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Automatic segmentation algorithm of pancreatic CT images based on 2-3D mixed

convolutional neural network
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[ Abstract ] Objective To investigate the deep learning algorithm for automatic segmentation of
pancreatic tissue from CT images. Methods Based on both 2D and 3D pancreatic segmentation networks,
which extracted discriminative semantic information and three-dimensional spatial information from 82 CT
images of pancreas samples (taken from NIH database) respectively, a novel hybrid network was designed for
automatic segmentation of pancreatic tissues. Results  The proposed method was validated using NIH
datasets, and the results of pancreas segmentation demonstrated accurately in detail and smooth in edge. The
average Dice coefficient reached 83.2% , which exceeded the 2D and 3D benchmark methods by 0. 77% and
1.38%, respectively. Conclusion  This method combines both advantages of 2D and 3D segmentation
networks, and thus can be effectively applied to the accurate segmentation of pancreas, providing a
quantitative reference for subsequent clinical diagnosis and treatment.
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