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Multi-level Feature Interaction Transformer for Multi-organ Image Segmentation

WU Shu-Lei', ZHANG Fang-Hong”, YANG You’, LIU Xue-Wen®

'(College of Computer and Information Science, Chongqing Normal University, Chongging 401331, China)
*(National Center for Applied Mathematics in Chongging, Chongqing Normal University, Chongqing 401331, China)

Abstract: Clinical diagnoses can be facilitated through the utilization of multi-organ medical image segmentation. This
study proposes a multi-level feature interaction Transformer model to address the issues of weak global feature extraction
capability in CNN, weak local feature extraction capability in Transformer, and the quadratic computational complexity
problem of Transformer for multi-organ medical image segmentation. The proposed model employs CNN for extracting
local features, which are then transformed into global features through Swin Transformer. Multi-level local and global
features are generated through down-sampling, and each level of local and global features undergo interaction and
enhancement. After the enhancement at each level, the features are cross-fused by multi-level feature fusion modules. The
features, once again fused, pass through up-sampling and segmentation heads to produce segmentation masks. The
proposed model is experimented on the Synapse and ACDC datasets, achieving average dice similarity coefficient (DSC)
and average 95th percentile Hausdorff distance (HD95) values of 80.16% and 19.20 mm, respectively. These results
outperform representative models such as LGNet and RFE-UNet. The proposed model is effective for multi-organ
medical image segmentation.

Key words: multi-organ medical image segmentation; multi-level feature interaction; Transformer; convolutional neural

network (CNN); semantic segmentation; deep learning
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Synapse: Synapse (4 4 H 30 55 A3k 3779 5k
JEER b IR PR CT BB R CT R AR H 85-198 7Kl
LS. N ARAESEBE 1 — 81, 55 TransUNet! ™[ 44 42
Ry v BAHIR, 18 A4 FH T BRI, 12 ANl
F 1AL

ACDC: ACDC %45 £ th 100 A I ik 3L 4% B 5
F7BRE . BEANFF AL S Wi R SR AN EF 5k RO, G4 72
O, A OEFCHEE QIR RIS ) — FUE,
55 TransUNet!"* [ 4045 42 %) 43 15 B M 1H], 70 #EAH T
WGk, 10 ANREAF T3 AT 20 ANFEARF TR,
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() S0 45 . W A R A S S BT AL R 2L (Dice
similarity coefficient, DSC) F1-F-¥J 95% M5 £ K ik
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DSC: Dice AL ZHEUE — P T LB /N FE A A
BLEE I FE bR 18 2R % R o 08, e i) UE JE LA
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AR, FELE BB o EIH, Dice AL ZR T 1FAS il
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L5 IFERI AL, B R0 Dice AL REUE R E K
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. _2lPnT|
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HD95: HD /2 —Fl H T EL 8 A 45 & Z TR A UL

()5 g vk, LR R LA mm. 7E 5 2 G o B U,
HD #)73Z T PRAS T 7y #4535 e a5 Rz
[ R ARABABE, A5 S0l 2 FH T PP 23 1 &5 SR 1 3 5 B0 R
FIERAYE. TR = (14) B, HD9S /2 i@id HD
SEIRAETLL 95%, H & TH B EHE M — AN EEE )
THEMIFZ .

H(X,Y) = max{h(X,Y),h(Y,X)} (14)

Hrp, HX, V)RR HD9S, h(X,Y) R~ NEEXE
L YR HE HDIS, h(Y, X)Fm NESY FIEE X H
1] HD9S.
32 ZLWEE

BT A SEER 35 4E Linux #:4E &40 LT, CPU iCE
N i7-12600KF, & -RACE N RTX 3060. I 2 3] HE4E
N PyTorch 1.10 Al Python 3.7, CUDA AN 11.2. I
S oy BRI, B A R A R R A, B
s 2 FE%; \ ImageNet 383 CNN 1 Swin Trans-
former AR 1) TR AR, 48 FHAZ AR X By 4 A 28 gt
FTHIE A REAL A N UG /IR 224%224, I 2R TR (1)
b B K /NI 22 313 43 )R 8 A1 0.01; T # {f
SGD FkiE ATk, HohahEw & N 0.9, BUE L%
BN 0.000 1.
3.3 XfEbsEIg

N T ISEFTIRE ATE 2 48 R R BT S b
B R, 530 R AR E0RT B = 2 R 7 B 248 (40 MIT-
Unet, LGNet fil RFE-UNet) #E47 LL 5. Frf SEIG AR TE 4t
— MR PEAR AR AR AT, AN [ (S AL AE P S S04
£ Fsie g Rangk 1 fidk 2 Fow.
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F£ 1 PrRFERAE Synapse B S b 1 S 45

24 T DSC (O8) __ :
DSC (%)1 HD95 (mm)] E Bk ik Vit = ' JHE JiR R RLE B

V-Net™™ 68.81 — 75.34 51.87  77.10 80.75 87.84  40.05 80.56  56.98
DARR™ 69.77 — 74.74 53.77 72.31 73.24 94.08 54.18 89.90  45.96
U-Net!” 76.85 39.70 89.07 69.72 77.77 68.60 93.43 53.98 86.67 75.58
AttenUNet™" 77.77 36.02 89.55 68.88  77.98 71.11 9357 5804 8730  75.75
TransUNet'""! 77.48 31.69 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62
Swin-Unet™ 79.13 21.55 85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60
TransClaw®” 78.09 26.38 85.87 6138  84.83 79.36 9428  57.65 8774 7355
MT-Unet™” 78.28 32.07 86.95 64.01 82.18  77.606 9430  60.88 88.16  72.19
CTC-Net™ 78.41 22.52 86.46 63.53 83.71 80.79 93.78  59.73 86.87  72.39
TransDeepLab™” 80.16 21.25 86.04 69.16 84.08 79.88 93.53 61.19 89.00  78.40
RFE-UNet"") 79.77 21.75 87.32 65.40 84.18 81.92 94.34 59.02 89.56 76.45
LGNet?" 80.15 21.21 88.06 6648  83.98 81.57 9400  59.99  90.90 7621
PRy 80.17 19.20 87.47 68.62 82.69 76.94 94.11 60.26 91.65 79.62

K2 PTRBRTE ACDC Bl 5 EISEE 85 R (%)

X &% 5 7 FHDSC T EL=E L HLE
R50 UNet!'™! 87.60 84.62 8452  93.68
R50 Attn UNet!'™ 86.90 8327 8433 93.53
ViT-CUP!'™ 83.41 80.93  78.12  91.17
R50 ViT!'"™ 86.19 82.51 83.01 93.05
TransUNet!") 89.71 86.67 8727  95.18
Swin-Unet™™ 88.07 85.77 84.42 94.03
MT-Unet™"! 90.43 86.64 89.04 95.62
HiFormer™ 89.20 8643  86.50  94.69
TransUnet+"" 90.47 89.13 8796 9431
DAE-Former"” 84.42 81.99  79.77  91.50
P 91.07 88.86 88.74 95.61

F 1 NFTHRASEAILE Synapse Bk 5 LS 45 51,
TR R R B AL R T I A1) DSC R4 E 2
TIEEEI 80.17%, 1E°F-3 HD9S A% KA 19.20 mm.
TR BB EE T CNN ) U-Net, 7E°1-3 DSC R# L
$2TF 3.32%. 1E°F¥ HD95 R¥ EF#AIK 20.50 mm. #HEE
FF Transformer [ Swin-Unet, 7£F1) DSC &% 32
T+ 1.04%, 7571 HD9S Z# %L LMK 2.35 mm. AL
#£F CNN-Transformer HJ TransUNet, 73 DSC &%}
B BIEETE 2.69%, 1EFH HD9S Z 5L MK 12.49 mm.
S 5 B W], P AL AR X PN PPl 4R A B AR I
LT IR B, 400 72 JRUE 7 1) B T AR, T 7E
FRARATE 13 Al T K 2 Hsi Al

2 NPT RLE ACDC Hdli 4 b seae 45 5,
RPN R IR LS . TR B LEF3) DSC &
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