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Segmentation of pancreas in CT images based on 2.5D cascaded convolutional neural network

ZHOU Fangfang, WANG Yida, SONG Yang, YANG Guang
Shanghai Key Laboratory of MRI /School of Physics and Electronic Science, East China Normal University, Shanghai 200062, China

Abstract: Objective Due to the small size of the pancreas and inter-individual structural variances, it is difficult to segment
the pancreas in images accurately. Therefore, a 2.5D cascaded convolutional neural network is proposed for the
segmentation of pancreas in CT images. Methods The data used in the experiment were the open dataset for pancreas
segmentation published by NIH. The 82 abdominal CT images contained in the dataset were randomly divided into training,
validation, and test sets (training/validation/test=56/9/17). During the training, rotating, stretching, shifting and shearing
were used for data augmentation. The combination of probability graph and 2.5D cascaded deep supervision UNet, namely
CSNet (Cascading deep Supervision UNet), was proposed for pancreas segmentation. The proposed network consisted of 3
sub-networks. Based on UNet, 5 consecutive slices of image were input into the first sub-network to obtain the coarse
segmentation images of the middle 3 slices. After a suitable threshold was set, the segmentation images were transformed
into binary segmentation images. The original image at the center slice was combined with the coarse segmentation images
of two adjacent slices (the first and third slices) and then input into the second sub-network, another deep supervision UNet,
to obtain a fine segmentation of the center slice. In the third sub-network, the coarse segmentation probability images of the
middle slices from the first sub-network were combined with the fine segmentation probability images from the second sub-
network by 1x1 convolution to obtain the final segmentation. The 3 sub-networks were trained simultaneously. During the
training, the energy functions of 3 sub-networks were optimized jointly, thereby obtaining a more accurate segmentation
result. Finally, the results of pancreas segmentation were evaluated by DSC. Results CSNet achieve a DSC of (83.74+5.27)%
on the independent test set. Conclusion CSNet can be used to accurately segment the pancreas in CT images.
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