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Abstract: Cardiac multi-class segmentation is of great significance in medical imaging, which can provide accurate
cardiac structure information and assist clinical diagnosis. However, in the training of multi-class semantic
segmentation models with high-resolution cardiac images, the loss of deep features due to multiple downsampling
operations leads to the problems oforgan discontinuity and incorrect edge segmentation in the segmented cardiac.
To address this, this paper proposes a 3DCSNet based on self-attention and 3D convolution for cardiac multi-class
segmentation. Specifically, our proposed network introduces the 3D feature fusion module and a 3D spatial
perception module into the segmentation network. The former 3D feature fusion module integrates self-attention
and 3D convolution for parallel feature extraction, which is able to efficiently allocate the attentions weights within
and between channels under the same dimension of the feature map. The latter 3D spatial perception module
captures the positional correlation information between different dimensions by integrating the self-attention
mechanism, avoiding the loss of important information in downsampling and further retaining the deep key
features. Experimental results show that the proposed 3DCSNet outperforms several existing models on a publicly
available 3D computed tomography image dataset (ImageCHD) .
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Fig.6 Visualization of segmentation results



174 S NN == 1

40 5

Bty Rt , A SO M8 H Image CHD S S HEAT T T3
28 XIS AIE R Rl SE 6 22 (3D CSNet-SA R i &
L2 = HERFAE b A R R RS B B R I Z
AR ER B RGBSy 55— J51Hl » 3DCSNet-SWR /R FEBR
Y s ) JE A R R i J R AAE R AR R T LB
3DCSNet-SARI3DCSNett, 1R B &, & FIHLH]

R (1) 45 A K P 2 Dice e 171 170.58% o X P R 3R
B, W R R DR B S I B IR B A R T
JIF 73 EIT- 5% o 78 EL 3 DCSNet-SWAI3DCSNetltt , W
5B = o 23 () BN BLHL IR 51 AN K P I Dicedt iy 1
0.98% o X B IE 1 /U JIfE 7 BICE PR 2R 5 4 FE 15 R AIE
FHELAE F A B

2 JHRksEES ImageCHDA,

Table 2 Ablation results on the ImageCHD dataset %
» e . H L JIEES B B Dice REUH
TR 7280 I &5 B DiceF I fH : o I
Tl E HE vy SRV L FaK Jitizh ik
3DCSNet-SA 83.86+6.71 85.72+10.87  81.32+12.94  86.52+7.41 86.20+8.92  85.99+6.78 85.28+ 8.99 76.00+14.45
3DCSNet-SW 83.46+6.79 84.63+11.68  81.67+11.56  86.04+7.59  85.64+8.57  85.17+8.20 84.78+9.72 76.29+14.50
3DCSNet 84.44+7.02 86.29+11.35  82.73+11.19  86.92+6.22  86.87+8.52  86.30+7.75  85.15+10.73  76.81+13.91
4 Q:E.‘Lﬁ lutional networks for biomedical image segmentation
= =]

ASCHEH 3DCSNet H 10 43 BT 45, dl il 5
N ZYERRE il A AR, B = R BRI R
BHLEE S, i 1 B E M =45 AT BEATHRAE
FEEL, 5 R 3 B AAF P 30 T8 PN 3505 R d 1 2[R PR AR
#, DL A s OR B R 2 R BERRIE (S S . 73 4h, 3D-
CSNetih 2 H = 4 7 [ B, Jl I 45 & —4E 5T
BIHLH], REBS S R4 2 (R AR S B, B
RfR o T BUR T R ERAE AT B 5 50015 B & 2R )
RO, FF R O 43 B R A v o R A A 2 S e R R
197 —Segdt ke, AR SR THI I A B0 i 1t A0 22
FEPESEHRAR - AR, 4k St 7T S S 1 T R
ARG FER IS G, DT BIRER,
NI IR 2 BE 2 T SR A AT SR 1 S R

S CHK

[1] BHAT YV, BELAVAL V, GADABANAHALLIK, et al. 1l-

lustrated imaging essay on congenital heart diseases: mul-

tim-odality approach part III: cyanotic heart diseases and
complex congenital anomalies [J]. Journal of Clinical and
Diagnostic Research, 2016, 10(7): TE01-TE06.

[2] NESSER HJ, SUGENG L, CORSI C, et al. Volumetric ana-
lysis of regional left ventricular function with real-time
three-dimensional echocardiography: validation by magnet-
ic resonance an- d clinical utility testing [J]. Heart, 2007,
93(5): 572-578.

[3] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagen-
et classification with deep convolutional neural networks [J].
Advances in Neural Information Processing Systems, 2012,
25(2): 84-90.

[4] RONNEBERGER O, FISCHER P , BROX T. U-net: convo-

[C]//Proceedings of International Conference on Medical
Image Computing and Computer-Assisted Intervention.
New York: Springer; 2015: 234-241.

[5] CHENJ,LUY, YU Q, et al. Transunet: Transformers make
strong encoders for medical image segmentation[EB/OL].
arXiv: 2102.04306(2021-02-08) [2023-09-04]. https://arxiv.org/
abs/2102.04306.

[6] CAOH, WANG Y, CHEN J, ef al. Swin-unet: Unet-like
pure transformer for medical image segmentation[C]//Pro-
ceedings of European Conference on Computer Vision.
Cham: Springer Nature Switzerland, 2022: 205-218.

[7] HATAMIZADEH A, TANG Y, NATH V, et al. Unetr:
Transfor-mers for 3d medical image segmentation[C]//Pro-
ceedings of the IEEE/CVF Winter conference on Applica-
tions of Computer Vision. New Orleans: IEEE Computer
Society 2022: 574-584.

[8] LIUH, HUH, XU X, ef al. Automatic left ventricle segmen-
tation in cardiac MRI using topological stable-state
thresholding and region restricted dynamic programming [J].
Academic Radiology, 2012, 19(6): 723-731.

[9] ULENJ, STRANDMARK P, Kahl F. An efficient optimiza-
tion framework for multi-region segmentation based on lag-
rangian duality [J]. IEEE Transactions on Medical Imaging,
2012, 32(2): 178-188.

[10] CHEN T, BABB J, KELLMAN P, ef al. Semiautomated
segmentation of myocardial contours for fast strain analysis
in cine displacement-encoded MRI [J]. IEEE Transactions
on Medical Imaging, 2008, 27(8): 1084-1094.

[11] AYEDIB, CHEN H, PUNITHAKUMAR K, et al. Max-
flow segmentation of the left ventricle by recovering subject-
specificdistributions via a bound of the Bhatta-charyya
measure [J]. Medical Image Analysis, 2012, 16(1): 87-100.

[12] PETITJEAN C, DACHER J N. A review of segmentation

methods in short axis cardiac MR images [J]. Medical Im-


http://dx.doi.org/10.1136/hrt.2006.096040
https://arxiv.org/abs/2102.04306
https://arxiv.org/abs/2102.04306
http://dx.doi.org/10.1016/j.acra.2012.02.011
http://dx.doi.org/10.1109/TMI.2008.918327
http://dx.doi.org/10.1109/TMI.2008.918327
http://dx.doi.org/10.1016/j.media.2011.05.009
http://dx.doi.org/10.1016/j.media.2010.12.004
http://dx.doi.org/10.1016/j.media.2010.12.004

e

6

L W, R T BB IR =4GR DR 2 R RITTE

175

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

age Analysis, 2011, 15(2): 169-184.

QUEIROS S, BARBOSA D, HEYDE B, et al. Fast automat-
ic myocardial segmentation in 4D cine CMR datasets [J].
Medical Image Analysis, 2014, 18(7): 1115-1131.
MITCHELL S C, BOSCH J G, LELIEVELDT B P F, et al.
3D active appearance models: segmentation of cardiac MR
and ultrasound images [J]. IEEE Transactions on Medical
Imaging, 2002, 21(9): 1167-1178.

BAI W, SHI W, LEDIG C, et al. Multiatlas segmentation
withaugmented features for cardiac MR images [J]. Medical
Image Analysis, 2015, 19(1): 98-109.

LIN X, YU L, CHENG K T, ef al. The lighter the better: Re-
thinking Transformers in medical image segmentation
through adaptive pruning [J]. IEEE Transactions on Medical
Imaging, 2023, 42(8): 2325-2337.

VASWANI A, SHAZEER N, PARMAR N, et al. Attention
is all you need[C]//Proceedings of Neural Information Pro-
cessing Systems, Long Beach: MIT Press; 2017: 5998-6008.
LIUZ,LINY, CAOY, et al. Swin transformer: Hierarchic-
al vision transformer using shifted windows[C]//Proceed-
ings of IEEE/CVF International Conference on Computer
Vision. Montreal: IEEE Computer Society, 2021: 10012-
10022.

CICEK O, ABDULKADIR A, LIENKAMP S S, et al. 3D
U-Net: learning dense volumetric segmentation from sparse
annotation[C]//Proceedings of International Conference on
Medical Image Computing and Computer-Assisted Interven-
tion. New York: Springer; 2016: 424-432.

OKTAY O, SCHLEMPER J, FOLGOC L L, et al. Atten-

(21]

(22]

(23]

[24]

(23]

[26]

tion U-Net: Learning where to look for the pancreas
[EB/OL]. arXiv: 1804.03999(2018-04-11) [2023-09-04]. ht-
tps://arxiv.org/abs/1804.03999.
WU Y, LIAO K, CHEN J, et al. D-former: a u-shaped
dilated transformer for 3d medical image segmentation [J].
Neural Computing and Applications, 2023, 35(2): 1931-
1944.
ZHOU HY, GUO J, ZHANG Y, et al. nnformer: Inter-
leaved transformer for volumetric segmentation[EB/OL].
arXiv: 2109.03201(2021-09-07) [2023-09-04]. https://arxiv.org/
abs/2109.03201
GUO J, ZHOU H'Y, WANG L, et al. UNet-2022: exploring
dynamics in non-isomorphic architecture[EB/OL]. arXiv:
2210.15566(2022-10-27) [2023-09-04]. https://arxiv.org/
abs/2210.15566
HUANG H, XIE S, LIN L, ef al. ScaleFormer: revisiting the
transformer-based backbones from a scale-wise perspective
for medical image segmentation[EB/OL]. arXiv:
2207.14552(2022-01-29) [2023-09-04]. https://arxiv.org/
abs/2207.14552
XU X, WANG T, ZHUANG J, et al. Imagechd: A 3D com-
putedtomography image dataset for classification of congen-
ital heart disease[C]//Proceedings of Medical Image Com-
puting and Computer-Assisted Intervention. New York:
Springer; 2020: 77-87.
VAN D W S, SCHONBERGER J L, NUNEZ J, et al. scikit-
image: image processing in Python [J]. Peer], 2014, 2: e453.
(it HHE LT e


http://dx.doi.org/10.1016/j.media.2010.12.004
http://dx.doi.org/10.1016/j.media.2014.06.001
http://dx.doi.org/10.1109/TMI.2002.804425
http://dx.doi.org/10.1109/TMI.2002.804425
http://dx.doi.org/10.1016/j.media.2014.09.005
http://dx.doi.org/10.1016/j.media.2014.09.005
http://dx.doi.org/10.1109/TMI.2023.3247814
http://dx.doi.org/10.1109/TMI.2023.3247814
https://arxiv.org/abs/1804.03999
https://arxiv.org/abs/1804.03999
http://dx.doi.org/10.1007/s00521-022-07859-1
https://arxiv.org/abs/2109.03201
https://arxiv.org/abs/2109.03201
https://arxiv.org/abs/2210.15566
https://arxiv.org/abs/2210.15566
https://arxiv.org/abs/2207.14552
https://arxiv.org/abs/2207.14552
http://dx.doi.org/10.7717/peerj.453

	1 相关工作
	1.1 传统方法
	1.2 深度学习方法

	2 3DCSNet
	2.1 总体架构
	2.2 大卷积核三维卷积块(LKCM)
	2.3 三维特征融合模块(Hybrid Block)
	2.4 三维空间感知模块(3D-SATB)

	3 实验结果及讨论
	3.1 数据集及数据预处理
	3.2 实验细节
	3.3 后处理
	3.4 实验结果及分析
	3.5 分割结果可视化
	3.6 消融实验

	4 结语
	参考文献

