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Multi-attention Brain Tumor Image Segmentation Algorithm
Based on Unet

WU Liang ,FU Dian—chen, CHENG Chao
(School of Computer Science and Engineering , Changchun University of Technology ,Changchun 130012, China)

Abstract; In view of the lack of context information connection and the low efficiency and accuracy of artificial segmentation in medical
image segmentation of multi—type brain tumors,a automatic segmentation algorithm based on Unet is proposed. Firstly,on the basis of
the Unet model, the ResBlock structure is added to deepen the network. Secondly,the decoding network of Unet is reconstructed and a
parallel dilation convolution feature extraction module is added. Finally,the network combines the improved channel and spatial multi at-
tention mechanism, which makes the network focus more on some feature layers and spatial regions when extracting features, and
suppresses the redundant features of some invalid non lesion regions, so as to improve the accuracy of lesion segmentation. In order to
fully test the algorithm’ s segmentation performance of multiple sequence brain tumor MRI ( magnetic resonance imaging) medical
images, the indexes of medical segmentation Dice evaluation are used. The experiment shows that the improved algorithm is entitled to
0.909,0.820 and 0. 766 on Complte Dice,Core Dice and Enhancing Dice respectively. Compared with Unet and its improved segmentation
algorithm, it will get a better segmentation result under the condition that the number of parameter quantity is the same as Unet.
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