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Abstract; Liver cancer is one of the common cancers with a high mortality rate. Accurate segmentation of liver cancer regions is an
important prerequisite for auxiliary diagnosis and treatment. However,liver CT images need to be labeled by professional physicians,and
there are few labeled data and a single way to obtain them. In order to solve the problem that segmentation of abdominal liver CT images
requires a large number of high—quality labels and is difficult to obtain,a semi—supervised automatic segmentation method based on coop-
erative training is proposed. Firstly,the labeled data is input into 3D U-Net and 3D Res U-Net for supervised training,and the two seg-
mentation models obtained by training are saved. The unlabeled data are predicted respectively in the two segmentation models. Then the
predicted results are selected, and the pseudo-labels selected by the fully connected conditional random field processing are added to
refine the edge information of the pseudo-labels. It can improve the accuracy of the pseudo-label,and finally add it to the training set.
Repeat the above steps until the Dice similarity coefficient of the segmentation results stops improving to end the training. The experiment
was tested on the LiTS2017 Challenge. The results showed when the labeled data sets account for 30% of the total set,the Dice of the
proposed method reaches 90.22% ,which is almost equal to the fully supervised 3D Res U-Net segmentation result, indicating that the
semi-supervised method is effective.
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