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Research on medical images segmentation algorithm based on fusion strategy
SUN Hong, YANG Zhedi
(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] In recent years, deep learning has brought a breakthrough to medical images segmentation. U-Net and Residual U-Net
are the most prominent deep networks in this field, and they are the most popular architectures in the field of medical imaging.
Although the overall performance in multimodal medical images segmentation is outstanding, it is found that it can be improved on
the basis of the original network. Therefore, the paper puts forward a fusion idea, and carries out experiments on the poposed idea in
U-Net and Residual U-Net. In order to reduce the parameters of the model as much as possible, the paper uses the sharing strategy
to control the parameters in a reasonable range. Furtherly, the paper compares the performance of the proposed fusion model with
classical U-Net and Residual U-Net in cell edge segmentation dataset and breast segmentation dataset. Finally, the results show that
the fused model has better performance than the original model.
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