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Research on Brain Tumor Image Segmentation
Method Based on Improved TransUNet Model

ZHU Yuting, YUAN Xiao'
(College of Electronic and Information, Sichuan University. Chengdu., Sichuan 610064, China)

Abstract: In view of the strong similarity between tumor cell image and normal tissue image, fuzzy boundary and large
staining change, an improved optimization model based on TransUNet network is proposed. Based on TransUNet as the
backbone network, this segmentation model introduces the attention mechanism into the encoder part to suppress the irrele-
vant part to highlight the semantic information of the deep features. At the same time, the fusion method in the up-sampling
process is changed, and the BiFusion module is introduced for selective fusion, so that the feature data can retain more high-
resolution details. The model is verified on the Kaggle brain low-grade glioma data set. The experimental results show that
the My .+ R and map of the improved algorithm are 97.31% ., 99.91% and 98. 72% respectively, which has better perform-
ance compared with the current mainstream methods of medical image segmentation.
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