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Abstract As one of the most important optical solar telescopes for studying solar physics, the new vacuum solar
telescope (NVST) suffers from various noise interferences in the process of collecting image data, which affects the
study of observation data. Some methods based on standard supervised deep learning have achieved remarkable
results in the field of image denoising. However, this type of method becomes inapplicable to the field of
astronomical images where clean data is difficult to obtain. To solve this problem, this paper applies the image
denoising method based on self-supervised deep learning to NVST image denoising. In order to quantitatively
evaluate the performance of the network model, first, add simulation noise to the reconstructed data; second, the
noisy data is estimated through the noise level estimation network to estimate the noise level; then, self-supervised
convolution blind spot network is used to learn image features, and the image is restored by Bayesian inference;
finally, the experimental results are quantitatively analyzed through the peak signal-to-noise ratio (PSNR) and

structural similarity evaluation indicators, correlation analysis, and power spectrum analysis. Experimental results

Wi B HI: 2020-08-01; f&EI HEA: 2020-09-05; R BHI: 2020-09-09
E2WB.: FXHARBFEHES (12063002,11873027,61462052)
“ E-mail: shangzhenhong@126. com

0610018-1



Rt

$ 585 F6HI/2021 £3 A/HtERBFFIHE

show that, whether for simulated noise data or actual observation data, compared with other image denoising

methods in the experiment, the proposed method can effectively reduce the interference of noise on NVST images

and improve the image PSNR. At the same time, it also provides solutions for other engineering fields where clean

image data is difficult to obtain.
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Fig. 1 Blind spot convolution network with four branches
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Fig. 2 Convolution blind spot network after optimizing branch
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Fig. 4 Denoising results of each method. (a) Original images; (b) ground truth; (c) noise interference; (d)proposed

algorithm; (e) CBSN; (f) Noise2Void; (g) BM3D; (h) Gaussian filter; (i) mean filter
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# 1 HIrik 20 AKX R A PSNR Al SSIM
Table 1 Average PSNR and SSIM of 20 groups of test images for each method

Noise level Method Known o Average
PSNR SSIM
BM3D Yes 37.66 0.9214
Gaussian filter Yes 37.39 0.9192
B Mean filter No 35.16 0. 8501
o1 Noise2 Void No 38.21 0. 9389
CBSN No 39. 30 0.9471
Proposed No 40. 14 0.9592
BM3D Yes 33.51 0. 8094
Gaussian filter Yes 33. 20 0. 8034
Mean filter No 31.66 0.6633
7 Noise2 Void No 33.75 0. 8522
CBSN No 34.62 0. 8856
Proposed No 35.45 0.8914
BM3D Yes 32.33 0. 7485
Gaussian filter Yes 30.97 0.6619
Mean filter No 29. 33 0.4865
oo Noise2 Void No 31.77 0.7962
CBSN No 33.02 0. 8255
Proposed No 33.69 0. 8370
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Fig. 5 Correlation diagrams. (a) Proposed algorithm; (b)CBSN; (c¢)Noise2Void; (d)BM3D; (e)Gaussian filter; (f)mean filter
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