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Abstract: By improving the Swin Transformer coding and decoding network, combined with the skip-
linking and depth supervision mechanisms, we proposd a new image region segmentation method of
neonatal brain based on self-attention mechanism of shifted windows to address the issues of low
signal-to-noise ratio and poor tissue contrast in segmentation of nuclear magnetic resonance imaging
(MRI) images of the neonatal brain. The method could achieve accurate segmentation of
multifunctional regions of the neonatal brain images after preprocessing the MRI images, and further

improve the segmentation accuracy by using the maximum connected domain algorithm. The
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experimental results on the dHCP dataset show that the method is superior to existing methods,
providing potential possibilities for early detection and intervention of neonatal brain injury.
Keywords: brain image region segmentation; Swin Transformer coding and decoding network;

neonatal MRI; self-attention; shifted window
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Fig. 1 Segmentation framework of brain MRI images
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Fig.3 Balance contrast enhancement technique effect
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Unet+ + 95.71 95.98 97.61 94. 36 97.12 98. 34 98.18 98.21 93. 14
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TransUnet 96. 24 97.56 97.08 93.50 96. 20 97.21 97.23 97.92 92. 56
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Table 3 Results of full scale skip-linking and depth supervision ablation experiments %
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CSF cGM WM  Background Ventricle Cerebellum  GM Brainstem Hippocampus
SW 94.79 95.67 96. 45 91.56 93.71 95.18 95. 86 94.12 90. 56
SW—HSC 95.51 96. 68 97.22 94.16 96.53 97. 44 98.10 96. 17 91. 14
SW-+DS 95. 89 96.13 97.16 94.51 96. 41 97.15 97.89 96. 10 91.56
A3 96. 56 97.88 97.67 94.91 97.24 98.50 98. 34 96. 66 92.78
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