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Image noise estimation method based on sparse
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Abstract: Realizing accurate estimation of noise parameters in digital images is of great significance for
improving the quality of image processing. When the sparse principal component analysis is performed
on the image contaminated by Gaussian white noise, the mean value of the load vector of some princi-
pal components and the standard deviation of Gaussian white noise show a certain linear relationship.
Based on this feature, this paper proposes a fast and accurate image noise estimation method. In this
method, a plurality of new Gaussian white noises of known standard deviation levels are added to the
Gaussian white noise-contaminated image to generate a plurality of new images, and then each sample
is subjected to sparse principal component analysis and mean of multiple principal component load vec-
tors are obtained. Finally, an accurate estimation of the standard deviation of Gaussian noise is
achieved by solving an over determined system of equations. The experiment results show that the
method has high estimation accuracy under low noise ( §, =5) to high noise ( §, =70) conditions, and
strong robustness is demonstrated. This method has certain practical value in practical engineering.
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Fig.1 Images for linear relationship testing
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Tab.2 Estimation result of three noise estimation methods in three channels under different noise levels

R il i G il B i i
" ScekC1l] SceRCis] ASOgrdk Scak[1l] SceRC1s] RSOk Sclk(1l] Sck1s] RSOk
5 4.23 4.82 4.71 4.32 4.51 4.68 4.15 4.52 4.73
10 9.70 9.29 10.02 9.58 9.35 10.07 9.69 9.24 10.11
20 21.22 21.34 20.22 21.14 21.31 20.53 21.02 21.27 20.57
30 33.71 31.75 30.43 32.37 31.45 30.70 32.48 31.35 30.53
40 41.48 41.08 40.26 41.59 41.18 40.36 41.08 41.88 40.46
50 51.36 52.87 50.37 51.48 52.74 50.29 51.26 52.47 50.19
60 63.81 64.19 61.22 63.39 64.29 61.12 63.43 65.19 61.02

70 72.67 71.86 70.92 72.45 71.30 70.58 72.96 72.86 70.22
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