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Abstract: Hyperspectral images carry abundant spectral information and the spatial information which can be
used to identify the objects on the land, so they have a great use in many areas. However, the hyperspectral images
are often affected by the noise in the obtaining process, which is not conducive to the subsequent application.
Therefore, noise removal is a very necessary step in the processing of hyperspectral image. The clean
hyperspectral image data matrix is low rank. Combining with low rank matrix decomposition theory, based on the
traditional singular value threshold method, a method of adaptive noise reduction based on block is proposed.
Experimental results show that the computing speed of this method is fast, and can effectively remove missing
values caused by the deadline noise and Gaussian noise, the results which are compared with Godec algorithm in
average peak signal to noise ratio (MPSNR) and mean structure similarity (MSSIM) are better.
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Fig.2 Comparison of the denoising effect of hyperspectral data 1 when noise variance is 10
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Table 1 Comparison of the denoising results of hyperspectral data 1

W 75 72
Sigma=5 Sigma=10 Sigma=15 Sigma=20 Sigma=25
MPSNR(db)5 MSSIM
MPSNR_N 23.3624 22.1339 20.2163 18.0845 16.0288
MPSNR_G 30.7899 28.7557 29.5566 25.5467 27.3688
MPSNR_C 35.3509 32.0386 29.6633 27.1197 24.9370
MSSIM_N 0.8856 0.7648 0.6288 0.5051 0.4011
MSSIM_G 0.9644 0.9279 0.9253 0.8519 0.8585
MSSIM_C 0.9747 0.9374 0.9040 0.8458 0.7818
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Fig.3 Comparison of the denoising effect of hyperspectral data 2 when noise variance is 10

R2 BREEIREIRLERFTLL
Table 2 Comparison of the denoising results of hyperspectral data 2

W 75 75

MPSNR(db)5 MSS Sigma=5 Sigma=10 Sigma=15 Sigma=20 Sigma=25
MPSNR_N 22.7781 21.6864 19.9233 17.9028 15.9147
MPSNR_G 19.7836 22.1251 20.7930 23.2832 22.6989
MPSNR_C 34.6319 31.4785 28.9512 26.2908 24.0191
MSSIM_N 0.8975 0.7905 0.6662 0.5510 0.4513
MSSIM_G 0.8970 0.9095 0.8795 0.8876 0.8547
MSSIM_C 0.9779 0.9442 0.9085 0.8486 0.7822
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Fig.4 Comparison of the denoising effect of hyperspectral data 3 when noise variance is 10
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Table 3 Comparison of the denoising results of hyperspectral data 3

R Sigma=5 Sigma=10 Sigma=15 Sigma=20 Sigma=25
MPSNR(db)5 MSSIM

MPSNR_N 21.0267 20.2759 18.9514 17.2796 15.5253
MPSNR_G 28.4748 26.5922 26.6739 25.4145 15.4127
MPSNR_C 345514 31.2994 28.9309 26.5186 24.4325
MSSIM_N 0.8547 0.7380 0.6034 0.4825 0.3833

MSSIM_G 0.9354 0.8773 0.8615 0.8077 0.4661

MSSIM_C 0.9672 0.9267 0.8884 0.8263 0.7580
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