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Mandible CT image segmentation method fused with residual
structure and attention mechanism
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Abstract: Aiming at the problems existing in traditional mandible CT image segmentation methods, this paper proposes an
improved Unet network that combines residual structure and attention mechanism. By integrating the attention mechanism into Unet
decoder, the designed model constructs an upsampling attention module and performs average pooling and maximum pooling in
different dimensions, making the network pay more attention to the information of the mandible region and enhance the ability of
mandible segmentation. The residual structure is introduced into the encoder to solve the problem of network degradation and gradient
disappearance during deep network training. The transfer learning is used to avoid the problem of slow convergence caused by
insufficient mandible image data. Comparative experiments show that the Mean Intersection over Union of the improved Unet
network reaches 94.68% , and all evaluation indicators are better than FCN, DeeplabV1 and SegNet networks.
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Fig. 1 Improve Unet structure
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Fig. 2 Upsampling attention module
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Fig. 3 Convolutional block attention module
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Fig. 4 Channel attention module
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Fig. 6 Residual structure
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Fig. 7 Transfer learning method
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