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Figure 3 Schematic diagram of deformable attention
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Brain Glioma Image Segmentation Based on Convolution and Deformable Attention
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(1. School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450002, China; 2. Songshan Laboratory, Zhengzhou
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Abstract; For medical image segmentation tasks such as glioma image segmentation with dense prediction, both lo-
cal and global dependencies were indispensable. To address the problems that convolutional neural networks lacked
the ability to establish global dependencies and the self-attention mechanism had insufficient ability to capture local
details, a convolutional and deformable attention-based method for glioma image segmentation was proposed. A ser-
ial combination module of convolution and deformable attention Transformer was designed, in which convolution was
used to extract local features and the immediately following deformable attention. Transformer was used to capture
global dependencies to the establishment of local and global dependencies at different resolutions. As a hybrid
CNN-Transformer architecture, the method could achieve accurate brain glioma image segmentation without any pre-
training. Experiments showed that the average dice score and the average 95% Hausdorff distance on the
BraTS2020 glioma image segmentation dataset were 83.56% and 11.30 mm, respectively, achieving comparable
segmentation accuracy compared with other methods, while reducing the computational overhead by at least 50%
and effectively improving the efficiency of glioma image segmentation.
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