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Abstract Aiming at the problem that the method of low-dose CT reconstruction by machine learning method relies too much on
pairwise legends,a low-dose CT reconstruction algorithm based on iterative asymmetric blind spot network is proposed. Firstly,
low-dose CT is self-supervised by pixel-mixed washing sampling blind spot network,and the preliminarily reconstructed CT ima-
ges are obtained. Secondly,an iterative model is established,and the result image obtained by the previous network is used as the
low-dose input of the network for training to obtain the final network model. Finally, the asymmetric method is used to adjust the
stride of the sampling under pixel mixing to minimize aliasing artifacts and obtain the final usable model. Theoretical analysis and
experimental results show that compared with the traditional low-dose CT reconstruction algorithm, the iterative asymmetric
blind spot network algorithm can greatly reduce the dependence of the low-dose CT reconstruction algorithm on pairwise legends,
and can generate images similar to or even better than the traditional method in terms of image quality, texture features and struc-
ture.

Keywords Low dose,Deep learning, Reconstruction, Self-supervision
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Fig. 1 Overall framework of low-dose CT image reconstruction model
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Comparison of quantitative experimental results of

Table 1

different reconstruction methods on NIH-AAPM Mayo dataset

Vi PSNR SSIM RMSE
LDCT 34.3094 0.8276 0.0193
WGANLI] 36.1047 0.8522 0.0108
WGAN-MSEL12] 38.1983 0.8917 0.0092
CNN-VGGL33] 38.3061 0.8720 0.0097
BM3DL34] 38.9903 0.8295 0.0112
Eformer(35] 39.0972 0.9376 0.0081
ADAGANL36] 39.2876 0.9382 0.0072
A X W % 39.5423 0.9373 0.0056

# 2 AR NETE LIDC-IDRI $dk 4 by E 9k
L5 RT
Table 2 Comparison of quantitative experimental results of

different reconstruction methods on LIDC-IDRI dataset

Wk PSNR SSIM RMSE
LDCT 34,5781 0.8381 0.0187
WGANE! 36.1786 0.8698 0.0113
WGAN-MSEL12] 38.2134 0.8968 0.0091
CNN-VGGE3] 38.3179 0.8781 0.0093
BM3DL3! 38.9892 0.8273 0.0115
Eformer!33) 39,0564 0.9325 0.0089
ADAGANLE36] 39.2653 0.9341 0.0077
KX Tk 39.5750 0.9315 0.0060
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Table 3 Comparison of experimental results of different versions

on NIH-AAPM Mayo dataset

B B PSNR SSIM RMSE
APBSN 38.8194 0.9006 0.0113
APBSN+DC 39.0112 0.9284 0.0062
APBSN+Iteration 39.4143 0.9301 0.0084
TABSN( A 30) 39.5423 0.9373 0.0056
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Fig. 7 Experimental results of image reconstruction algorithm
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