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Automatic liver cancer target area segmentation in CT image using separable convolution and

attention mechanism
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Department of Radiotherapy, Zhongshan Hospital, Fudan University, Shanghai 570228, China

Abstract: Objective To propose an approach integrating separable convolution and attention mechanism for automatically

segmenting target area in radiotherapy for liver cancer from CT images. Methods The novel liver cancer segmentation

method based on the U-Net convolutional neural network integrated attention block and U-Net model to increase the weights

of feature channels with greater relevance to segmentation tasks, thereby enhancing the feature expression ability, and a

separable convolution was used in the U-Net encoding stage for supplementing feature information lost during the

downsampling process. Results Target area segmentation was conducted on a dataset of 50 liver cancer patients at Zhongshan

Hospital, Fudan University. Experimental results showed that the proposed method improved the average Dice similarity

coefficient by 4.54% as compared with 3D U-Net. Conclusion The U-Net convolutional neural network based on separable

convolution and attention mechanism achieves better segmentation accuracy for liver cancer target area, which is expected to

improve the work efficiency of doctors in clinic.
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Figure 1 Separable convolution module
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Figure 2 Residual attention modules
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Table 1 Segmentation results of different models
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RAS U-Net 74.08 5.46 345
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