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Abstract; In this paper, a novel multimodal brain tumor image segmentation method is proposed, which combines three attentional
mechanisms with a traditional U-Net model to segment brain tumors from 3D multimodal MRI medical images. The proposed model
is divided into four parts: encoder, decoder, feature fusion and bottleneck layer, each of which employs a different attentional
mechanism to enhance the multimodal information extraction capability. In the feature fusion part, a new attention module—attention
gated propagation module ( AGPM) is proposed, which combines channel attention and attention gates to infer the attention mapping
sequentially along the channel dimension and spatial dimension; in the bottleneck layer part, a multi—head self - attention layer
(MHSA) is applied between the convolutional layers to enhance the sensory field. In addition, a new attention module—Multi-
Headed Feature Enhancement Module (MHFEM ) —is added to the bottleneck layer part of the model to supplement the multi—scale
information. The effectiveness of the proposed model is demonstrated by experimental results on the BraTS2020 dataset.
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Fig. 1 The architecture of the proposed network
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Fig. 2 3D Multi—Head Self-Attention (MHSA) block
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Table 1 The detailed BraTS2020 validation set result

Model wT ET Mean
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nnUNet[2'! 0.905 0 0.839 0 0.740 0 0.828 0

TransBTS! %] 0.890 0 0.813 6 0.785 0 0.829 5

Ours 0.908 3 0.846 8 0.749 8 0.834 9
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Fig. 5 Segmentation result visualization
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