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Abstract: Deep learning has achieved a wide range of successful applications in the field of low-dose computed
tomography (LDCT) denoising. To balance the relationship between LDCT image denoising and texture details
during deep learning training, an LLDCT denoising model based on multi-feature extraction and attention
mechanism 1s proposed. The model consists of three branches. The first branch is the shallow edge feature
extraction branch, so that the input LDCT image can be fully pre-trained. The second branch uses cross-
convolution to explore more edge details in LDCT images. The third branch uses trainable Sobel and normal-
dose CT edge labels to further enhance the performance of LDCT image edge details. Finally, the multi-feature
fusion module is realized by using the attention mechanism. The experimental results on the American

Association of Physicists in Medicine (AAPM) public dataset show that compared with the existing methods,
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the peak signal-to-noise ratio value of the CT image of the AAPM dataset processed by the new model is

33.637 6, and the structural similarity value is 0. 916 9.

This method can effectively remove noise and

artifacts, while effectively retaining the structural information of the CT image.

Key words: low-dose CT denoising; feature extraction; edge extraction; attention mechanism; cross con-

volution; multi-feature fusion
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Fig. 9 Comparison of denoising results of different noise types under different radiation
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Fig. 10 Comparison of denoising results of different noise types under ablation experiment
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