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Abstract; Since the target area scales of medical images were different, and samples of labeled medical images were few, a dual
decoder medical image segmentation model DDS-UNet was proposed. To be more specific, the DDS-UNet model used Swin
Transformer module to construct the encoder, to extract multi-scale features of medical images. The decoder 1 took advantage of
Swin Transformer module for global and remote semantic feature extraction to recover and aggregate the corresponding scale feature
information of the encoder output step by step during the upsampling process. The decoder 2 made use of the local feature extraction
advantage of convolutional neural networks (CNN) to recover the spatial information of medical images step by step during the
upsampling process. The feature fusion module used the cavity convolution to decompose the deep semantic feature information
output by the encoder, and collaboratively fused the multi-scale feature information output by the double decoders in the upsampling
process, so as to reconstruct the spatial details of the target region of the medical image. The experimental results of spine and brain
glioma image segmentation showed that the DDS-UNet model had significant abilities on feature extraction and segmentation for the
target region. The ablation experiment further verified the effectiveness of the DDS-UNet model for medical image segmentation.
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Fig.1 Double decoding DDS-UNet model
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Table 1 Segmentation result of the five image segmentation

algorithms on VerSe testsets BT . %
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Fig.5 Spinal image segmentation results
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Table 2 Segmentation results of the five image segmentation
algorithms on BraTs testset

A%
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U-Net 89.28+1.36 84.66+0.43 89.75+1.48
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DDS-UNet 92.37+0.39  91.43+0.77  92.57+0.63
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Fig.6 Brain tumor image segmentation results
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Table 3 Results of ablation experiments on VerSe and BraTs datasets P . %

IR S Swin-T+f#M A 1 fifitas 2 MFFM Dy, M,y M e

vV x 86.12+0.37 84.86+0.77 85.66+0.83
VerSe v VvV 88.47+0.67 87.13+0.26 87.41+0.57

vV vV 91.17+0.53 92.23+0.37 90.62+0.74

vV X 85.61+0.48 83.4620.67 86.73+0.76
BraTs Y4 Vv 89.21+0.86 87.49+0.43 88.39+0.24

vV vV 92.37+0.39 91.43+0.77 92.57+0.63
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