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A Liver Tumor Segmentation Method Based on Improved U-Net

LI Xiu-hua,ZHU Shui-cheng
(School of Computer Science and Engineering , Changchun University of Technology ,Changchun 130012, China)

Abstract ; Segmentation of liver tumor is an indispensable link in diagnosis and treatment of hepatocellular carcinoma. Aiming at the
problems of information loss and low segmentation accuracy of traditional U-Net network in tumor segmentation with complex shape,
size and location and fuzzy boundary , it is improved to increase the accuracy of liver tumor segmentation. Firstly,in the encoding stage,
the hybrid dilated convolution is used to replace the original convolution block to increase the receptive field and obtain more context in-
formation. In the decoding stage,dense upsampling convolution is used to capture and decode more detailed information. The residual
module is introduced to speed up the training of the model and prevent network degradation. Secondly,the attention mechanism is added
between each jump connection to make the model focus on the region of interest and suppress redundant features. Group Normalization
(GN) is used instead of common Batch Normalization ( BN) to reduce the impact of too small Batch Size on network accuracy, and
combined with Focal Tversky loss function to improve the class imbalance problem. Experiments on the LiTS2017 data set show that
compared with the traditional U-Net,the Dice index of the proposed improved model in liver and tumor segmentation has increased by
3.56% and 4.21% respectively, while the recall rate has increased by 3.71% and 5.35% .
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