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Micro-CT Image Denoising Algorithm Based on Deep Residual
Encoding-Decoding
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Abstract Aiming at the problem that noise will be generated during micro-CT scanning in the laboratory, resulting in the
decline of CT image quality after reconstruction, this paper proposes a deep multi-residual encoding-decoding
convolutional denoising network. This method is based on the original residual encoding-decoding convolutional network.
First, we increased the number of convolutional layers and introduced the multiple residuals to realize effective learning of
noise distribution characteristics in lab-level micro-CT images. Second, a special mix-loss function was designed to
strengthen the network’s ability to retain image details. Experimental results show that the proposed method has a
significant effect on noise suppression and can greatly preserve the structure and feature information of CT images.

Key words image processing; image denoising; micro-CT; non-destructive testing; residual learning; mix-loss function
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Fig. 3 Residual learning network structure
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Table 1 Scanning parameters for bronze coins

SOD/ SDD/ Voxelsize/  Tube Power /  Time of

mm mm pm voltage /kV W exposure /s

80.01 200.01 27.26 140 10 3.0/0.1
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Fig. 5 Denoising results of different methods for bronze coins
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Fig. 6 Denoising results of different methods for bronze residual coins
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Table 2 Reconstruction quality evaluation of different methods

for images
Method Average PSNR  Average SSIM
LDCT 33.8335 0.9163
BM3D 34.1415 0. 9508
Multiscale-RED 35.0793 0.9424
RED-CNN 35.8979 0.9644
DRED-CNN 38.8658 0.9745
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