Multi-scale feature fusion and residual attention module
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Figure 4 Comparison of CT image before and after preprocessing
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Figure 5 Segmentation results in MFFA UNet ablation experiments
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Table 3 Comparative experiments of different models on LITS dataset
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