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[ Abstract |

tion (DWTNet) was used to denoise the core image. The evaluation of this method was carried out by comparing the peak signal-to-

Based on the sand-mud interlayer core of a block in Ordos Basin, denoising neural network based on wavelet transforma-

noise ratio (PSNR)) and the post-denoising image outcomes. The investigation reveals that by applying the DWTNet denoising algorithm
to the test sets YX1 and YX2, and contrasting it with other denoising algorithms such as EGDNet, the PSNR values at noise levels of
25, 50, and 75 dB are respectively 0. 527, 0. 418, and 1. 1 dB higher than those achieved by the EGDNet algorithm. The proposed al-
gorithm surpasses others in terms of metrics including peak signal to noise ratio( PSNR) , and visually, the resulting images processed
by it exhibit enhanced clarity. The introduction of this method holds substantial significance for the calculation of parameters like poros-
ity, mean specific surface area, mean curvature, among other rock properties, thereby advancing the capabilities in digital core tech-
nology, CT scanning analysis, and understanding of rock characteristics.
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Fig. 3 The module of wavelet network decomposition
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Fig. 6 Difference between the four methods in

YX1 and the benchmark algorithm PSNR
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Table 1 Comparison of PSNR of five algorithms with
different noise levels in four test sets

SCEk ScEk Sk

o -

s "ﬁ:/ ggg 5] 6] (7] gi
i M ’

25 31.325 33.683 32.223 32.746  34.210

YXI 50 29.837 30.705 29.175 30.476  31.123

75 26.014 27.902 26.954 28.476  29.002

25 30.975 33.157 32.565 33.791 34.063

YX2 50 28.983 30.093 28.759 30.138 30.459

75 26.417 27.636  25.834 28.076  28.531

25 30.249 32.559 30.461 31.646  31.921
YX3 50 27.685 29.454 29.045 29.096  29.429
75 26.022 26.720 26.761 26.156  26.828
25 30.677 34.524 31.792 33.753  35.073
YX4 50 27.576  29.997 29.453 29.745  31.442
75 25.014 28.045 27.461 27.124  28.439

R2 5 HMERE4ANMKEREREERE SSIM L
Table 2 The comparison of SSIM of five algorithms with
different noise levels in four test sets

ik i ol
I .
s 0 MR 6 ;;g

B BIE e mw mw

25 0.683 0.850 0.761 0.749 0.820
YX1 50 0.694 0.841 0.812  0.858 0.848
75 0.601  0.853 0.909  0.851 0.905

25 0.708  0.881 0.842 0.826 0.923
YX2 50 0.685 0.930 0.833 0.899 0.912
75 0.628 0.923  0.907  0.651 0.954

25 0.683 0.956 0.876  0.900 0.902
YX3 50 0.620  0.918 0.846  0.845 0.957
75 0.618 0.951 0.891  0.823 0.968

25 0.673  0.897 0.931  0.862 0.973
YX4 50 0.615 0.925 0.839 0.849 0.965
75 0.641 0.970 0.872  0.828 0.964
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Fig. 7 The core denoising results of five algorithms when the noise level is 50 dB
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Fig. 8 Comparison of CT scan denoising results
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performance in CT images

Ik PSNR/dB 3418/ dB
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