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1266-1280.

5| A& : WANG Mengxi, LEI Tao, JIANG Youtao, et al. CNN-Transformer multiorgan segmentation network based on
space-frequency collaboration[J]. CAAI transactions on intelligent systems, 2025, 20(5): 1266—-1280.

CNN-Transformer multiorgan segmentation network based on
space-frequency collaboration

WANG Mengxi'?, LEI Tao'?, JIANG Youtao'?, LIU Le'?, LIU Shaoqing'*, WANG Yingbo'*
(1. School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China;
2. Shaanxi Joint Laboratory of Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China)

Abstract: Current mainstream medical multi-organ segmentation networks fail to fully exploit the local detail extrac-
tion capabilities of convolutional neural network (CNN) and the global information capturing potential of Transformers.
Additionally, they lack an effective mechanism for collaboration modeling of spatial and frequency domain features. To
address these limitations, we propose a dual-branch encoder-decoder network based on CNN-Transformer with space-
frequency collaboration. The network incorporates space-frequency collaborative attention in local branches, allowing
the network to capture richer local details from both the frequency and spatial domains. A multi-view frequency domain
extractor is designed in the global branch. This module improves the model’s ability to jointly model spatial and fre-
quency features and its generalization performance through joint modeling of spectral layers and self-attention layers. In
addition, a local and global feature fusion module is designed to effectively integrate the local detail information of the
CNN branch and the global information of the Transformer branch, solving the problem that the network cannot balance
local details and global receptive fields. Experimental results demonstrate that this architecture effectively addresses the
challenges posed by blurred boundary segmentation in medical images, which often leads to mis-segmentation of or-
gans, significantly enhancing the accuracy of multi-organ segmentation while simultaneously reducing the computation-
al costs and the number of parameters required.

Keywords: multiorgan segmentation; space-frequency collaboration; multiview frequency domain; attention mechan-

ism; CNN; Transformer; coattention; local-global feature fusion
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B A EIRG B A ALRE ) o ek, b T2
5 3 1 I 4% 0k R A B S5 A (5 B A PR AR, AR SCHR
T — B TR R B T ) 22 A0 A R
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Fig. 1 Overall architecture of the SFC-Net segmentation network

RT3 R H BIZ ) Jm 38 F 4 R {5 ., SFC-
Net 2k T CNN Fl Transformer Jf Bk i) % 4% 42 44)
I 38 1 JRy 5 4 R RRAE il A B (local global fu-
sion, LGF) A & 38 B FEE & CNN U5 24 & DA
J Transformer i i B 25 AR fi . & F 16, SFC-
Net AMUEA B R BB ZS 7 BT 2R a2k
ECHE R A U 2 O, DT B R TR A SR AE

AE T o IR BT M T 0 A R A A8 e, M
MRS T 285 M5 HRE

SFC-Net Z fift i M 2 247 7 )2, o] iy
5 2R T & CNN A1 Transformer 73 3 2549,
XA HIMERE R G, AR IME N
g/ BRSO B E LS, S5 AT E
i Pl A REAE A 3 R 248 B K, o T



* 1269

FEAIR, 55 BT 5555 A A9 CNN-Transformer 2 5 B 43 E] W 4%

% 53]

/D ANFRIE IR B9 K/, SFC-Net 78 W 2% {58 — )2
il T ResNet50 945 BB, Kb A R ST I80/N A
JER/ 14, A BBEAL T AEE A=
MBS, B2 R T BRI 2 R, Bt
A, BRI B 5 — JE S SR AR RN 431 Sk R A
2 4y EHERY, X PR AR A SO/ N TR R A
FER R, 4 1o HOR R
22 S E D EER NER

i ELA REEZAE RS T — AR
DR, AT v IR — IR A, FE 43 2% ] A
R I PG 5 R 7, B 0T DASE T ) 28 155 1
XoF i A5 1) DG RN B RE T, AR T T I 4%
Mz ALYE . IR TR RS2 IR B i ), 8
=R =W K EIRE = WAK I NP 0 I N TS
(YAE 5 6 B, ¥ 3 7 () B 0, FH T 38 T R s a] 7
AYERE ERBCRBEAE, 1R 5 R 1 CBAM(con-
volutional block attention module)?”, Hi F4#1E K
)38 38 RN 2 )R 28 % % F & M5 B, 298 CBAM
P = R | A 1R SN 2 i 1 B B 7
R Z 0 TR A 6T As [k, )

DCTO

XoF G2 RN AT S 22 1) A 00 A R AS T A, T 7 AR 88K
X G MITE BEAL TR A AR, 2 5 IX A2
B, AR SCHE T 4 4 A 3 2 T 3 B ) O
(FSSA) J- Ho b H T 56 F CNN A9 J5 3B 15 B HE B
4y 3, LA S A AL i A BRAE B RIZ TR R
HE— 25 I AR B =F & {5 Bk I W i A AR 4

FSSA WIZ5HI NP 2 fioR, %05 2t A7 o =
(] 38R 43 BT R0 388 43 A7 4L AR, 5 CBAM Y BR AT 454
HAERFH 25 WA 300 ER, A5 2
X PTG A A [R) 47 2 0 AR I AR i o &% 2 > 381 ) o 282
T2 FEAT I ACEE A, (0 A5 450 200 T 0 6 R 25 4F
T, AT 2 55 PR 43 80 (0 e M o i DA 43 A
BIG, AR 0T 12 43 A AR 0 00 58 B 43 . A0 %5 1
SERFAE, 3XAT LAAR AR s ) A B 2 0 1 S,
A B F U I B R ) BRI . #E FSSA
e — 25 X A o S T O R B T O
Gy, SR S AT B A, X AR TT
DAAT R il A5 A5 O A0 5 [ e A, 30 1 £ 3] B
FE A AR R IR, MU 4 AR A X A A
B 1 PR RE T o

—_—_—_——— e — — — — — — — — — — — —— — — — — —

\

|

\

Sigmoid ERHHTE 1
\

SIIBIEES E57 |
|

\
\
\ P I
\ ) c'[~o DCTI - }\
} B4 c ! : . \ } ®
3 —_— ‘
\ ~N—1 |/ DCT(N-1) \
| s 2815 — RN NG
| CxHxW \ |
Lo L I
T 7

\ /

\ IIIII Il IIIIIIII T S

‘777 /]

\
[rca]
—7 Uik Gy )
ZE [ 53T Cx1x1
OfIxw HH @ Ve
\__ wRE, Fb ik

B2 S = | e E i AR 5T (FSSA)

Fig.2 Frequency domain spatial domain collaborative attention (FSSA)
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Fig.3 Multi-view frequency domain extractor (MFE)
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Table 1 Quantitative evaluation and comparison of different methods on the Synapse dataset
- FEE A DSC/%?
DSC/%t HD/mm|  F&hbk % AW AW I BUR B B
U-net![2015] 76.85 39.70 89.07 69.72 7777 68.60 93.43 5398  86.67 75.58
Att-Unet?[2018] 77.77 36.02 89.55 68.88 7798 71.11 93.57 58.04 87.30  75.75
Swim-Unet”[2022] 79.13 21.55 85.47 66.53 8328  79.61 9429  56.58  90.66  76.60
Trans-UNet!*[2021] 77.48 31.69 87.23 63.13  81.87 77.02 94.08 5586 85.08  76.62
LeViT-Unet!'[2023] 78.53 16.84 78.53 62.23  84.61 80.25  93.11 59.07 88.86  72.76
MISSFormer!''[2022] 80.74 19.65 85.31 66.47 8337 81.65 9452 6349 9151 79.63
CoTr[2021] 78.46 22.35 87.06 63.65 82.64 78.69 9406 5786 8795 75.74
AFTer-UNet?*[2022] 81.02 18.96 90.91 64.81 87.90 8530 9220 63.54 9099 7248
Dae-Former!?*[2023] 82.43 17.43 88.96 72.30  86.08 80.88 9498  65.12 9194  79.19
MT-UNet!'"[2022] 78.59 26.59 87.92 6499 8147 7729 93.06 59.46 87.75 76.81
MEW-UNet*[2022] 78.92 16.44 86.68 6532 8287 80.02 93.63 5836 90.19 74.26
STA-Former®[2024] 82.98 15.73 86.51 7134  86.56 8226 9491 68.20 9129  82.77
DENTCPY[2023] 80.68 25.46 86.98 70.07 8440 8120 9434 61.06 89.4l 77.96
SFC-Net(4 3 J5 ) 83.97 13.73 87.55 69.20 88.61 84.85 9536 69.61 9241 84.18

T MO 2R fr (4
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Fig. 4 Abdominal multi-organ segmentation results using different methods on the Synapse dataset

3.3.2 ACDC # 4% % 4%

T % uE SFC-Net 7E A [RIBEA 1) 2 48 B 208l
T RIA R0, AR SCHE MRI 288 B #2148 ACDC %4
R EIF T TP RS, JFK SFC-Net 5 4 /)~ CNN
W 4% U-Net!!| Attention-Unet™, UNet++5! | ResUN-

etBP3 L K 5 4> Transformer (19 W 4% 5% 1R & RN 4%
TransUNet!'*! SwinUNet!”! LeViT-Unet!'®),
UTNet®, MT-UNet!!”", MEW-Unet™*!, DENTCP! st
T T, ERERINE 2 Irx, &0 R4S
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Table 2 Quantitative evaluation of different methods on the ACDC dataset

SHE FEIE Hil b iIIN L
DSC/%! HD/mm| DSC/%t HD/mm| DSC/%t HD/mm| DSC/%! HD/mm]

Unet[2015] 88.55 3.78 87.10 591 86.86 2.49 91.69 2.94
UNet++1[2019] 90.21 4.06 89.02 6.91 87.31 2.42 94.30 2.83
ResUNet™[2020] 89.75 3.71 89.44 5.53 88.13 2.53 91.68 3.08
Att-UNet[2018] 86.75 3.85 87.58 5.48 79.20 2.82 93.47 3.25
TransUNet9[2021]  89.71 6.46 88.86 7.61 84.53 5.03 95.73 6.75
SwinUNet”[2022] 90.30 5.07 81.81 5.75 81.18 3.78 90.01 5.70
UTNet*[2021] 91.32 3.69 90.41 5.59 89.15 2.54 94.39 2.96
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- FHIE RNy AL LGy
DSC/%?1  HD/mm] DSC/%?1 HD/mm|] DSC/%7% HD/mm|] DSC/%?1 HD/mm|]
LeViT-Unet!'[2023] 90.32 — 89.55 — 87.64 — 93.76 —
MT-Unet('7[2022] 90.43 3.27 86.64 5.68 89.04 3.02 95.62 3.05
MEW-Unet!¥[2022] 91.00 3.65 88.82 5.87 88.61 2.68 95.56 5.68
DENTCP'[2023] 91.12 — 90.34 — 88.35 — 94.69 —
SFC-Net[4 X J5£] 92.03 3.22 90.21 5.97 89.94 2.57 95.94 2.12
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Fig. 5 Visualization results of cardiac MRI image segmentation using different methods on the ACDC dataset
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N T HE— B UE SFC-Net 7£ 2 #8 'B 43 #(T: 55
A R, A SCHE B RS S H 1) AbdomenCT-
1K £l 45 B aeAT 79 R SLE, JfF SFC-Net 5 H
HE I B 5 L R I 414 3 > W 4% nnUNet) |
TransUNet!"™! | CoTrl #E47 1 s, X i 4h
LT3 3, UL R UMK R R, WEEs
R, FEV T 4 Fpds B IE B E | TR AR 5 R E

()43 EAT 55 b, SFC-Net 15 5 U 23 E 10 /N a8 B LA
R AR A B 2 7 1 g i - e B T g
fE. MLAL, MR T [RIZEIR & XM 4% TransUNet, H:
DSC /W mE T 3.5 F19.5 A0, X—45 7R
T SFC-Net fE 4R 2 28 B I AL 0 & I 1A
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Table3 Advanced methods' quantitative evaluation results for abdominal multi-organ segmentation on the AbdomenCT-1K

dataset
L DSC/%?

RE T T I W ok
NnUNett[2021] 83.7+14.8 95.8+6.0 84.1+14.8 89.9+15.5 65.0422.7
TransUNet!¥[2021] 83.3+13.9 95.3+3.5 83.9£17.0 91.7+11.9 62.2423.1
CoTrP[2021] 84.8+13.9 95.6+5.7 83.5+16.8 90.6+12.1 69.5+21.2
SFC-Net[ A3 J5 k] 86.4+11.4 95.3+4.7 87.4+11.4 91.0+15.2 71.7+14.2

TE: IR R RS 2R

#l 6 251 T 1E AbdomenCT-1K $¥E % [ 45 Fh
J7 o EI O B T RAE X Ee . NIRRT AT R
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A8 T DX 8l DL K 435510 T it 2 B ), R L Aty i
REf% 7 A T kG Al o3 B AC R . AR AR SE 2 AT
55 34T, AE DX o ELAT AL A ) 45 48] 1) TG I N 4R 3

i B CURTEJE B3R 1p, HCAl 7 vk 5 5y 7= A R G
#, M SFC-Net il i Wil (5 B AR EATH 2 5,
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B PR REAIE B T AT Rk, W] SFC-Net Af
AR s 2 RUHR 22 4 B 23 R U A 1A 0 i 22 38k
e AR S
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(b) CoTr
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Fig. 6 Qualitative results of abdominal multi-organ segmentation using different methods on the AbdomenCT-1K dataset

3.3.4 AR H R AR

SFC-Net 7E S5 51 EZ 4% 5 A
REXT LR 4, RS R LR B . b T fR
FL A ) e, T HR T 22 RO [R] 9 245 B AL A T
B Iy Hrsh R R, SEC-Net fES BN FAH L5
4T CNN BRI Att-Unet 1K T 50%, 1185
ZLPEU /DT 85.90%; 5584 T Transformer MR
A Swin-Unet M b, SHEGEREIRT 59.97%, 115
BAREREART 19.34%; SR EHIRA I LeViT-

Unet Ml H, SHECEIED T 68.23%, 11 24 B
BT 71.89%; 5 STA-Former #H I, 5080 T
52.19%, ItHEE&EW AT 51.49%. XIHF
SFC-Net "4 5y 73 SZ AL, 253 SR FHBEIR AR
B 1) 2 A EUUE AR Z Sk B R L, TEA
HGPEASE AR BE A AT IR T S 2508 T S EOR T R
SV, SFC-Net 78 it & PR S EORI A7 K 1)
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Table 4 Comparison of model parameters for different methods on the Synapse dataset
PONE RS BEE/10°] A0 DSC/%1 HD/mm)]
U-Net!"[2015] 34.52 65.39 76.85 39.70
Att-Unet?[2018] 34.88 66.57 77.77 36.02
Swin-Unet”1[2022] 41.40 11.63 79.13 21.55
Trans-Unet!"*[2021] 105.30 15.21 77.48 31.69
LeViT-Unet"1[2023] 52.17 33.25 78.53 16.84
Dae-Former**[2023] 59.70 26.16 82.43 17.43
MEW-Unet“[2022] 138.89 31.04 78.92 16.44
STA-Former?%[2024] 34.66 19.34 82.98 18.73
SFC-Net[ 43 Jr1%] 16.57 9.38 83.97 13.73
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Table 5 Ablation study results of various module functionalities on the Synapse dataset

1ihm CBAM FSSA (S)W-MFE LGF DSC/%1 HD/mm]|
A 80.39 14.70
B Y 80.74 15.13
C % 81.27 14.96
D Y v 82.06 13.89
E \ 81.37 14.06
F 82.23 13.98
G \ 80.79 15.02
H \ 83.53 13.85
I \ 82.65 13.87
J V \ 83.97 13.73
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Fig. 7 Attention heatmap visualization of local-global fu-
sion module
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Table 6 Ablation study results using different sizes of ResNet on the Synapse dataset

ks LAY ZHU10°| DSC/%? HD/mm|
A SFC-Net+ResNet18 10.06 80.85 15.86
B SFC-Net+ResNet34 15.81 82.73 21.76
C SFC-Net+ResNet50 16.57 83.97 13.73
D SFC-Net+ResNet101 35.56 82.95 16.05
E SFC-Net+DenseNet121 14.98 82.15 15.26
F SFC-Net+DenseNet169 20.61 82.32 14.93
G SFC-Net+DenseNet201 26.42 82.67 20.26
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Table 7 Ablation study results of the multi-view frequency domain extractor on the Synapse dataset

b MHSA I, I, I, DSC/%1 HD/mm|
A v 82.22 15.62
B N \ 82.69 15.08
C v \ v 83.32 14.68
D \ \ Y 83.35 14.51
E v \ \ Y 83.97 13.73
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