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AGCN-based segmentation method of 3D CT images of kidney and tumor
ZHOU Xiaochen', XUAN Ping'
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Abstract: Computed Tomography (CT) scanning is currently an imaging examination method used to assist in the diagnosis of
kidney tumors. Therefore, identifying the kidney and tumor is crucial for the diagnosis of the patients with kidney tumors. Due to
the different sizes and locations of kidneys and tumors from the different patients, as well as the similar texture characteristics
between the tumors and their surrounding tissues, automatically segmenting the tumors through CT scanning is a challenging task.
The paper proposes a novel segmentation model based on adaptive graph convolution, which can effectively learn the spatial
relationships among the global and local image region nodes. Adaptive convolution kernels are generated for the nodes based on
dynamically learned features to adaptively learn the features of image region nodes. The comparative experimental results show that
the proposed model outperforms several advanced segmentation methods in terms of Dice, IoU, and HD distance.
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Fig. 1 Overview of the proposed model
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Fig. 2 Illustration of adaptive graph convolution processing near target node x;
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