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Transformer-based segmentation of CT images of patients with lung tumors
WANG Weitong', XUAN Ping'?

(1 College of Computer Science and Technology, Heilongjiang University, Harbin 150080, China;
2 College of Engineering, Shantou University, Shantou 515063, Guangdong, China)

Abstract: Automatic segmentation of CT images of patients with lung tumors based on informatics technology is helpful for
promoting the early diagnosis of lung cancer patients. Extracting and integrating the spatial correlation among image regions is very
important for improving the segmentation performance of lung tumors. The paper designs a Transformer module and a category
attention module with a hybrid multi —head image region node attention, respectively, which learned and fused the spatial and
channel-level information of the lung CT image. The paper designs the image region node attention mechanism and the category
attention mechanism to learn and fuse the information of spatial level and that of channel level. The proposed method is compared
with several segmentation methods for segmenting lung tumors. The experimental results show that the proposed segmentation model
is superior to the compared segmentation models in Dice, loU and HD distance.
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Fig. 1 Mixer multi-head image region node attention
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