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Abstract: To solve the long-standing problems of the great scale variation in target sizes and blurred boundaries that
make segmentation difficult in medical image segmentation, we propose a novel dual-branch hybrid network framework
based on feature encoding and gated decoder based on multi-scale feature for accurate multi-organ segmentation. In order to
fully exploit the strengths of convolutional neural network (CNN) in local information extraction and transformers in model-
ing long-range dependency, we employ U-Net and Swin-Unet to construct the dual-branch network. The innovation of this
method lies in the shuffling operation of high-dimensional features extracted at multiple stages from different branches of
the network. It efficiently integrates local and global information by means of a dual-branch channel cross-fusion, enhanc-
ing information interaction between the dual-branch network at different stages. This addresses the limitation in segmenta-
tion accuracy caused by the blurring of object contours in images. Additionally, to address the challenge of great scale varia-
tion among multiple organs, we introduce a new gated decoder based on multi-scale feature (GDMF) to extract multi-scale
high-dimensional features at different stages of the network and perform adaptive feature enhancement, and adopts the atten-
tion mechanisms and feature mappings to assist in acquiring accurate target information. The experimental results on auto-

mated cardiac diagnosis challenge (ACDC) and fast and low GPU memory abdominal organ segmentation challenge 2021
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(FLARE21) datasets demonstrate that our proposed method outperforms existing mainstream medical image segmentation

methods and effectively solves the problems of the great scale variation in target sizes and blurred boundary in medical images.
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4.1 ZHHIRE SRR

SRR 7 A SO FE 2 SRR A RS
PatE ACDCH FLARE21™Y E AT 75286 . & 4R EA
211

ACDC: A1 55 1 DA 100 44 £ 35 WU 4R 140 U et g A
PR LG HAE . X TR AR E 524, A A2 0 % (Left Ven-
tricle, LV) , 450> % (Right Ventricle, RV) F1.0 JL(MYO-
globin, MYO)3 R4 . TESLH P, 4 B0l 523 73y 80
B AEAFN 20 G IXAE A, {1 Dice Similarity Coef-
ficient (DSC) . 95 Hausdorff Distance (95HD) . Average
Symmetric Surface Distance (ASSD ) S 3T 52 56 4%

FLARE21: £ 7 3k H 2 4508l i 1 361 151955 141)
g — KA A 5 PR OE I MR RSB 4 R4 L T
S e R ECE K0 43 oA 289 VI AR AR A 72 451 3k
FEAS, i DSC SR PFAR S2 04551 .
4.2 SKIGHATS

SCS R A B M 2% 3 B F NVIDIA Geforce
RTX3090 with 24GB memory . Ubuntu 18.04 . PyTorch 1.7
B IR 45 A SE PR . SE0 R FH L3 38 ORI , 5040 A5 A B
JREE Z AR R RN B, o T A Bl ZRAsi A, AR SR
Rt LA 45 AL ACER , DSk FF AR DI 25, DR X 8 64T 1 44
S, 1 9 7 A4S 4 G ] (B K 0.3) JiERe (1807) (I
s R RS (0.02). VIR, DAt 18] rp B AL 38 55 224 x
224 KN E R, batchsize 13 B 0 8, { FH A8 U 45 6 8¢
FH1 Y45 500 epochs, {# FH AdamW 1L 4% , 01 4f 24~
HRBLE 70.000 1, AUHE 84 0.000 1.
4.3 EWHERSH
4.3.1 AREFENERITLE
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R R R T 458 N E A 5 0.52 N A
R I A R A B AF R AR T M
AE. 9 Swin-Unet #H L, A4 J5 ¥ 1Y DSC 4 & 1 2.13 4
A, B0 E T 24 Transformer 51 A J5 3 46 455 247 B
FHE R SR B RS HIRE ST . A, it 5 HAD
FEU XS L R T A SCH Y TR A A A DA T4
fifr b i B 00 B A A b 4 BRORN 75 228 MG RR A1, DA T BE A
THE PN f 24 ) oy RN 25 5

2 W8 T ACDC 45 % | 95HD Fil ASSD 45
R AT ETEA D E DL 20 E B ASSD FE bR U
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5 nnUNet 4 L, AR SO IEFE MY O 23 H142 3 T 0.33 mm,
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e S W 7 T HA AR RE . Bl 45 1~317
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