0 Vf :ﬁ- *fh 1’*‘ ‘? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 200400143

BT IE O R AE PR IR IS T 4 E ML B S i AR 5 18

MER ®REE JTBE BEE
T T AFHENREEEAFR  HM 310023
(txpdyt@163. com)

H E argBgER ZEZIRGEFOTR,."EH 0T ARG S 2N ,Iilxkt@%%“"“éﬁiib*/\ﬁ—}i
TR A RTE, PR mi}g&iﬂ’Iﬁ/f&*’%‘*ﬁ#]*ﬁ/&#(ﬁ%ﬁ'%kk BRI & WU Rl N S5 E - O Y e i
%%:BT~ﬂ’4%3k&ﬁﬁ§a'f!c‘/f'}*;éy\ﬁmiﬁﬁw19lsaﬁﬁﬁif%»iﬂi WMRASRFEREE, MRAXSERBRYSLER
BDAEEGTH XS BARKS EFRHRRFARNLET S ENMREFALZE . RST HLEERGERASBTFREE, REA
AEIREIHAFRER, KA —AA TR BB RF AR FRTEERCEM, G A RHHITHIE LR
PR N & &U&%Ff/mp“;‘?":}%,rﬁﬂﬁwi%hmﬂ%@{%i%éé#ﬁuéw17,Ejij@ﬁéﬁ%%%#ﬁﬁ%%wﬁ%#mt LA
TR R A TR LA R,

KBRS ERG;RESEF AT N BN BAN T &

FEZESEES TP391.41

Hyperspectral Image Denoising Based on Nonconvex Low Rank Matrix Approximation and Total
Variation Regularization

TAO Xing-peng, XU Hong-hui,ZHENG Jian-wei and CHEN Wan-jun

School of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China

Abstract Hyperspectral images (HSIs) are often interfered by hybrid noise in the acquisition process,which seriously weakens
the performance of subsequent applications of HSIs. In this paper,nonconvex regularizer is used to reconstruct the approximation
problem instead of the traditional nuclear norm, which guarantees a tighter approximation of the original sparsity constrained rank
function. Then a hybrid noise removal model integrating nonconvex surrogate function, total variation regularization and [,
norms together into a unified framework is proposed. The proposed algorithm aims to decompose the degraded HSIs into low
rank components and sparse terms in the matrix mode,and uses total variation regularization to maintain edge information and
improve the spatial piecewise smoothness of the HSIs. Finally, using the special properties of nonconvex surrogate function, an
iterative algorithm based on augmented Lagrangian multiplier method is used for optimization. Extensive experiments on several
well-known datasets are conducted for model evaluation,and the results show that the proposed algorithm can not only effectively
remove hybrid noise,but also can better maintain the structure and details of the images. Compared with other existing hyper-
spectral denoising methods,the visual effects and quantitative evaluation results of the proposed algorithm are significantly bet-
ter.

Keywords Hyperspectral image, Hybrid noise, Total variation, Nonconvex regularizer, Augmented lagrangian multipliers
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Fig. 3 Samples of hyperspectral data used in experiments
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Fig. 4 Visualization comparison of denoising effects in experiment 1
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Table 1 Numerical results in experiment 1
Algorithm MPSNR MSSIM
LLRGTV 22.1962 0.8234

LRMR 22.6255 0.6467
LRTDTV 18.3001 0.3745
NAILRMA 21.6730 0.6670
NonLRMA-TV 23.6712 0.8407
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PSNR and SSIM values under different bands in experiment 1
HE 4 AT, 7E TG B 2 45 1, LRMR, LRTDTV I
NAILRMR () & #4 Q4 A M S 5k & . Ko LRTDTV i 8
T BRI G N A A B A UL e
R TR E AR R 45 R, LRI T Z MRy S
SUEUE R . 1 FTEI Y TE 90 45 5 A B ) R 96 E T BT
# NonLRMA-TV £ %l iy 4 # ¥4 , H; MPSNR & fl MSSIM
WA TFHEA 4 XL, B 5 &, NonLRMA-TV
BARTEA B9 By b A9 PSNR { F1 SSIM i 43 5% T LRMR
M GTV, (0 H A A R R HE T B A%
ST 2. 48 22 {H R 0. 075 MY I RS R 4 LR 0. 15
f) Jhk v =S 38R 19 Indian Pines K& 1B E . K 6 flF 2 4
SR T A S5 1 v A X e R BE AN R . W T AT

Fig. 5

AP BT 19 PSNR {4 Al SSIM 1 .
2 S 2 e B TR A5 R

Table 2 Numerical results in experiment 2

Algorithm MPSNR MSSIM
LLRGTV 26.4097 0.9034
LRMR 31.1906 0.9488
LRTDTV 27.9018 0.8394
NAILRMA 30.8610 0.9034
NonLRMA-TV 31.5576 0.9765
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Fig. 6 Visualization comparison of denoising effects in experiment 2
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PSNR and SSIM values under different bands in experiment 2
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Fig. 8 Visualization comparison of denoising effects in experiment 3
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Table 3 Numerical results in experiment 3
Algorithm MPSNR MSSIM
LLRGTV 25.8526 0.8333

LRMR 25.8350 0.7244
LRTDTV 21.6197 0.5262
NAILRMA 26.1389 0.7666
NonLRMA-TV 26.8623 0.9075
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Fig. 9  PSNR and SSIM results under different bands in

experiment 3
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Fig. 10 Visualization comparison of denoising effects in experiment 4
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Table 4 Numerical results of experiment 4

Algorithm MPSNR MSSIM
LLRGTV 26.3301 0.8933
LRMR 28.0150 0.9201
LRTDTV 26.3849 0.8687
NAILRMA 27.4783 0.8975
NonLRMA-TV 29. 1495 0.9605
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Fig. 11 PSNR and SSIM results under different bands in

experiment 4
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