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Tab. 1 Quantitative Comparison of Image Processing(BraTS2021)
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Tab. 2 Comparison of quantitative results(BraTS2021)

[RR] 446 755 Y Ap I pice Dy
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Tab. 3 Ablation experiment quantitative results(BraTS2021)
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Multimodal brain tumor MR image segmentation based on fusion denoising

Shen Junli, Lin Chongyu, Hai Yuman

(School of Computer and Information Engineering(School of Artificial Intelligence) , Henan Normal University, Xinxiang 453007, China)

Abstract: The segmentation of multimodal brain tumor MR images faces the problems of difficulty in modal fusion, eas-
y generation of noise during the fusion process, and insufficient extraction of global and local features after modal processing,
resulting in reduced segmentation accuracy. This paper first designs a module(VTC) that combines vision Transformer and de-
convolution to achieve efficient fusion and deep denoising of multimodal MR images. Then, a skip connection module ('TSC)
fused with Transformer is created. The traditional skip connection is innovated by using the multi-head cross-attention mecha-
nism of Transformer to capture the global and local features of the modal feature map after fusion and denoising, further im-
proving the segmentation accuracy. Finally, the experimental results on the public dataset BraTS2021 show that this method a-
chieves an accuracy of 88.39% when segmenting tumors, a Dice coefficient of 83.44%, and a Hausdorff distance of only

2.356 6.

Keywords: brain tumor MR; fusion denoising; U-Net; Transformer; image segmentation
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Fig.S1 Comparison of qualitative results of five segmentation methods
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