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Research on Heart Semi-supervised Segmentation Algorithm Based on Global-local Information
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Abstract Heart disease is one of the main causes of death worldwide, which seriously threatens human life and health. As a non-
invasive medical imaging technology,cardiac magnetic resonance imaging( MRI) is widely used in clinical diagnosis, helping doc-
tors accurately and efficiently diagnose and treat heart diseases. However, cardiac MRI segmentation faces great challenges in
practical applications, manual segmentation methods are time-consuming and subjective, while existing fully supervised and semi-
supervised segmentation methods are not effective in dealing with complex cardiac structures and pathological changes,limited by
the scarcity of data sets. This study aims to solve the challenges of cardiac MRI segmentation by proposing a 3D left atrial semi-
supervised segmentation framework based on global-local information fusion to address the time-consuming and subjective pro-
blems of manual segmentation. Although the current fully supervised heart segmentation methods are effective,they are limited
by the scarcity of data sets. The semi-supervised methods come into being.but they are still limited by the small amount of data,
especially when dealing with complex cardiac structure and pathological changes. To solve this problem, this study propose a new
cardiac MRI segmentation method that combines Linformer and Performer merge V-Net(LLPV-Net) and 3D Enhanced Discrimina-
tor with Attention(3D-EDA) technologies to achieve an effective fusion of global-local information. The LPV-Net module, created
by LinPerBlock and improved V-Net,aims to standardize the training process of the model and achieve effective fusion of global
and local information. thus improving the accuracy and robustness of segmentation. In addition,we also introduced a new discrimi-
nator 3D-EDA for the specification of unlabeled data. The most critical module in the model is CARELayer, which integrates a

custom attention module to enhance the ability of the model to capture important information in the feature,and the auxiliary seg-
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mentation network improves the segmentation performance. By conducting a comprehensive experiment on the left atrial dataset,

comparing the proposed method with several advanced semi-supervised methods. The experimental results show that the proposed

method performs well on the baseline dataset,especially when training with limited label data. For example, when training with

only 10% and 20% labeled data,the Dice coefficients of 88.50% and 90.39% were obtained.
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Table 1 Compares other methods with a 10% labeled data set
# scan used Metrics
Method
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V-Netl21] 80 0 89.01 82.13 5.42 1.85
UA-MTLS) 8 72 85. 65 75.19 19.10 5.27
SASSNetH17] 8 72 86. 29 75.34 11.21 3.34
MC-Netl 18] 8 72 88.29 79.16 8.63 2. 30
URPCE30) 8 72 83.99 73.01 23.14 2.52
SS-Netl31] 8 72 85.92 75.59 18.63 2.76
DTCLI6) 8 72 86. 49 76.56 15.01 3.98
DUWME3Z] 8 72 85. 32 76. 25 15. 25 2.82
Ours 8 72 88.50 79.47 8. 66 2.27
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Table 2 Compares other methods with a 20% labeled data set
# scan used Metrics
Method
Labeled Unlabeled Dice/ % Jaccard/ % 95HD/voxel  ASD/voxel

V-Netl24] 80 0 89.01 82.13 5.42 1.85
UA-MTLI5] 16 64 85. 83 75. 68 15. 69 3.71
SASSNetH17] 16 64 86. 82 76.73 10. 35 3.25
MC-Net-18] 16 64 90.19 82.28 7.08 1.82
URPCE30 16 64 87.64 78.59 12.67 2. 14
SS-Neth31] 16 64 88.42 79.28 14.58 3.95
DTCLI6) 16 64 89.16 80. 17 7.30 2.08
DUWMLE3Z] 16 64 88.02 81. 04 8.18 2.26
Ours 16 64 90. 39 82. 54 6. 84 1.77
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V-Net 16 64 79.99 68.12 21.11 5.48
V-Net-+ transformer 16 64 82.21 70.75 19. 64 5.72
V-Net-+ LPformer 16 64 86.09 76.15 11.35 3.05
VNet+ LPformer+ MLP 16 64 89.41 80. 95 7.77 1.93
V-Net-+ LPformer+ 3D-EDA 16 64 90. 39 82.54 6.84 1.77
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