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ChestDS: A deep learning denoising model for low-dose chest CT

LI Ziyuan, LI Jianhui, ZHANG Xiaodong, LIU Jia, LI Wei, LIU Jianxin, WANG He"
(Department of Radiology, Peking University First Hospital, Beijing 100034, China)

[Abstract] Objective To develope a deep learning (DL) denoising model for low-dose chest CT (LDCT) , and to observe
its effect. Methods Based on ResNet feature extraction, UNet generation and VGG style loss. a ChestDS denoising model
was established using data from training set (18 351 pairs of 2D images from AAPM dataset) and validation set (128 pairs
of 2D images from AAPM dataset). The consistency of inter-observer subjective evaluation in visual assessment test set
(LDCT images of 100 cases from a single center) was analyzed, and the subjective scores before and after denoising using
ChestDS model were compared. Based on peak signal-to-noise ratio (PSNR) and structural similarity index measure
(SSIM), the performance of ChestDS model for denoising and displaying anatomical structures were objectively evaluated
with AAPM test set (211 pairs of 2D images). Results Before and after denoising using ChestDS model. the intra-class
correlation coefficient (ICC) for noise score in lung window CT images was 0. 88 and 0. 96 (both P<C0.05), resepctively,
while ICC fon noise score in mediastinal window CT images was 0. 50 and 0. 86, respectively (both P<C0.05), and the
scores of image quality and displaying key anatomical structures were significantly improved (all P<C0. 05). In AAPM test
set, PSNR and SSIM of ChestDS model was 49. 05 dB and 0. 99, respectively. Conclusion ChestDS model applicated in
LDCT images could improve imaging quality through denoising and reduce radiation dose.
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deep learning
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