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Dual-Energy CT Material Decomposition Method Based on
Improved U-Net Network
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Abstract: Dual-energy computed tomography can provide quantitative information on the scanned object, realize material
decomposition, and then obtain specific information of human tissue materials. To solve the problem that the traditional U-
Net network is limited in extracting non-local features from dual-energy CT images, an improved U-Net network is proposed
to improve the accuracy of dual-energy CT image material decomposition. The inception u-net (IU-Net) uses multi-scale en-
coders to capture local and non-local features of input images from different angles through three paths, and to fuse them in
channel dimensions. In order to avoid excessive smoothing and loss of image details, the edge loss is introduced to construct
a hybrid loss function, optimize the edge pixels of the reconstructed image, and produce clearer images. Experimental results
show that the proposed TU-Net can retain more internal details of the image, thus making the decomposed image clearer.
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