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Automatic segmentation of the stomach and pancreas using cascaded deep convolutional neural

network
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Abstract: Objective To analyze the accuracy and efficiency of self-developed cascaded deep convolutional neural network
(VB-Net) in the automatic segmentation of the stomach and pancreas. Methods The clinical data of 150 patients with
pancreatic cancer were analyzed retrospectively. The non-enhanced CT data of 132 cases and the pancreas contrast-enhanced
CT and structure data of 116 cases among the 132 cases were randomly chosen as training set for training the model for
segmentation of the stomach and pancreas. The non-enhanced CT data and pancreas contrast-enhanced CT data of the other
18 cases were regarded as test set for evaluating the performance of the proposed method. Finally, Dice similarity coefficient
was used to quantitatively analyze segmentation accuracy; and segmentation efficiency was also evaluated. Results The
average Dice similarity coefficients of the automatic segmentation of the stomach and pancreas were 87.93% and 80.05% on
non-enhanced CT, 89.71% and 84.79% on pancreas contrast-enhanced CT, respectively. The average automatic segmentation
time of the stomach and pancreas was 1.22 s and 0.84 s, while the average manual segmentation time was 158.7 sand 115.52 s.
Conclusion The VB-Net based method for the automatic segmentation of the stomach and pancreas can achieve an accurate
segmentation results, and significantly improve organs segmentation efficiency.
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Fig.1 Flowchart of organs segmentation model based on deep learning
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Fig.2 Flowchart of VB—Net algorithm based on multiscale cascade strategy
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Fig.3 Automatic segmentation and manual segmentation of the stomach and pancreas
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Tab.1 Time for the automatic segmentation and

manual segmentation (s, Mean+SD)
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