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A parallel spatial-channel network for 3D medical image segmentation

CHEN Tong, XIE Qinlan’
(College of Biomedical Engineering, South-Central Minzu University, Wuhan 430074, China)

Abstract Obtaining deeper, more multi-dimensional image features facilitates more precise and stable segmentation in
3D medical image segmentation networks. Existing 3D medical image segmentation methods exhibit limited capability in
extracting non-local image features through spatial and channel feature extraction. To acquire more comprehensive image
features, the SC-UNet model is proposed. This model employs an External Spatial Channel Attention (ESCA) to not only
capture spatial and channel features but also extract strong correlations between spatial and channel characteristics.
Through the Parallel Convolutional Attention Block (PCAB) , the network automatically learns and acquires spatial-
channel features from dual perspectives. The ESCA and PCAB are integrated through concatenation. Experimental
evaluations on the Medical Segmentation Decathlon (MSD) dataset demonstrate that the proposed SC-UNet achieves a Dice
Similarity Coefficient(DSC) of 85.51%, surpassing the baseline model by 0.85% and outperforms nn-UNet by 1.41%.
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Tab. 1 Quantitative comparison of segmentation performance in the Tumor dataset
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Fig. 5 Qualitative comparison of segmentation performance in the Tumor dataset
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Tab.2 Comparison of parameters among different networks and modules

e SHIM L E5R ZHRIM
TransUNet "’ 105.28 UNETR++(EPA)[® 66.80
UNETR™ 92.69 EPA+PCAB 66.82
UNETR++"¢! 66.80 ESCA 57.71
SC-UNet(Ours) 57.73 SC-UNet(ESCA+PCAB) 57.73

3.3 HELRIE

R T IR Y 8 45 A FEA R A R AR SC
£ Tumor B4R 4E L HFATIH AL SIS I8 T 4 41505,
DSC F HD, /B A PEALFE AR, 55 1 41 50 90 02 FE 2 0 vk

(UNETR++"%") , 55 2 20 S 56 { FH ESCA , 5 3 41 525
JETE UNETR++"'Hfill A PCAB, 45 4 41 52 5 J2: [] i)
fifi H1 ESCA 1 PCAB. SZ B 45 5 4N 4% 3 F 7 , e i 45
R RN

3 ESCA I PCAB X431 M BE 152 1l
Tab.3 The impact of ESCA and PCAB on segmentation performance

. A wT ET TC
ik DSC/% HD,/mm DSC/% HD,/mm DSC/% HD,/mm DSC/% HD,/mm
UNETR++* 84.66 3.56 91.36 4.5 78.23 2.39 84.40 3.79
ESCA 84.80 3.59 91.62 3.44 78.44 3.52 84.35 3.83
PCAB 85.00 3.86 91.84 3.69 78.81 2.85 84.36 5.03
ESCA+PCAB 85.51 3.59 91.74 3.59 80.14 3.35 84.64 3.82

TESS 2 40520 vh S 2 HD, 25 B I T45 3 40
SCH MY DSC LA 1 4525 4T 0.14% , 31X AT BE
ST ESCA B KA PR BISAF B 58 34150 0 Y
SEEIDSCHETE T 0.34%, 1 H. WT ET 19 DSC &R T
55 LA SCES X LS 2 20 505, PCAB 3B i) H 3 2 >
J5 BB ()2 (B R A A E , 7 2S5
S R T R RS e MR e s ZEEE 4 AL v
S DSC Ik E] T 85.51%), HL2E 2 4 32K 7 0.71%, Lb
55 3 2H SR 0.51%. 55 5 45 SR R W, 78 ESCA I
PCAB BYHL[FIVEHITS P DSCAH3 T4t
3.4 g

AT NABR 3D &2 R 1 45 (6] 5 3 18 2Z 8] 1Y
MBI RAT T SC-UNet 45 . H kA
{4 SCUA Hi ESCA 1 PCAB 1 5843 2H 1 , ESCA 52 i
T AR MG ) 23 18] I T8 22 18] 5 A ELARAS [R] s 8
FAAR T 3 A 52 2R 32, PCAB A 2R R% 10 23 ) S E
FUE ERRAE PR ICEZ A E R A EZEMEE.
1 Tumor 0 HE £ 1, SC-UNet Y DSC H Fi& 2% A5 75U
UNETR++"$2F} T 0.85%, [a] I S5 A% 1 9.07 M.

A SCHE I 53 F 7 AT 2P R T A5
AR SC-UNet AT L i3 47 AR 5 05 42 19 23 [B) R AiE
TEREAE 22 18] 4 AE B e £ T 23 EI PR B L (HAE S 5
H Rl U Y, SC-UNet 1Y) HD,, 7% A L UNETR++"'*
Ut Xof Z2 B3 G A 2 [R] 3 S AR 1) PR 5 e R
BT R ELE N AR RIS NFR 3T LA
i, ESCA Ab 3431 371 FEASHL O] ASOR0 i 2B 1) [ 45

i DSC #& FHAR AT FR , 3% /2 R 24 ESCA &b 34 A7 T4k
(MR RE 1485 PCABH K JEBR TR . &S
2 HD,, 15 bR 5 . 24 ESCA 5 PCAB 454 J& DSC Hi
HD,, #5472 38 T, BT G 35 7T LUA R4 45 5 )
B, B2 24 5 1) 23 T RRAE A1 T8 4R AE AU R BR T
3D BE2E EUE AR SO 1E HoAh 2 A i B2 2 G
TG UE % Tk

4 45iE

SC-UNet & — Bl AT A3 0 4~ B5000 42 19 25 [
fIE 30 3 FRAF LA K 23 [A) AR AIF 5 3 T R i 22 8] 118 4 B
A 2B 78 3D B 24 UG o3 E N 45 3% I 2% 4
CNN 5{ IS5 10 ik, e E B850 SCUA H
ESCA Fl1 PCAB ZH B, FH T4 R 55 4 1 25 W) 45
BEAERIA (S B ESCA il i o2 b i 4725 (4] 138 3
EOFEES =B W SR U AR VA i 8o e Bs K - SO0 E 7k YD)
FHOCAT B BEAR T SHCR I T 7% 3D B2z Y
53 EIEE s PCAB W] DL 2% 2 A 3045 B 0 il o3 f5
SRl SZEIE R T ESCA 11 PCAB a] LI AH % AH A% .
H ESCA 5 PCAB #4 i) SCUA i SC-UNet 145 T
i 3D B 2E E o HIRE

& % x #t

[1] RONNEBERGER O, FISCHER P, BROX T. U-Net:



76

R B R 24l (AR B2

545 4

[2]

[10]

[11]

[12]

Convolutional networks for biomedical image segmentation
[Cl//Medical Image Computing and Computer-Assisted
Intervention-MICCAI 2015. Cham: Springer, 2015: 234-241.
CICEK O, ABDULKADIR A, LIENKAMP S S, et al. 3D
U-Net: Learning dense volumetric segmentation from sparse
annotation [ C]//Medical Image Computing and Computer-
Assisted Intervention-MICCAI 2016. Cham: Springer,
2016: 424-432.

CHEN L C, PAPANDREOU G, SCHROFF F, et al.
Rethinking atrous
segmentation[ﬂ. ArXiv:2017, 1706.05587.
SZEGEDY C, VANHOUCKE V, IOFFE S,
Rethinking the inception architecture for computer vision
[C]//2016 TEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Las Vegas: IEEE, 2016:
2818-2826.

LIU Z, LIN Y, CAO Y,
Hierarchical vision transformer using shifted windows [ C ]/
2021 IEEE/CVF International Conference on Computer
Vision (ICCV). Montreal.: IEEE, 2021: 9992-10002.
VALANARASU J M J, OZA P, HACIHALILOGLU I, et

convolution for semantic image

et al.

et al. Swin transformer:

al. Medical transformer: Gated axial-attention for medical
image segmentation [ C]//Medical Image Computing and
Computer Assisted Intervention-MICCAI 2021. Cham:
Springer, 2021: 36-46.
CAO H, WANG Y, CHEN J, et al. Swin-unet: Unet-like
pure transformer forMedical image segmentation [C ]/
Computer Vision-ECCV 2022 Workshops. Cham: Springer,
2023: 205-218.
LIN A, CHEN B, XU J, et al. DS-TransUNet: Dual swin
transformer U-Net for medical image segmentation (7.
IEEE Transactions on Instrumentation and Measurement,
2022, 71: 4005615.
WU Y, LIAO K, CHEN J, et al. D-former: A U-shaped
Dilated Transformer for 3D medical image segmentation[ ] ].
Neural Computing and Applications, 2023, 35(2): 1931-
1944.
CHENJ, LUY, YU Q, et al. TransUNet: Transformers
make strong encoders for medical image segmentation[]J].
ArXiv: 2021, 2102.04306.
HATAMIZADEH A, TANG Y, NATH V, et al. UNETR:
Transformers for 3D medical image segmentation [C ]/
2022 IEEE/CVF Winter Conference on Applications of
Computer Vision (WACV). Waikoloa: IEEE, 2022:
1748-1758.
ZHANG N, YU L, ZHANG D, et al. CT-Net: Asymmetric

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

compound branch Transformer for medical

segmentation[]]. Neural Networks, 2024, 170: 298-311.
FU B, PENG Y, HE J, et al. HmsU-Net: A hybrid

image

multi-scale U-Net based on a CNN and transformer for
medical image segmentation [J]. Computers in Biology
and Medicine, 2024, 170: 108013.

AZAD R, ARIMOND R, AGHDAM E K, et al. DAE-
former: Dual attention-guided efficient transformer
forMedical image segmentation [ C ]//Predictive Intelligence
in Medicine. Cham: Springer, 2023: 83-95.

XIE Q, CHEN Y, LIU S, et al. SSCFormer: Revisiting
ConvNet-transformer hybrid framework from scale-wise
and spatial-channel-aware perspectives for volumetric
medical image segmentation [J]. IEEE Journal of Biomedical
and Health Informatics, 2024, 28(8): 4830-4841.
SHAKER A, MAAZ M, RASHEED H, et al. UNETR++:
Delving into efficient and accurate 3D medical image
segmentation [J]. IEEE Transactions on Medical Imaging,
2024, 43(9): 3377-3390.

WOO S, PARK J, LEEJ Y, et al. CBAM: Convolutional
Block attention module [ M ]//Computer Vision-ECCV 2018.
Cham: Springer International Publishing, 2018: 3-19.
SHEN Z, ZHANG M, ZHAO H, et al. Efficient attention :
Attention with linear complexities [C]//2021 IEEE Winter
Conference on Applications of Computer Vision (WACV ).
Waikoloa: IEEE, 2021: 3530-3538.
ANTONELLI M, REINKE A, BAKAS S,
The segmentation decathlon [1].
Communications, 2022, 13: 4128.

ISENSEE F, JAEGER P F, KOHL S A A, et al. nnU-

Net: A self-configuring method for deep learning-based

et al.

medical Nature

biomedical image segmentation [J]. Nature Methods,
2021, 18(2): 203-211.

OKTAY O, SCHLEMPER J, LE FOLGOC L, et al.
Attention U-Net:
pancreas[ﬂ. ArXiv:2018, 1804.03999.

XIE Y, ZHANG J, SHEN C, et al. CoTr: Efficiently

Learning where to look for the

bridging CNN and transformer for 3D medical image
segmentation [ C ]//Medical Image Computing and Computer
Assisted Intervention-MICCAI 2021. Cham: Springer,
2021: 171-180.

WEN X W, CHEN C, MENG D, et al. Transbts:
Multimodal brain tumor segmentation using transformer
[ C ]//International Conference on Medical Image Computing
and Computer-Assisted Intervention. Strasbourg: Springer,

2021: 109-119.

R, K BEZR)



